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Face recognition in real-world video surveillance needs to deal with a lot of challenges including low
resolution, illumination variations, pose changes, occlusions and so on. Among them, occlusions are dif-
ficult and have not attracted enough attentions. To address this problem, in this paper, we propose a

4M15/f(;5 robust discriminative nonnegative dictionary learning method for occluded face recognition, which esti-
41A10 mates the occlusions adaptively and selects the features robustly. Instead of modeling the reconstruction
65D05 errors using a specific distribution, we estimate occlusions adaptively according to the reconstruction
65D17 errors and learn different weights for different pixels during the iterative processing. To enhance discrim-

inant ability of the dictionary, we constrain the low-dimensional representations of samples from the
Keywords: same class to be as close as possible and select the discriminative features robustly via ¢, 1-norm. For
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the induced non-convex problem, we reformulate it into local convex optimization subproblem via utiliz-
ing the half-quadratic technique and propose new update rules. Extensive experiments are implemented
on four benchmark datasets, and the experimental results demonstrate the effectiveness and robustness
of the proposed method.

© 2017 Elsevier B.V. All rights reserved.

1. Introduction shown in Fig. 1. Occlusions impose two kinds of difficulties for the

face recognition system. First, the discriminative features are dis-

Face recognition is one of the most active research areas in
computer vision and achieves significant progress in recent years
with the rapid development of deep learning technique [42,43].
Nowadays, existing methods can achieve satisfied performances
in controlled conditions. However, in unconstrained environment,
such as video surveillance, face recognition is still unsatisfactory.
There are many challenges for the face recognition under the video
surveillance, for example, complex illumination, pose changes [6-
9], expression, low quality images and occlusions. Among them,
occlusions are regarded as the most common and difficult one.

Generally, occlusions [5] can be categorized into following
three types: accessories, self-occlusion, objects in front of faces, as
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torted and the intra-class variations are more large. Second, the
types of occlusions in practical scenarios are unpredictable and the
location, size and shape of the occlusions are unknown.

The intuitive idea for occluded face recognition is to detect the
occlusions and then to recognize it on the unoccluded part. Based
on this idea, [34] proposed to train a SVM classifier to detect the
occluded region and then use the unoccluded area to match the
gallery faces with the corresponding area. Similar works refer to
[12,13,14]. It is noted that the performance is severely dependent
on training samples. [26] proposed the skin color based mask to
detect occluded area. However, it is difficult to detect the occlu-
sions with the same color as faces utilizing skin color based mask.
For example, the hands might be the same color as faces.

In the past decades, researchers have proposed many meth-
ods to deal with occlusions, which can be categorized into
reconstruction-based method and local feature learning method.
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A
(c) self occlusion with non-front pose

Fig. 1. Some face samples with different occlusions from database TFWM. http://
www.thefacewemake.org.

The reconstruction-based method treats occluded face recognition
as a signal recovery problem, such as sparse representation based
classification (SRC) [48]. However, SRC fails to large contiguous oc-
clusions because the occlusions contain structure information. To
remedy it, many occlusion dictionary based learning methods have
been proposed. For example, [38] proposed structure constraints
based occlusion dictionary learning method to deal with occluded
face recognition. [3] proposed the extended SRC (ESRC) by utiliz-
ing the intra-class variation to construct the occlusion dictionary.
ESRC can handle certain types of occlusions. Recently, [25] pro-
posed kernel extended occlusions dictionary learning to improve
the efficiency. Similar works can be referred to [4,21,47,51,59]. The
common characteristic of those methods is to learn occlusions dic-
tionary based on the assumptions that both of the non-occluded
part and occluded part can be coded over the associated dictio-
nary separately. However, they can only deal with the occlusions
provided in the training stage and can not deal with unseen types
of occlusions.

