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Abstract

During the last two decades, a series of subspace
methods have succeeded in achieving a satisfactory per-
formance for face recognition tasks, but have always
failed when partial occlusions occur. This paper com-
bines the subspace techniques with probabilistic model-
s, and aims at achieving invariance to occlusions. The
concept underlying the proposed method is that two
faces with the same identity, even though one of them
is partially occluded, tend to be similar in the uncor-
rupted areas. The similarity value measured from the
error distributions can then be exploited for identifi-
cation. Experiments show the robustness of this novel
method against various kinds of occlusion.

1. Introduction

In the past twenty years, the explosive growth of face
recognition (FR) techniques has made a significant im-
pact on our daily life, due to these techniques’ wide
range of applications including surveillance, business
security, the information industry, border security, and
human-computer interaction (HCI). However, the per-
formance of these FR methods degrades significantly
when face images are captured in uncontrolled environ-
ments.

Illumination and age variations bring holistic but
small-magnitude noises into a facial appearance, while
occlusions affect the local face appearance with ar-
bitrarily large-magnitude corruptions. Several classi-
cal linear space approaches, such as eigenface [7] and
Fisher-face [2], are holistic, and hence suffer a vital fail-
ure when a face is occluded, as illustrated in Fig. 1.

To overcome the difficulty of recognizing occlud-
ed faces, sparse representation (SRC) [11] adds some

Fig. 1 (a)An original face, (b) the face with an
occlusion, and (c) the face recovered using PCA.

heuristic constraints to the linear subspace model, and
the quite different concept of partial distance (PD) [6]
was proposed to provide a local similarity measure in
order to detect which local blocks are likely to be oc-
cluded. This can eliminate the effect of the corrupted
blocks in the subsequent recognition steps.

Inspired by the two previous concepts, in our pro-
posed method a query image is also represented in terms
of the training images of a particular identity. Natural-
ly, due to some noises, a testing error image is gener-
ated by subtracting the recovered image from the raw
image. This error image can reflect how dissimilar the
query image is to the training images. However, such
dissimilarities may also appear because of a different i-
dentity or partial occlusions. To avoid identifying the
source of the errors, we first generate an error matrix
from the training images via a low-ranked matrix de-
composition technique, and then exploit a probabilistic
model to describe the standard error distribution of the
particular identity. The probability of the testing error
image in this error distribution is then used to measure
the similarity, rather than the dissimilarity, for further
recognition.

2. Probabilistic error modeling for FR

In this section, we will propose a novel similarity
measure which is robust to partial occlusions and which
will then be used in our algorithm to identify facial ap-
pearances.
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2.1. Generation of the error matrix

Assume that we haveN individuals in a face dataset,
andM samples are available for each individual (in fac-
t, the number of training images for each identity can be
different) with a resolution of K = h1 × h2 pixels. De-
note the mth training image of the nth individual, and
the kth pixel of this image, as xm,n and xkm,n, respec-
tively.In this paper, each image is represented as a long
vector by stacking its columns one by one, so xm,n will
mean a K-dimension vector in the rest of this paper.
Then, all images of the nth person are arranged side by
side to form the following matrix for further processing:

In = [ x1,n x1,n ... xM,n ] ∈ RK×M .

It is reasonable to assume that theM images of a partic-
ular identity are linearly correlated [5]. Mathematically
speaking, the inherent linear correlation indicates that
the matrix In is nearly singular. The following opti-
mization problem can describe these intrinsic linearity
characteristics:

In = Ln + En (1)
s.t. rank(Ln) ≤M − 1, (2)

‖ En ‖p ≤ t. (3)

En is the error matrix that encodes a particular error
distribution of an individual. When the only parameter
p of the problem is set to 2, it becomes a classical PCA
problem. However, a piece of recent research, namely
RPCA [3], shows that better and more refined represen-
tations are achieved with the setting p = 1. The acceler-
ated proximal gradient (APG) [1] algorithm is applied
to recover En and the low-ranked matrix Ln. Then, we
estimate a probabilistic error model from En, and con-
sider the span of Ln as a linear subspace of the identity
under consideration.

2.2. Probabilistic Error Model

The columns in En, denoted as em,n, have their own
physical significance: a column implies the dissimilari-
ty between the image xm,n and the subspace generated
from Ln. It is reasonable that images with the same
identity should lie close to the subspace and have rel-
atively subtle entries in En. This will not be the case
if the faces have different identities or have the same
identity but with occlusions. The second line of Fig.
2 illustrates the significant difference among the error
vectors in these different situations.

Focus on a row of the matrix En, which indicates
the pixels at the same location of different images with
the same identity and assume that all these images are

Fig. 2 (a) and (c) belong to the first person, yet (b)
and (d) belong to the second. The similarity images
in the third line are all generated by the PEM of the

first person.

with no occlusions and corruptions at this location. As
discussed above, we can conclude that all entries in the
particular row of En are distributed near zero. On the
other side, the error matrix En consists of random nois-
es. Hence, we propose a novel assumption that there
exists a local random distribution underlying the val-
ues of the particular row of En. The significance of
the underlying distribution is clear: if an error vector
is generated from an image with the same identity and
the pixel at this location is uncorrupted, it is of high
probability that the value of the error entry at this lo-
cation appears near the peak of the probability density
function of the underlying distribution, and hence re-
sults in a high probability density value, which will be
used as the estimation of the local similarity; otherwise,
a small probability density value implies that this pix-
el is not similar to those of the corresponding training
images. Then we will estimate the local distributions
for all locations of this person from the corresponding
matrix En.

