Neurocomputing 151 (2015) 1500-1506

journal homepage: www.elsevier.com/locate/neucom

Contents lists available at ScienceDirect

NEUROCOMPUTING

Neurocomputing

NEUROCOMPUTING
LETTERS

Embedding metric learning into set-based face recognition
for video surveillance

@ CrossMark

Guijin Wang **, Fei Zheng?, Chenbo Shi?, Jing-Hao Xue °, Chunxiao Liu?, Li He?

2 Department of Electronic Engineering, Tsinghua University, Beijing 100084, China
b Department of Statistical Science, University College London, London WCIE 6BT, UK

ARTICLE INFO

Article history:

Received 1 April 2014

Received in revised form

27 August 2014

Accepted 11 October 2014
Communicated by J. Zhang
Available online 23 October 2014

Keywords:

Face recognition
Distance metric learning
Set-based matching
Intelligent surveillance

ABSTRACT

Face recognition in video surveillance is a challenging task, largely due to the difficulty in matching
images across cameras of distinct viewpoints and illuminations. To overcome this difficulty, this paper
proposes a novel method which embeds distance metric learning into set-based image matching. First
we use sets of face images, rather than individual images, as the input for recognition, since in
surveillance systems the former is a more natural way. We model each image set using a convex-hull
space spanned by its member images and measure the dissimilarity of two sets using the distance
between the closest points of their corresponding convex hull spaces. Then we propose a set-based
distance metric learning scheme to learn a feature-space mapping to a discriminative subspace. Finally
we project image sets into the learned subspace and achieve face recognition by comparing the
projected sets. In this way, we can adapt the variation in viewpoints and illuminations across cameras in
order to improve face recognition in video surveillance. Experiments on the public Honda/UCSD and
ChokePoint databases demonstrate the superior performance of our method to the state-of-the-art

approaches.

© 2014 Elsevier B.V. All rights reserved.

1. Introduction

Because of the strong demand for public security in recent years,
camera networks of intelligent surveillance have been distributed
all over the world. Many new issues are raised [19,20]. As one of the
key technologies of intelligent surveillance, face recognition in
surveillance has attracted growing interests [1-5].

In video surveillance we often need to compare face images
from different cameras. For example, given a video that records a
subject walking through a camera's view, we are often required to
retrieve the subject from the videos captured by other cameras in
a relevant camera network. However, due to the variation in the
environments (e.g. viewpoints and illuminations) of the cameras,
the appearances of a subject that captured by different cameras
are quite different, making face recognition a challenging task.

On the other hand, many researches have shown that although
single-image-based face recognition algorithms can perform well on
controlled environments, their performances decrease dramatically in
surveillance contexts [6]. This phenomenon has motivated the devel-
opment of algorithms that make use of sets of images, rather than only
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individual images, that are provided by videos, to compensate for the
poor viewing conditions [7]. Indeed recent development in set-based
recognition has shown its excellent promise [2,5].

Although set-based methods are more promising than single-
image-based methods, they also face challenges when image sets
are captured by different cameras. One big challenge is the fact
that, due to the large variation in viewpoints and illuminations,
the similarity of image sets of the same subject becomes low and
sometimes even lower than the similarity between sets of differ-
ent subjects. This largely increases the misclassification errors. To
overcome this challenge, a natural solution is to learn a mapping
which increases the similarity of the sets of the same subject from
different cameras while reducing the similarity between the sets
of different subjects. However, most of such learning schemes are
based on individual images.

In this paper, we propose a novel distance metric learning
scheme based on image sets. Our novelty and contribution is
threefold. First, our scheme aims to learn a feature-space mapping
to adapt the variation in viewpoints and illuminations between
cameras. The learning procedure is an extension of the large
margin nearest neighbor (LMNN) [8] to image sets (LMNN was
based on individual images). Secondly, although we adopt the
convex hull model of [2] to represent an image set, our scheme is
different from the CHISD method of [2] in that we use the learned
feature-space mapping to project all face sets into a discriminative
feature subspace for face recognition. Compared with the original
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feature space, this subspace is designed to make the distances
between sets of the same subject shorter and the distances
between sets of different subjects longer. Thirdly, we shall use
various real datasets to illustrate that, for video surveillance, face
recognition using the learned feature subspace is better than that
using the original feature space.

2. Related work

There are two main elements in set-based face recognition:
(1) the model to represent the image sets, and (2) the distance to
measure the similarity between sets. Existing set-based methods
have different emphases on these two elements.