Local feature learning approaches are another effective way for
occluded face recognition, which does not need the priors of occlu-
sions. Those methods aim to extract features from local areas, and
then use locally matching strategy to recognize the faces. A lot of
local feature-based methods have been proposed to solve the oc-
clusions problem in face recognition. For example, local subspace
learning [33,45], distance measurement learning [44], multi-task
sparse learning [31] and so on. Among them, nonnegative matrix
factorization (NMF)[29] is one of effective and promising ways,
which is consistent with the psychological intuition of combing
parts to form a whole. Learning parts-based representation based
on NMF provides a new way for robust face recognition under oc-
clusions, and many related methods have been proposed in this
direction, which will be reviewed in the next section. The existing
local features methods are effective for the occluded face recogni-
tion. However, they can not select the discriminative features and
few of them can tackle with outlier, which usually corresponding
to the occlusions in face recognition.

In this paper, we propose a robust discriminative nonnega-
tive dictionary learning method for occluded face recognition. To
deal with the unpredictable occlusions, we estimate the occlusions
adaptively according to the reconstruction errors. Instead of mod-
eling the reconstruction errors using a specific distribution, differ-
ent weights are learned for different pixels during the iterative

processing. To enhance discriminant ability of the dictionary, we
constrain the low-dimensional representations of samples from the
same class to be as close as possible and select the discriminative
features robustly via ¢, ;-norm. To solve the induced non-convex
problem, we utilize the half-quadratic optimization to formulate
it into local convex subproblems and propose new update rules.
Experimental results on four benchmark datasets demonstrate the
learned low-dimensional representations are more robust to occlu-
sions and large magnitude noises than that of the most existing
methods.
The main contributions are summarized as follows:

¢ occlusions can be adaptively estimated according to the recon-
struction errors without any priors for occlusions;

o the class mean regularization is proposed to enhance discrim-
inant ability of the dictionary and the ¢, ;-norm is utilized to
select the features;

o experimental results on benchmark datasets demonstrate effec-
tiveness of the proposed method.

The rest of paper is organized as follows. First, we review re-
lated works in Section 2. Then, we present the robust discrimina-
tive nonnegative dictionary learning (RDNDL) method in Section 3,
and followed by the algorithm in Section4. Finally, we show
the experimental results in Section5 and conclude this work in
Section 6.

2. Related works

In this section, we first present non-negative matrix factoriza-
tion (NMF) in Section 2.1, and then review the variants of NMF in
Section2.2. We denote matrix by uppercase letter X and denote
vector by lowercase letter with right arrow X. For matrix X, X; «
denotes the ith row and X: ; denotes the jth column, respectively.

2.1. Nonnegative matrix factorization (NMF)

Given nonnegative matrix X ¢ R7"*" whose columns are feature
vectors, NMF decomposes X into product of non-negative basis ma-
trix W e R and nonnegative coefficient matrix H € Ry", ie,
X~ WH. The objective function of NMF can be formulated as fol-
lows:

min | X —WH |z st. W=>0,H>0. (1)

Thus, the jth column feature vector X; can be approximated by
factorization X; ~ Wh;, where fi; is the jth vector of coefficient ma-
trix H. Usually, the projection subspace dimensionality r is lower
than that of original m-dimensional subspace, i.e., r < m.

2.2. NMF variants

The standard NMF has been successful in many applications,
however, it is unsupervised and is not suitable for classification.
Many variants of NMF has been proposed to improve the discrim-
inant and robustness.

