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Abstract. With the rapid development of surveillance technology, there
are often several cameras in one scenario. The multi-camera usage to per-
form gait recognition becomes a challenge problem. This paper
studies multi-camera gait recognition via structure sparsity. For the multi-
camera structure in the training set, we propose a structure sparsity al-
gorithm to learn informative and discriminative sparse representations;
and for the structure in the testing set, we develop a new classification
criteria based on the reconstruction error of learned sparse representa-
tions. In addition, we learn a dictionary from the original gait data to
further improve recognition accuracy meanwhile reduce computational
cost. Experimental results show that the proposed method can efficiently
deal with the multi-camera gait recognition problem and outperforms the
state-of-the-art sparse representation methods.

Keywords: multi-camera gait recognition, structure sparsity, sparse
representation.

1 Introduction

Gait recognition resorts to the walking pattern of humans to perform identity
classification [1]. It is the process of classifying an individual at a distance.
Since it does not require user cooperation, it favors a growing number of re-
searchers. Generally speaking, gait recognition can be divided into two cate-
gories: model-based approaches and appearance-based approaches. Model-based
approaches[2][3] apply line, pendulum or 3D model to model the static struc-
ture or dynamic movements of human body, and use the model parameters as
features. Appearance-based approaches[1]-[6] mainly make use of the silhouette
information of human body.

Recently, multi-view gait recognition and compressed sensing based gait recog-
nition have drawn much attention. In [8][9][20], a view transformation model
(VTM) was used to transform gait feature from one view (source) into another
(target). Zheng et al.[19] applied the low-rank structure of gait to perform ro-
bust view transformation. Based on sparse representation classification (SRC)
[10][12], Yang et al.[14] extracted averaged boundary by the Canny operator as
gait feature, and then performed classification via sparse representation. Exper-
imental results on the USF gait database showed that sparse representation can
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improve the recognition accuracy. Gong et al.[15] made use of gait energy image
(GEI) as gait feature and defined a new distance metric to choose non-polluted
area.

With the rapid development of the surveillance technology, there are often
several cameras in one scenario. A major challenge in this scenario is that how
to use the structure information in both training and testing sets. To the best
of our knowledge, there seems few work to discuses this topic. Inspired by L21-
norm based group sparsity [16][18], we discuss multi-camera gait recognition
via structure sparsity. For the group structure of a training set, we add more
prior information to gait recognition and develop an efficient structure sparsity
algorithm; and for the prior information of the testing set(views), we propose a
new classification scheme based on the reconstruction error. In addition, when
using sparse representation for gait recognition, one faces high computation and
many zero elements in the gait images. To deal with these two problems, we
learn a dictionary for our proposed structure sparsity method, which is proved
to be efficient. Fig 1 shows an illustration of our method as compared with other
sparse methods.

(a) (b) (c)

Fig. 1. Different frameworks for sparse representation based gait recognition. (a) The
SRC framework introduced in [10][12]; (b) the L21 framework used in [16][18] that only
considers the structure of testing data ; (c) the proposed framework that considers the
structural information of both training and testing sets. In the straining set, we assume
that gait images belonging to one person are in the same group; and in the testing set,
we assume gait images from multiple cameras are in the same group.

Compared with SRC and L21-norm based methods in Fig. 1, the main con-
tributions of our work are two-fold:

1) A novel structure sparsity framework is developed to solve the multi-camera
gait recognition problem along with an efficient optimization algorithm.

2) A novel classification criteria is proposed to identify the samples with the
same class characteristics through the sum of their reconstruction errors.
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The rest of this paper is organized as follows. In section 2, we detail our proposed
method. In section 3, the proposed approach is validated by conducting a series of
experiments on the well-known CASIA gait dataset, along with the comparison
with other sparse techniques. We summarize this paper in Section 4.

2 The Proposed Structure Sparsity Method

In this section, we will give the details of the proposed structure sparsity method.
Also a Lagrange multiplier algorithm is used to solve the optimization problem.

2.1 Considering the Structure of the Training Set

We know the training set for the SRC framework is generally redundant, and
this means that many samples are of the same characteristics such as the same
class label. Once we solve the sparse vector, we can take these samples as a
group. Specifically, in the SRC framework, one minimizes the L1-norm of sparse
vector. Here we apply L2,1-norm to model the group structure.

Suppose the training set X =
[
X1, X2, . . . , Xc

] ∈ R
m∗n and X i =[

xi
1, x

i
2, . . . , x

i
ni

] ∈ R
m∗ni , where X i is the set of the ith class; n, ni and m

are the total number of training samples, the total number of the ith class, and
the feature dimension respectively. Hence n =

∑c
i=1 ni. For a test sample y, we

solve the following optimization problem:

min
β

∑c

i=1
φ(‖ βi ‖2) s.t. y = X ∗ β (1)

where φ(x) =
√
ε+ x2 and β satisfies:

β =
[
β1, β2, . . . , βc

] ∈ R
n∗1 (2)

where βi =
[
βi
1, β

i
2, . . . , β

i
ni

] ∈ R
ni∗1. We let all the elements of βi be the same.