Some methods focus on one of the elements. For example, Chen
et al. [3] focus on the representation model, utilizing the mean
feature of a set to represent set; Stallkamp et al. [1] focus on the
distance measures, manually designing three metrics that weight
the distances of images between sets.

In contrast, many researches tried to combine the two elements
together. Yamaguchi et al. [9] proposed a mutual subspace-based
method, which uses linear subspaces to model image sets and
measures the similarity between subspaces with canonical angles.
Fukui et al. [10] further developed this method by projecting faces
into a constraint subspace. Cevikalp and Triggs [2] claimed that
models based on the affine or convex hull subspaces were more
discriminative than those based on linear subspaces. In their
method, the affine or convex hull is used to model image sets
and a geometric closest distance is incorporated. Hu et al. [5]
extended this approach by embedding sparsity into the affine hull
model. Methods using nonlinear approximations of face appear-
ances, typically with locally linear and globally nonlinear models,
were also developed [4].

The methods above applied the set model to the original
feature space. All the dimensions of feature were equality
weighted when computing the similarity between sets, which
may not be suitable when sets were collected under different
conditions [11]. To tackle this problem, researchers embedded
distance metric learning into set matching to explore the discri-
minative directions in the feature space. Lu et al. [12] explored
multiple order statistics as features of image sets and proposed a
localized multi-kernel learning scheme, which involved various
order statistics information. Mian et al. [13] first added constrains
of self-regularization and non-negativity into affine hull sub-
spaces, and then adopted LMNN [8] to learn a Mahalanobis
distance by using the nearest points between a query set and all
the gallery sets. It needs to learn a distance metric only for
recognizing this query set, which increases the computation costs
of recognition. Based on the individual feature points, the training
methods in [12,13] still optimized the distance metric between
two points. To optimize the distance metric between two sets, Wu
et al. [11] learned a feature space projection based on discrimina-
tive ranking, to enhance the discrimination between sets of
different subjects. In the same spirit with Wu et al. [11] to learn
a discriminative mapping but using different techniques, we
propose a novel subspace-learning scheme based on distance
metric learning, which is easier to implement and also effective.

3. The proposed method

The framework of our proposed method is shown in Fig. 1. We
use a convex hull model to represent an image set and use the
closest distance between convex hull models to measure the
similarity between sets. In the training phase, we learn a set-
based discriminative subspace to adapt the variation across

cameras. In the recognition phase, face images are projected into
the learned subspace and the final identity of the probe set is
established by a nearest neighbor classifier.

3.1. Image set model

Denote an image set by X =[xy, ..., X,], Where Xx; € R4 represents
a d-dimensional feature vector of the ith face image in set X,
i=1,...,n, and n is the number of images in the set. The feature of
a face image can simply be the raw pixel values or the Local Binary
Pattern (LBP) [14] of the image.

As with [2], we utilize the convex hull H(X) to model image set X:

HX)= {x X= i a;X;

i=1

n
Zai_l,Osaisl}. (1)

i=1

Leta=[ay,...,a,]", (1) can be written in a compact form:

n
H(X):{x:x:XaZa,-:l,Osa,-sl}. 2)
i=1
The convex hull synthesizes new instances by using convex combi-
nations of the feature vectors in the set.
Given two sets X; and X, their distance can be defined as the
distance of the closest points between their convex hulls:

dX, X)) = X1 —Xo Il5. 3)

min
X1 € H(X;).Xy € H(X))
It follows that we can obtain this distance through a convex
optimization:

A a ) )
(@;,aj) = arg min||X;a; — X;a;|l3,
aa;

n; n
st. Y ag=1= 3 Ajie » 0 <ay, Ay = 1. “)
k=1 K =1

Then, the distance between X; and X; becomes

3.2. Learning of distance metric

In this section, we propose our learning scheme based on the
convex hull model. The basic concept of the learning scheme is
illustrated in Fig. 2.

Suppose the probe set P and an image set X; are from the same
subject that is different from the subject of another image set Xj.
In the original feature space, due to the large variation in view-
points and illustration, P may be further away from X; than from
X,, resulting in misclassification of P. Our aim is to learn a
projection matrix L, by which we can project the features into a
learned space where P can be correctly classified, as shown in
Fig. 2(b). More specifically, we want to ensure that the squared
distance between sets of different subjects is larger than the
squared distance between sets of the same subject plus one, such
that the recognition performance can be improved. This idea is
inspired by the work of [8], which was based on individual images.
Here we extend the idea to image sets as follows.