Considering the local geometric structure of data, [1] proposed
a graph-regularized NMF (GNMF), in which the geometric structure
is described via k-NN graph. Under the graph embedding frame-
work, [49] proposed non-negative embedding (NGE). NGE pre-
serves the favorite similarities and unfavored similarities via intrin-
sic graph and penalty graph. Under the framework of patch align-
ment, [18] proposed a non-negative patch alignment (NPA). NPA
shows that intrinsical differences of various NMFs are the patches
that they build. More similar works can be referred to [23,39,52-
54]. All those methods obtain satisfied performances in real ap-
plications. However, it is difficult to construct a reliable graph for
noisy data, especially for occluded faces.
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To improve discriminant of the nonnegative basis, various dis-
criminative constraints on the nonnegative representation coeffi-
cients H have been imposed. Fox example, by imposing local spar-
sity constraints, local nonnegative matrix factorization (LNMF) ob-
tained a localized part-based dictionary [30], which demonstrates
that the local basis are more discriminative than that of NMF.
Combining linear discriminant analysis and NMF, [57] proposed
discriminative NMF, whose effectiveness is demonstrated in face
verification. Exploiting the local geometric structure and label in-
formation, [16] proposed a manifold regularization and margin
maximum NMF. Considering the multi-model distribution of data,
[17] proposed a subclass discriminant NMF inspired by the cluster-
ing based discriminant analysis. Recently, [58]| proposed a robust
discriminative nonnegative matrix factorization, which learns each
sub-class dictionary separately and constrains the cosine similarity
between atoms from different classes.

To remove the effect of outliers and enhance the robustness of
NMF, many robust NMFs have been proposed. For example, ¢; 1-
norm [24], ¢1-norm [15], earth mover’'s distance metric[40] and
correntropy induced metric [10] are utilized to measure the re-
construction errors, respectively. Compared to ¢;-norm measure,
those metrics achieve the better performance for outliers. How-
ever, the discriminant is not considered. Obviously, the occluded
face images can be regarded as the outliers. In this paper, we pro-
posed discriminative nonnegative dictionary learning method for
occluded face recognition through simultaneously considering the
reconstruction errors and the discriminant of features. Different
from [58], we estimate the occlusions adaptively and select the
features robustly via ¢, 1-norm.

3. The proposed method

In the section, we present the objective function of our method,
which includes class mean regularization term, robust feature se-
lection term and reconstruction error term.

3.1. Class mean regularization

Given nonnegative face images dataset with ¢ classes X =
XM, ..., X©O] eR™" and the corresponding label matrix Y =
[YD, ..., Y©] € {0, 1}", where each column X; in X is a face im-
age. We aim to seek discriminative nonnegative dictionary W e
R™T that satisfies X~WH, where H=[H®", ..., HO] e R}" are
the low-dimensional representations of X. As mention in the in-
troduction, the basic NMF is unsupervised and is not suitable for
classification.

For classification, the low-dimensional representations of sam-
ples in the same class should be as close as possible. Based on
this idea, we propose class mean regularization. For the jth class
samples XU), we denote the corresponding low-dimensional repre-
sentations as H() = [h(J) . h“)] where n; is the sample number
of the jth class and 21:1 n; =n. To enhance the discriminant of
low-dimensional representations, we encourage the representation
of each sample as close as possible to the associated class mean
below:

2

c . 1 nj .
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For each term in the equation (2), we can formulate it as following
using matrix trace,
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where L = diag{L',...,[°} e R"™" is a block diagonal matrix and
U=y b LJ e RY x”J The diagonal element in I/ equals to 1 — —j

while the non-diagonal element equals to ;nf
]

3.2. Robust features selection based on ¢, ;-norm

In classification, robust feature selection is very important for
the extraction of meaningful features and elimination of noisy
ones, especially for occluded face recognition because the face fea-
tures are often contaminated by occlusions. Recently, sparsity regu-
larization has been successful in dimensionality reduction, features
selection and face recognition [19,35,41]. Compared to ¢; norm,
£, 1 norm can select group features. Based on this, we use follow-
ing robust feature selection function,

IR"H =Y I + BlIRIl2.1. (5)

where B is the regularization parameter, R = [7],...,Tc] € R™*¢
is the regression coefficient matrix, the ¢, ;-norm regularization
term ||R||2.1 = Yi_; IRi|l2 is to ensure R sparse in rows.