In structure sparsity,
∑c

i=1 ‖ βi ‖2 is also called L2,1-norm [16][18] which
can result in less nonzero elements entering the class and thus suppressing their
contributions to the reconstruction error.

2.2 Considering the Structure of the Testing Set

For the testing data with similar characteristics such as the same class label, we
consider all of input testing samples and present a novel classification criteria
instead of solving the sparse matrix. A simple idea is to sum the reconstruction
error of samples which has the same characteristics such as same class label.
Then we will classify all these test samples to the class which have the minimum
sum of reconstruction errors. The method is formulated as follows.

For the test samples with the same characteristics such as the same class
labelY i ∈ {yi1, yi2, . . . , yiki

}, where ki is the total number of test samples of the

ith class. We calculate the reconstruction error of each test sample:
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ri(y
i
k) =‖ yik −Xi ∗ βi

k(i) ‖2 (3)

where βi
k(i) is the sparse coding vector associated with yik. The sum of the

reconstruction errors of class i is:

ri(Y
i) =

∑ki

k=1
ri(y

i
k) (4)

And we will give the class label of the samples based on:

identify(Y i) = arg min
i

ri(Y
i) (5)

It is worth emphasizing that we can give a low weight when summing the recon-
struction error when the testing data is corrupted, thus increasing the credibility
of gait recognition .

2.3 An Efficient Algorithm for the Proposed Structure Sparsity

Since the proposed structure sparsity problem in (1) is difficult to be directly
optimized, we develop an efficient algorithm to solve it. Fortunately, we can
resort to the half-quadratic optimization in [18] by introducing a relaxation ε.
According to [18][17], we have the following Lemma.

Lemma 1. Let φ(.) =
√
ε+ ‖βi‖22, there exists a dual potential function ϕ(.),

such that
φ(
∥
∥βi

∥
∥
2
) = min

p

{
p
∥
∥βi

∥
∥2
2
+ ϕ(p)

}

where p is determined by a minimizer function with respect to φ(.).

Based on Lemma 1, we have the augmented objective of (1) with respect to β
and p,

min
β,p

∑c

i=1
(pi ‖ βi ‖22 +ϕ(pi)) s.t. y = X ∗ β (6)

Then we can alternately minimize the above problem as,

pt = δ(‖ βi ‖2)
βt = argminβ

∑c
i=1 p

t
i ‖ βi ‖22 s.t. y = X ∗ β

where the minimizer function δ(x) = 1/
√
ε+ x2 [18].

By using the Lagrange multiplier method, we can simplify the second problem
by alternately solving,

L(β) = βTPβ − λ(Xβ − y) (7)

where P is a diagonal matrix with the jth diagonal element Pjj = 1/
√
ε+ ‖βi‖22

(xj belongs to the i-th class). Taking the derivative of β and setting the derivative
to zero, we obtain:

∂L(β)/∂(β) = Pβ −XTλ = 0 (8)
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Left multiplying the two sides of Eq.(7) by XP−1 and using the equality con-
traint Xβ = y, we have:

λT = (XP−1XT )−1 ∗ y (9)

Substitute Eq. (8) into Eq. (7), we have:

β = P−1XT (XP−1XT )−1y (10)

Now the β is the sparse vector βi
k corresponding to the testing sample yik.

We can use the following iterative algorithm to solve the final β, and it is
noteworthy that the elements of β satisfy the condition in Section 2.1.

Data : A ∈ R
m∗n , y ∈ R

m∗1

Result : β ∈ R
n∗1

Set t = 0, initialize P as an identity matrix
Repeat
Calculate β = P−1AT (AP−1AT )y.

Calculate the diagonal matrix P , Pjj =
1

‖βi‖2
, ∀∑i−1

i=1(ni) < j ≤ ∑i
i=1(ni).

t = t+ 1.
Until converges.

2.4 A Learned Dictionary for the Proposed Structure Sparsity

When using the proposed structure sparsity for gait recognition, it takes a high
computational cost because of the high dimensions of gait images. And this
becomes harder when the gait matrix is irreversible. So it is essential for us to
learn an efficient dictionary for gait recognition.

The easiest way to remove the nonessential elements is linear dimensionality
reduction [7][13][17]. We will learn a PCA dictionary which use PCA to reduce
the dimensions of the training data and testing data. The principal components
of PCA are widely used as eigenface, and it means the principal components
can reconstruct the human face well. The proposed structure sparsity is also a
process of reconstruction for the testing data,thus the PCA method is suitable
for our problem. In contrast, we also give the usually used LDA dictionary and
L21 − norm dictionary, where the L21 − norm introduced in[16] is used to learn
a subspace for comparison.