Let {(Xc, yc)}f=l denote a training collection of C labeled image
sets, where X, represents an image set and y. is the label of set X..
We want to learn a projection matrix L to compute the distance
between X; and X; in the projected space:
duX, Xp) = X e H(){gi)(lzle HOX,) IL(Xq —X2) ll2. (6)

For each set X; in the training collection {(Xc,yc)}g= 1, we define
“target neighbor” sets of X; as N(X;): if X; shares the same label
with X; (j # i), we write as X; € N(X;). We also define “imposter”
sets of X; as ImX;): if a set X¢N(X; (k#i) and
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Fig. 1. Diagram of the proposed method.
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Fig. 2. Illustration of the basic concept of the proposed learning scheme. Suppose image sets P and X; are from the same subject that is different from the subject of image
set X,. The scheme aims to make the distance between sets of different subjects (P and X;) larger than the distance between sets of the same subject (P and X;).

di(X,-,Xk) < maxy; EN(xi)di(Xi,Xj)-Fl, set X, is an “imposter” set of
X;, which is written as X e Im(X;).

Our objective is that, in the L-projected feature space with the
distance defined in (6), we should preserve as many “target
neighbor” sets of X; as possible in the nearest neighborhood of
X;, while at the same time we should remove as many “imposter”
sets as possible from the neighborhood. A loss function for this
objective can be formulated as

C
eW=1-H) Y ¥ dX.X)
i=1X;eNX)
C
+2Y Y |1+ max diX,X)—diX, Xp)|, (7)
i=1X; elImX;) Xj e N(X;)

where A€ (0,1) is a constant. The first term of (7) penalizes large
distances between sets and their “target neighbor” sets, and the
second term penalizes small distance between sets and their
“imposter” sets.

To minimize the loss function (7), we rewrite the square of (6)
as

dy(Xi. Xj) = 1 =%) MO —X5), )

min
X1 € H(X;).X; € H(X;

where matrix M=L'L is a positive semi-definite matrix, and
rewrite the loss function as a function of M:

C
eM=1-HY T dyX.X)
i=1X;eNX;)
C
+4Y Y |1+ max dyXi, X)) —dyXi, Xp) | 9)
i=1XelmX;) X;j e N(X;)

That is, we learn M through

arg min ¢(M), s.t. M=0. (10)
M

To solve (10) we design an iterative algorithm, as illustrated in
Table 1 and described as follows.

When M is fixed, we obtain dﬁ,,(xi,xj) by solving the following
convex optimization problem:

(@;,;) = arg min(X;a; — X;a) ' M(X;a; — X;a;),

a;.a;
n; nj
st Y axg=1= X ayp, O0<ap.ay<1. 11
k=1 K=1
That is, dZM(X,»,Xj) is obtained as
da(Xi. X)) = (Xid; — X;a) M(X;d; — X;a)). (12)
With all pairs of d,%,,(xi,xj) obtained, we can compute ¢(M) in (9).
To further update M, we compute the partial derivatives

od(Xi, X))
oM
and then the gradient

= (Xia; — X;a;)(Xia; — X;a;)" (13)

9e(M) ¢ ady(Xi. X;)
=(1-41 M
oM { ) i§1 X; EZN:(X,») oM
) i 0 maxy,  nx, du(Xi. X;) B ad2 (X, Xg)
i=1 X, e Im(X;) oM oM )

(14

When all pairs of dy(X;, X;), €(M) and de(M)/aM are computed, M
can be updated by M+soe(M)/oM, where s is a step-size initialized
with a sufficiently small value and updated by a backtracking
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method as with [8]. After M is updated, all pairs of dZM(X,-,Xj), e(M)
and oe(M)/oM are updated further. This iterative procedure con-
tinues until no further reduction in loss can be gained.

In the iterative procedure, we first compute the nearest
distance between each pair of two image sets with a fixed M.
Then, the gradient method is used to find the direction of the
steepest descent. This procedure finally converges. Fig. 3 shows
the loss function values e¢(M) over iterations in one of our
experiments on the public Honda/UCSD [15] dataset.

Once M is learned, we do eigendecomposition of M to obtain L:
first

M=AAAT, (15)

Table 1
The iterative algorithm for learning M.