3.3. CIM-based reconstruction errors measurement

For occluded face recognition, it is very important to estimate
the occlusions. Traditional ¢;-norm has nice mathematical prop-
erties, however, it is not the best choice for occluded face recog-
nition. Because the errors induced in the occluded faces is much
more complex and it is not suitable to model as a certain distribu-
tion.

Recently, the correntropy-induced metric (CIM) [32] has been
very successful in face recognition[20], feature extraction[2,56]
and non-negative matrix factorization[10]. The main idea is to
approximate the unknown distribution adaptively via an iterative
process. The formulation is defined as

CIM(.9) = 1k (0) — = > ky[xi] ~ 91l .
i=1

where {X,y} € R™ are the samples, and ky(-) is a kernel func-
tion [22, 55] In this paper we only consider Gaussian kernels, i.e.,
8o (%) = 51— exp(
ements with small errors, while small weights for the large errors
which often correspond to the corruption or occlusions.

. The CIM assigns large weights for the el-
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Utilizing the correntropy-induced metric to measure the re-
construction errors, we obtain the following reconstruction errors
term:

le%,igzoj(x’ WH), (6)
where 7 (X, WH) = ¥ ; {1 - g+ [X;j — WH);]}.

3.4. Objective function

Combining (4)-(6), we obtain the final objective function for
the proposed method as below:

minO = J(X,WH) + «|[R"H = Y|} + BIIRll2.1
+ATr(HLHT)
sStW>0H=>0 (7)

where «, B, A are regularization parameters which trade off differ-
ent parts of the objective function.

4. Optimization

It is very difficult to directly minimize the objective func-
tion(7) with presence of the non-convex term. Fortunately, the
half-quadratic technique[11] can deal with this problem efficiently
by introducing additional auxiliary variables. The main idea of half-
quadratic optimization is to reformulate the non-convex term as an
augmented objective function in an enlarged parameter space, then
finds the local optimum in the augmented parameter space by it-
erating between the auxiliary variables and optimized variables.

According to the half-quadratic optimization theory[36], we ob-
tain the following equation for the non-convex term:

ijERL

J(X,WH) = min :Zp,-j[x,-j - (WH),-j]2 +<p(Pij)}, (8)
ij

where P; is the associated auxiliary variables and ¢(.) is the con-
jugate function of g, (x).

Now, we can solve problem(7) by recursively optimizing one
with the others fixed.

Optimize P for given W, H and R. Given W and H, problem (7)
can be solved separately with respect to P;. Motivated by [50,56],
for E;j = X;; — (WH);;, the estimation of P; is given by:

Pj = gs (Xjj — WH);j), 9)

where 02 = 21 31, S [X; - (WH)ij]z.

Optimize W for given H, P and R. Given H and P, the prob-
lem(7) can be solved by optimizing each row of W separately as
follows,

m
LW.O) =" (X, — Wi H)A X — Wi, H) + Tr(@'W),

i=1

where A; = diag(P, ) € R™", © = [6;] € R™ is the Lagrange mul-
tipliers for the non-negative constraints W> 0. Setting the partial
derivatives of Ma(ka()) to zero and utilizing the KKT conditions

0, Wy, = 0, we can :get following equation for Wy,
(—2(XiAHT), + 2(Wi HAHT), + 63 )Wy = 0.
Therefore, the update rule for Wj, can be described below:

W W (XoP)HT),
ik = VVik (((WH) 5 Pi)HT)ik .