3 Experiments

In this section, we use the proposed structure sparsity for multi-camera gait
recognition on the CASIA gait database. For the dataset, there are 124 individ-
uals walking in three ways, .i.e., walking normally(nm), walking with a bag(bg)
and walking with a coat(cl). And there are up to 6 nm sequences, 2 bg sequences
and 2 cl sequences with eleven viewpoints of each person. Each sequence contains
some cycle of gait images, and we will use the GEI template[4] to do experiments
because it saves both storage space and computation time for recognition and is
less sensitive to silhouette noise in individual frames.
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3.1 The Proposed Structure Sparsity for Multi-view Gait
Recognition

In the experiments, we randomly choose 100 subjects as the training set with
each subject containing 4 sequence of nm images with 11 viewpoints, thus we
have 4400 samples for the training set. For the testing set we choose the other
six sequences with 11 viewpoints, .i.e., two nm sequences, two bg sequences and
two cl sequences of the same subjects.

The main reason of such experimental setting is due to the multi-camera gait
recognition problem. Besides, in real applications, we only collect videos that the
trainers walk normally without wearing coat or bag. Although it greatly increases
the difficulty of identification when we set bg and cl as the testing set, they are
the case we often face. It is also worth mentioning that we often get many views
of the same person through different cameras in practical application. Thus
the assumption that we take all the 11 viewpoints of a person as a group is
reasonable, or at least we take few views of a person as a group. And for the
training data, every person has 11 viewpoints, and each viewpoint has 4 nm GEI
images. We take the 4 GEI images of the same viewpoint as a structure. Using
the PCA dictionary, we have the following experimental results.

We compare our method with the other two methods which use the sparse
theory on multi-camera gait recognition. And the nearest neighbor (NN) algo-
rithm is used as baseline. The former two methods are SRC introduced by John
Wright[10] and group sparsity proposed in [16] for classification. The results are
the average classification accuracy of the sequences of nm, bg and cl.

Table 1. The proposed structure sparsity for multi-view gait recognition

Test data NN SRC group sparsity proposed

walking normally(nm) 99.68% 99.78% 100.00% 100.00%
walking with a bag(bg) 49.82% 62.82% 81.00% 88.50%
walking with a coat(cl) 17.05% 37.46% 43.00% 59.50%

Table 1 lists the comparison among four methods. For the group sparsity
method, we still use the reconstruction error for the classification of the testing
samples and it considers the structure of testing data only. We can see the
proposed structure sparsity method gains the highest recognition rate for multi-
view gait recognition. It is no wonder the proposed method outperforms the
other ones because of more prior information considered.

In table 2, ’proposed1’ represents the proposed structure sparsity which con-
siders the structure of the training set only and ’proposed2’ with the considera-
tion of testing data only. For the ’proposed1’ method, we add prior knowledge of
training data, and thus it performs better for granted than SRC overall. For the
comparison of the proposed2 to group sparsity, maybe the classification criteria
is more suitable here for multi-view gait recognition. It is worth emphasizing that
the proposed method again obtains the best result for multi-view gait recognition
here.
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Table 2. A comparison by taking the structure sparsity into two parts

Test data SRC proposed1 group sparsity proposed2 proposed

walking normally(nm) 99.78% 99.68% 100.00% 100.00% 100.00%
walking with a bag(bg) 62.82% 63.14% 81.00% 85.50% 88.50%
walking with a coat(cl) 37.46% 42.96% 43.00% 55.00% 59.50%

3.2 A Comparison of the Dictionary Learning

Here we compare the PCA method and the LDA method, which are widely used
in sparse representation. The dimension of PCA is 200(the original is 3600) and
it is selected based on the accumulation of the eigenvalue of cov(X). A dimension
of 200 can highly reduce the computational complexity and remove noise of the
GEI images. And one more method in[16] is used for dictionary learning. In
the work of [16], the proposed method for feature selection is robust. The three
dictionary learning methods are tested using both the baseline NN algorithm
and SRC algorithm.

Table 3. A comparison of the dictionary learning on NN and SRC algorithm

Test data PCA+NN LDA+NN L21+NN PCA+SRC LDA+SRC L21+SRC

nm 99.68% 99.73% 98.00% 99.78% 99.78% 99.56%
bg 49.82% 55.39% 65.23% 62.82% 51.91% 52.96%
cl 17.05% 22.68% 45.41% 37.46% 20.50% 35.32%

From the left of Table 3, we can observe that PCA+NN is worse than the other
two methods. When the nearest neighbor classifier is used, a supervised learning
method may be better than a unsupervised one. This is because supervised
methods make use of discriminative information to learn a subspace. However, it
is interesting to observe from the right of Table 3 that PCA+SRC always achieves
the highest recognition rates, just as the analysis we explain in subsection 2.4.
And here the testing data conclude bg sequences and cl sequences which mean
a big damage for the training data, so the supervised methods may not perform
well as they used to be. In summary, the PCA method is suitable for sparse
representation based gait recognition.

4 Conclusion

In this work, we have developed a structure sparsity method for multi-camera
gait recognition, which combines prior information from both testing data and
training data. For the training data, we assumed that training datum with same
characteristics belong to a group. And for the testing data, we proposed a new
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classification criteria in which all the test samples with the same characteristics
are assumed to be the class corresponding to the minimum sum of reconstruction
errors. We also learned an effective dictionary for the proposed structure sparsity
method. Experimental results show that our method can efficiently deal with the
multi-camera gait recognition problem.
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