Input: {(Xe,YI<_ 1, 4 s

Output: M
1 Initialize M =1, t=0
2 While t < maximum number of iterations
3 Compute all pairs of dy(X;,X;) by (11) and (12)
4 Compute (M) by (9) and de(M) by (14)
5 O¢ = e(M)
6 If t>1 and w < tolerance
t
7 Break
8 End if
9 Update M with M+sa;(l\l:ln)
10 Update s with a backtracking method
11 t=t+1
12 End while
x 10
4
3.5 E

25 B

1.5 + E

Loss Function Value
N

05 E

0 L L 1 L 1 L 1 1 L

0 20 40 60 80 100 120 140 160 180 200
lteration Number

Fig. 3. Illustration of convergence of our learning method.

where the columns of A are eigenvectors and A is a diagonal
matrix whose diagonals are the corresponding eigenvalues, then L
is obtained as

L=A'"2AT. (16)

In the recognition phase, we carry out the nearest neighbor
classification to identify the label of probe image sets. That is,
given a probe set P and gallery sets {(Gc,y.)}S_;, P will be labeled
by y; of the G; closest to P in the projected subspace: y; with
¢ =arg min. dp (P, G,).

4. Experiments

We evaluate our proposed method on two public databases of
faces, Honda/UCSD [15] and ChokePoint [16], and compare it with
some state-of-the-art set-based methods including CHISD [2] as
the baseline.

System parameters: There are two parameters we should con-
sider: the penalty factor A in (9) and the initial step-size s to
update M. We set the penalty factor A to 0.5 to balance the cost of
“target neighbor” sets and the cost of “imposter” sets. The initial
step-size s needs to be a sufficiently small value for convergence;
we set it to 10~°. Parameters are set without further tuning. In
addition, we set the maximum iteration number of each learning
process to 100.

4.1. Experiments on the Honda/UCSD dataset

The Honda/UCSD database is a widely used database on video-
based face recognition. It consists of 59 video sequences, involving
20 individuals. The length of each video sequence varies from 13 to
782. Each sequence contains large pose variations and moderate
expression variations. We used the version from [17], which had
the faces detected by [18] and resized to gray-scale images of size
20 x 20 with histograms equalized. As the images are of low
resolution and large pose variations, they are very similar to those
captured in video surveillance.

The methods termed AHISD [2], CHISD [2], SNAP [5], SBDRcyisp
[11] and SBDRsnap [11] have achieved the state-of-the-art results
on the Honda/UCSD database. We compared our method with
them. In addition, we compared the original LMNN training
scheme (termed LMNN+CHISD) with ours. In LMNN+CHISD, a
projection matrix was obtained by following the original LMNN
method and setting in [8]. Then, the projection matrix was utilized
to compute the distance between sets as we did in (6).

For a fair comparison, our experiments on the Honda/UCSD
database strictly followed the settings in [11]. The standard training/
test configuration was used: 20 sequences as gallery and the remain-
ing 39 sequences as probe. The raw pixel value vector was used as the
feature for each image. The strategy of [11] on constructing the
training collection {(Xc, yc)}f=1 and test sets were also followed: 50/
100 frames randomly sampled from each sequence to form a training
image set X;, and 50/100 frames from the remaining frames of the
sequence for testing. For those short sequences which do not have
enough frames, we sampled them as many as possible while making

Fig. 4. The training and test sets of a sequence. Each set contains 50 frames. Large pose variations in sets can be observed.
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the training and test sets balanced. An example of training and test
sets of a sequence is depicted in Fig. 4.

The results in Table 2 are the average recognition rates over 10
trials, such that the influence of random sampling can be largely
reduced.

Compared with the state-of-the-art set-based methods (AHISD,
CHISD and SNAP) that do not learn projection matrices, the
performance of our proposed method was better. In particular,
compared with the baseline method CHISD, our performance was
much superior, indicating the discriminative power of the feature
subspace learned by our method.

Compared with the original learning scheme of LMNN, our
method was more effective and achieved better performance.
Compared with the two SBDR methods which embed a
ranking-based learning scheme into set-based matching, we
achieved the best result when using 50 frames to construct a
set and the second best result when using 100 frames to
construct a set. It should be noticed that the performance of
computing SBDR in CHISD was lower than ours. Only the
performance of the method that computed SBDR in SNAP and
used 100 frames to constructed a set was slightly better than
ours. This is because SNAP not only uses hulls to match but also
uses the samples obtained to formulate a sparse representation
to help recognition. However, it needs a long observation to
make the sparse representation complete, which is not always
possible in real video surveillance due to the track loss in
tracking.

Table 2

Average recognition rate (%) on the Honda/UCSD dataset. The star indicates that the
results are slightly different from those in [11] because the random sampling
results may be different.