Optimize H for given W, R and P. In this case, the problem(7)

is equivalent to minimize following objective function:
n

LH. W) =) {s'B;s;} + AHLH" (11)
j=1

+Tr(WTH + (R"H - Y)(R'H - Y)T)
where  §j= (X, ;- WH, ;),B; = diag(P, j) e R™™, W =[yy;] €

R™M js the Lagrange multipliers for the non-negative constraints
H > 0. Setting the partial derivatives of“a(%’;_‘l’) to zero and utilizing

the KKT conditions 1 ;Hy; = 0, we can get following equation for
Hy;,
(-2(W'BiX, j), + 2(WTBWH., ), )Hi; + (1
+2A(HL)j)Hyj + 2a(R(RTH — Y)iHj =0 (12)
By separating L into two parts, i.e., L=L* - L, Li+j = (L] +
Lij)/2, L;j = (|L;j| = L;;)/2, and with some simple calculus, equa-
tion(12) leads to the update rule for Hy;:
(W' (X ©P) + AHL™ +aRY),
Hyj = H

, . 13
“(WT(WH © P) + AHL+ + aRRTH) o (13)

Optimize R for given W, H and P. Motivated by [35], the
derivative of objective function with respect to R is as follows:
a0

5= 20H(R"H —Y)T + BDR (14)

where D is a diagonal matrix with D; = % /R,zy*R{* + €. By setting

(14) to zero, we obtain the following updating rule for regression
coefficients R:

R= (HHT + ﬂD)_lHYT (15)
20

The whole algorithm is summarized in Algorithm 1.

Fig.2 shows the flowchart of the proposed method, which
contains training and testing stage. In training stage, we use
Algorithm 1 to learn discriminative dictionary W and regression
matrix R. In testing stage, the low-dimensional representation h;
of each test sample X; can be obtained on the learned dictionary
W, then the predicted class label is given via computing the max-
imum regression value with the regression matrix. The test algo-
rithm is summarized in Algorithm 2. Compared to the standard
NMF, the computational complexity of proposed method in each
step is O(mnr + r3) because the regression matrix is learned at the
same time.

Algorithm 1 Robust discriminative nonnegative dictionary learn-
ing (RDNDL).
Input:
The non-negative dataset X € RT>", label matrix Y, parameters «,
B, A, dimensionality r, iteration number nlter.
Output:
The non-negative dictionary W € RT*" and the classification coef-
ficients matrix R € R™<€.

1: Randomly initialize W, H and R.

2: for i =1 : nlter do
Update P by equation (9);
4 Update W by equation (10);
5. Update H by equation (13);
6

7

Update R by equation (15).
: end for
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Fig. 2. The flowchart of our proposed method.

Algorithm 2 Occluded face recognition based on RDNDL.

Input:

The non-negative discriminative dictionary W e R, test sample
X: € R, classification coefficient matrix R, the lteratlon number
nlter.

Output:
The predicted label of test sample
Xt.

1: Randomly initialize Ht.

2: for i= 1 : nlter do

3 Update P by equation (9);

4:  Update f; by equation fi; < Ht%%;

5: end for

6: Output X; label: | = argmax {RTht}

5. Experiments

In this section, we conduct experiments to evaluate the effec-
tiveness and robustness of the proposed method on CMU-PIE, ex-
tended Yale b, AR and Movie Trailer Face datasets. In Section5.1,
we present the datasets, and followed by the compared methods
in Section5.2. Then, we show the experimental results on CMU-
PIE and extended Yale b in Section5.3. Finally, we present the ex-
perimental results on the AR and Movie Trailer Face datasets in
Section 5.4.

5.1. Datasets

CMU-PIE There are 41,368 images under 68 persons with 13
different poses, 43 different illumination, and 4 different expres-
sion in the CMU-PIE dataset. In our experiment, we chose 42 im-

ages at pose 27 for each person at different illumination conditions
with resolution 32 x 32. There are 2856 images in all.

Extended Yale b This dataset contains 161,289 images from 38
persons under 9 poses and 64 different illuminations with reso-
lution 32 x 32. In our experiment, we select about 64 images with
the frontal pose under different illumination for each person. There
are 2414 images in all.