Methods 50 samples 100 samples
AHISD [2] 91.54 92.31
CHISD [2] 91.28 92.31
SANP [5] 91.03 92.31
SBDRcpisp [11] 96.41 95.73
SBDRsanp [11] 95.64 97.95
LMNN + CHISD 93.59 94.62
Our proposal 98.72 96.67

4.2. Experiments on the chokepoint dataset

The ChokePoint [16] database is designed for evaluating face
recognition algorithms under real-world surveillance conditions.
A subset of the video sequences (S1) from three cameras (C1, C2,
C3) in one portal (P1) in two directions (E and L) was used: P1E_S1_C1,
P1L_S1_C2 and P1L_S1_C3. Each sequences recorded 25 subjects
walking through a portal in turn, within about 30-60 frames for each
subject. If the directions (E and L) are different, the views of the
cameras are non-overlapping. Thus, the view of P1E_S1_C1 is different
from the views of P1L_S1_C2 and P1L_S1_C3. The face images are
detected and aligned by a commercial system in [16]. Samples of them
are shown in Fig. 5, from which we can observe apparent variation in
viewpoints and illuminations of different cameras.

For this database, we evaluated the performances of our
proposed method in dealing with the variation in viewpoints
and illuminations of different cameras. We used two sequences
from different cameras as gallery and probe, respectively. All
images of a subject in a sequence were used to construct an
image set of the subject. The face images were resized to 40 x 40.
We partitioned the resized image into non-overlapping blocks of
size 8 x 8 and extracted the LBP histograms from each block to
concatenate a long feature vector as the representation of
the image.

Because SBDR and SANP have not reported results for this
database, we just compared our method with the methods, AHISD
and CHISD, which are also the state-of-the-art set-based methods.
We also compared our method with LMNN+CHISD: train a
projection matrix by LMNN and used it to compute the distance
between sets.

To construct the training collection {(Xc,yc)}cc= 1, we ran-
domly selected 5 subjects’ sets from two cameras for training,
and the sets of the remaining 20 subjects were for testing. Two
experiments were performed: one used sequence P1E_S1_C1 as
gallery and P1L_S1_C2 as probe, and the other used P1E_S1_C1
as gallery and P1L_S1_C3 as probe. This setting is to ensure that
the views of gallery sequences and probe sequences are
different.

Fig. 6 shows the Cumulative-Matching-Curve (CMC) results of
the two experiments, each of them was the averaged results over
10 trails. The CMC represents the possibilities of finding the correct
match in top rank n matches.

Fig. 5. Sets from three sequences of one subject: C1 from P1E_S1_C1, C2 from P1L_S1_C2, and C3 from P1L_S1_C3.
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Fig. 6. Cumulative match curves (CMC) of face recognition rate for: (a) PIE_S1_C1 as gallery, P1L_S1_C2 as probe; and (b) P1E_S1_C1 as gallery, P1L_S1_C3 as probe.

Table 3
Computation time (seconds) on Chokepoint dataset.

Methods AHISD CHISD LMNN +CHISD Our approach
Training time NA NA 82.8 227.0
Testing time 0.0078 0.0109 0.0308 0.0310

If the variation in viewpoints and illuminations across cameras
was too large (see the result of P1E_S1_C1 as gallery and
P1L_S1_C3 as probe), the performances of the set-based methods
(AHISD and CHISD), that do not learn a feature-mapping between
cameras, were very low. In contrast to them, our proposed method
increased the recognition rate by about 20 percent for top ranked
test subjects, not only when the variation was little (P1E_S1_C1 as
gallery and P1L_S1_C2 as probe) but also when the variation was
large (P1E_S1_C1 as gallery and P1L_S1_C3). This demonstrated
the ability of the proposal method to adapt to the variation in
viewpoints and illuminations. Compared with LMNN + CHISD, our
method also achieved better performance. This indicates that the
original LMNN is not very effective when directly embedded into
set-based matching for the sets collected from different
conditions.

Computation time: In Table 3 we report the computation time of
different set-based methods on the Chokepoint dataset. For test-
ing, we report the time for matching one probe image set with one
gallery image set. The results were obtained by using Matlab in a
personal computer with a 3.4-GHz CPU and 8 GB RAM. It is noted
that the training time is only for our approach and the original
LMNN learning scheme. In our training, we need to solve
N(N—-1)/2 (N is the number of image sets used for training)
convex optimization problems in each iteration, leading to a high
computational complexity. When matching a probe set with a
gallery image set, our method takes more time than CHISD due to
the computation of transforming the features to the learned
subspace.

5. Conclusions

In this paper we have proposed a method embedding distance
metric learning into set-based face recognition for video surveil-
lance. The idea was motivated by the recognition difficulty due to
viewpoint and illumination variations across multiple cameras in
surveillance networks. Experiments on public databases showed
that the proposed method was superior to the state-of-the-art
methods in overcoming this difficulty. The method can be applied

to surveillance networks with fixed cameras; future work includes
making it more scalable across more complicated networks.
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