AR This dataset contains 4000 color frontal images taken from
126 subjects at two separate sessions with different occlusion
(sunglasses and scarf), illumination variation and facial expression.
In our experiment, we choose a subset containing 50 man and 50
women with 26 images for each subject. We have about 2600 im-
ages in all.

Movie trailer face dataset This face video dataset [37] con-
tains 101 movie trailers from YouTube in the 2010 release year
that contained celebrities present in the supplemented Public-
Fig+10 [28] dataset. In total, PubFig+10 consists of 34,522 images
and Movie Trailer Face Dataset has 4485 face tracks. We learn dic-
tionary on the PubFig+10 and then test on the Movie Trainler Face
Dataset. More details, please refer to [37].

To evaluate the robustness of the proposed method, we add
salt&pepper noises and random white block for CMU-PIE and ex-
tended Yale b dataset, respectively. For salt&pepper noises, the
noises level is varied from {5%, 10%, 20%, 30%, 40%, 50%}, and the
block size for the random block is varied from {6 x 6, 8 x 8, 10 x 10,
12 x 12, 14 x 14, 16 x 16}. Some samples are shown in Fig.3. Simi-
lar to [17], we randomly select half of the images from each person
for training, and keep the rest as testing samples.

5.2. Compared methods

We use PCA and NMF as the baselines, and compare with other
different nonnegative matrix factorization methods. The details are
shown as below:
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Fig. 3. Sample images are selected from the CMU-PIE, extended Yale b, and AR
datasets, respectively. The first four rows are selected from the CMU-PIE and ex-
tended Yale b, respectively. The original images are shown in the left-most column.
The upper row for each dataset shows the images corrupted by salt & pepper noises
with levels varying from (5%, 10%, 20%, 30%, 40%, 50%}. The lower row for each
dataset shows the images occluded by a random white block varying in size from
{6 x6, 8x8, 10x10, 12 x 12, 14 x 14, 16 x 16}. The last two rows are selected from
AR dataset.

o PCA [46]: unsupervised dimensionality reduction method

SRC [48]: Sparse representation based classification

e NMF [29]: unsupervised nonnegative dimensionality reduction
method

o GNMF|[1]: supervised nonnegative matrix factorization with

graph regularization

Ly1-NMF[27]: NMF combining with ¢, ;-loss function

CIM-NMF [10]: NMF combining with CIM error measurement

o NDLA[18]: NMF combining with local nonnegative discriminant
analysis

e our method: NMF combining with CIM error measurement,
class mean regularization and robust features selection.

The subspace dimension r ranges from {100, 150, 200, 250,
300}. For PCA, the nearest neighbor rule is used for classification.
For the other NMF-based methods, we adopt the algorithm pro-
posed in [40] to test. For GNMF, the neighbor size k is set to 5 and
A is set to 0.001 according to[1]. For NDLA, we set k; =k, =6,
A =0.0001 and utilize multiplicative updating rule by separating
the whole alignment matrix L into two parts according to[18]. For
our method, we set @ = A =0.001, 8 = 0.1 empirically for all the
experiments. The maximum iteration number nlter is set to 300
for both training and testing.

5.3. Experimental results on CMU-PIE and extended Yale b

We implement two kinds of experiments on the CMU-PIE and
extended Yale b datasets. For the first, the noise levels or the oc-
clusions sizes are fixed and the subspace dimensionality r is varied
from 100 to 300, while the other is to set the subspace dimension-
ality r = 200 and to change the noise levels or occlusions sizes.

Table 1
Recognition rates (%) with increase of subspace dimension r on CMU-
PIE dataset under fixed noises level. (Salt&Pepper noises level 40%).

Method Dimensionality

100 150 200 250 300 Avg.
PCA 66.25 66.58 7171 72.83  74.02 70.28
NMF 89.92 9139 9152 9258  91.95 9147
GNMF 91.53 91.95 89.71 90.97 9328 9149

Ly1-NMF 90.55 90.83  90.41 90.13 89.29  90.24
CIM-NMF 9566  96.22  97.97 98.11 99.23 9744

NDLA 91.60 91.53 91.57 90.62 91.32 91.33
ours 95.98 98.18 98.81 99.65 99.93 98.51
Table 2

Recognition rates (%) with increase of subspace dimension r on CMU-
PIE dataset under fixed occlusions size (occlusion size 10 x 10).

Method Dimensionality

100 150 200 250 300 Avg.
PCA 78.50  79.13 79.13 80.67  81.51 79.79
NMF 85.78 86.62 8494 8529 8459 8544
GNMF 8480 8620 85.57 8578 8648  85.77

Ly -NMF 8494 86.69 8564 86.27 8704 86.12
CIM-NMF 9644 9732 97.25 97.55 97.83 97.28

NDLA 8894 9090 9006 9111 9090 90.38
ours 97.14 9910 9912 9932 99.79 98.80
Table 3

Recognition rates (%) with increase of subspace dimension r on ex-
tended Yale b dataset under fixed noises level (Salt&Pepper noises

level 40%).
Method Dimensionality
100 150 200 250 300 Avg.
PCA 3164 3473 3798 39.65 3998 36.80
NMF 6778 7312 7412 75.21 75.63 7317
GNMF 69.03 7437 7516 7731 7642 7446

Ly1-NMF 7045 7421 7346 7730 76.04  74.29
CIM-NMF  67.78 70.70 7212 7313 76.79 7210

NDLA 6828 7379 7696 7680 7713 74.59
ours 71.09 7983 8172 86.75 8719 81.32
Table 4

Recognition rates (%) with increase of subspace dimension r on ex-
tended Yale b dataset under fixed occlusions size (occlusion size

10 x 10).
Method Dimensionality
100 150 200 250 300 Avg.
PCA 39.07 4424 4441 4499  45.08 43.56
NMF 65.53 68.78 7145 7154 71.67 69.80
GNMF 66.53  69.62 7212 69.12 70.03  69.48

Ly -NMF 6394 6770 71.78 71.50 71.73 69.33
CIM-NMF  69.28 7295 74.21 7629 7846 7424
NDLA 74.58 73.33 7417 77.92 77.50 75.50
ours 7554 8175 84.64 8475 8798 8293

The experimental results of the first group are shown at
from Tables 1-4. Obviously, the performances of all the methods
on the PIE dataset are better than those on the extended Yale
b dataset. This might be the illumination variations on the ex-
tended Yale b dataset is more complex than that of PIE dataset.
On the PIE dataset, the proposed method RDNDL obtains the best
performance, and the CIM-NMF gets the second best performance.
This demonstrates that the CIM-induced measurement is effective
for the occlusions and corruption. However, on the extended Yale
b dataset, the performances of CIM-NMF are worse than that of
NDLA, while the proposed method still achieves the best perfor-
mances. Those verifies the robust features selection used in our
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Fig. 4. Recognition rates of different methods on the CMU-PIE dataset with the oc-
clusion size varied from 6 x 6 to 16 x 16.

Recognition Rate (RR)

10 —ii —k

95 v
o 27
Q2
@©
X g5f
(=
o)
= 80 i
{
(o)
8 75 —6—rca .
o) —E— NMF
r 70 || =€ = GNMF

—pP— CIM-NMF
|| —©&—L21NMF
65 NDLA 1
—¥—our
60 1 1 1 1 1 1 1 1
5 10 15 20 25 30 35 40 45 50

Noise level

Fig. 5. Recognition rates of different methods on the CMU-PIE dataset with the
noise levels varied from 5% to 50%.

method can efficiently improve the recognition rates for the com-
plex illumination variations.

The second group experimental results are shown at from
Figs.4-7. From Figs.4 and 5, we can see that the performances
of the proposed method and CIM-NMF are better than that of the
others, even with increase of the noise level and the occlusion size
on the CMU-PIE. Compared to CIM-NMF, our method achieved the
best performances. On the extended Yale b dataset, the recognition
rate of CIM-NMF is lower than that of NDLA, while our methods
obtained the best performances at both occlusion and salt&pepper
noise, which are shown in Figs.6 and 7. This demonstrates combin-
ing the CIM-induced measurement and the robust feature selection
can improve the robustness. In all, GNMF and L,;NMF achieved
nearly the same performances on all those different scenarios.

The learned basis of different methods on the extended Yale b
dataset are shown in Fig.8. It can be seen that the learned ba-
sis of NMF, GNMF, L,;-NMF and NDLA include occlusions, which
are bounded by the red boxes. It means that those approaches are
not robust to occlusions because they regard occlusions as parts
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Fig. 6. Recognition rates of different methods on the extended Yale b dataset with
the occlusion size varied from 6 x 6 to 16 x 16.
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Fig. 7. Recognition rates of different methods on the extended Yale b dataset with
the noises level varied from 5% to 50%.

of the faces. However, the CIM-NMF and our method are not af-
fected by the occlusions. Compared to CIM-NMF, the basis learned
by our method are more sparse than that of the CIM-NMF. Among
them, the basis learned by NDLA are the most sparsest one al-
though they are not robust to occlusions than that of CIM-NMF
and our method.

5.4. Results on AR and movie trailer face datasets

For AR dataset, we set the dimensionality r = 200 and present
the results of all the methods on the Table 5. Compared to CMU-PIE
and extended Yale b dataset, the occlusions of sunglass and scarf in
the AR dataset are realistic and the occlusion area are more large.
From the Table 5, we can see the performance of PCA falls sharply,
the best result is only 18.72%. The performances of NMF, GNMF and
L,1-NMF are also lower than that of the other two datasets. How-
ever, NDLA and our methods still achieved over 92%. Compared to
NDLA, our method obtained the best performances.
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L21NMF

Fig. 8. The learned basis of different methods on the extended Yale b dataset with
occlusion size 14 x 14. Only 50 atoms are shown for each method.

Table 5

Recognition rates (%) of different
methods on the AR dataset with
dimensionality r = 200.

Method Occlusion

Sunglass Scarf
PCA 18.72 15.62
NMF 67.47 63.46
GNMF 67.27 67.37
Ly-NMF 70.07 66.27
CIM-NMF  69.37 61.96
NDLA 93.29 92.09
ours 95.20 94.17

Table 6

Results (%) of different methods on the
movie trailer face dataset.

Method Results
AP (%)  Recall (%)

NN 9.53 0.00
SVM 50.06 9.69

L, 36.16 0.00

SRC (Voting)  54.88 23.47
MSSRC 58.70 30.23
ours 59.31 30.19

For the move trailer face dataset, according to the settings in
[37], we use Local Binary Patterns (LBP), Histogram of Oriented
Gradients (HOG), and Gabor wavelets to represent each face track
after eye alignment. All the descriptors were scaled to unit norm
with 1536 dimensions after using Principle Components Analysis
(PCA). Combining with three different types descriptors, we obtain
4608 dimensional features for each frame. We set the dimensional-
ity r = 300 for our method and show the precision and recall rates
of different methods in Table 6, where the results of NN, SVM, L,
SRC and MSSRC are cited directly from [37]. It can seen that our
method achieved comparable performance to the state-of-the-art.

6. Conclusion
In this paper, we propose a robust discriminative nonnegative

dictionary leaning method for occluded face recognition. Robust-
ness and discriminant of the dictionary are considered simultane-

ously. For robustness, the occlusions are estimated via iterative up-
date rule. To the discriminative, we constrain the low-dimensional
representations from the same class to be close to the associated
class mean and select features via ¢, ;-norm. Experimental results
demonstrate that the learned representations are more robust to
large continuous occlusions than that of the most existing meth-
ods.
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