For convenience, the pixel at location (a, b) is select-
ed as an example to elucidate how to build the proba-
bilistic model. Then, the process is repeated to all pixel-
s to complete the construction of the probabilistic error
model (PEM).

Firstly, all the pixels in a 3 × 3 template centered at
(a, b) of the error images em,n, which are reshaped to
the size h1×h2, are taken for estimating the underlying
distribution. The trick whereby a local square is cho-
sen instead of the single pixel at (a, b) is performed to
improve robustness to the imprecise alignment and to
the subtle pose variations. Then, the Gaussian mixture
model (GMM), which can describe a complicated dis-
tribution, is employed to fit the (M × 32) data samples.
The 1-d Gaussian mixture model is given as follows:

G(a,b)(y|µ, σ, ω) =
c∑

i=1

ωiN(a,b)(y|µi, σi), (4)
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where N(a,b) represents a normal distribution with the
unknown parameters µ, σ and ω, which need to be
estimated, and c is set to 2 empirically. An efficient
expectation-maximum algorithm [9] is used to estimate
the GMM. One typical example of the distribution is il-
lustrated in Fig. 3. Then, estimate GMM distributions
for all pixels using the process, and at last, there are K
GMM distributions generated from theK-pixel training
images. Finally, these K GMMs estimated from En are
defined as the PEM of the nth person, where to every
pixel there is a GMM distribution attached. For every
person, such a PEM is constructed and will be used to
measure the similarity of a new query image to the cor-
responding individual.

2.3. Similarity measure for query images

Prior to measuring the similarity of a given query
image xq to training samples via PEM, we need to com-
pute the query error image eq using the following equa-
tion:

xq = Ln · wq + eq, (5)

where wq should satisfy ‖wq‖1 = 1. For simplicity,
we set each entry of wq as the correlation coefficient of
xq and the corresponding column of Ln in this paper.
Thus, the local similarity of the kth pixel is defined as

sl(xq, In, k) =
c∑

i=1

ωi

N(a,b)(e
k
q |µi, σi)

N(a,b)(µi|µi, σi)
. (6)

Consecutively, the similarity vector is formed as fol-
lows:

s(xq, In) = [sl(xq, In, 1), · · · , sl(xq, In,K)]
T
. (7)

Reshape s(xq, In) to a h1 × h2 similarity matrix as

S(xq, In) = sl(xq, In, 1) · · · sl(xq, In,K − h1 + 1)
...

. . .
...

sl(xq, In, h1) · · · sl(xq, In,K)

 ,

and display it as a similarity image, as shown in the
third line of Fig. 2. It can be seen that PEM has great
robustness to partial occlusion, as shown in Figs. 2(c)
and 2(d).

2.4. Decision rule

It is intuitive to classify a testing image to the most
similar category, so for the convenience of face recog-
nition, we calculate the global similarity as follows:

sg(xq, In) = ‖s(xq, In)‖2. (8)

Fig. 3 (a) En, (b) the (M × 32) pixel values from the
template centered at (16, 16) of M error images,
and (c) GMM distribution of the pixel (16, 16).

This measure is called the PEM-Similarity (PEMS).
Based on the PEMS, the decision rule can be written
as

xq ∈ class n∗, if n∗ = argmax
n

[sg(xq, In)]. (9)

3. Experimental Results

3.1. Databases used for the experiments

Two standard face image databases are used in the
experiments: the Caltech database [10] and the AR
database [4]. The details, including the number of cat-
egories and the number of images of each category, of
these two databases are listed in Table 1. Moreover,
our proposed method is compared with three different
methods, including LDA, SRC [11], and FRPCA [8].

3.2. FR with artificial occlusions

The Caltech database is used in this part of the ex-
periment. In each category, 10 images are randomly se-
lected for training, and the other 10 images are corrupt-
ed by artificial blocks for testing. Three different types
of blocks of size 32 × 32 (equivalent to 25% of a face
region) are generated and used to occlude face images.
The three types of blocks are: black blocks (with all
pixels 0, ’BB’), white blocks (with all pixels 255, ’W-
B’), and random blocks (with random pixels uniformly
distributed within [0,255], ’RB’), and are located at 5
different positions in the face images. Some testing ex-
amples are shown in Fig. 4, and the experiment results
are tabulated in Table 2. We can see that PEM outper-
forms all three other methods under different occlusion

Table 1 The databases used in the experiments.
Database Caltech AR

Categories 18 121
Image number per category 20 7
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Fig. 4 Some artificially occluded query images.

Fig. 5 The first three images are selected as training
samples, while the last two form the testing samples.

conditions. The accuracy of PEM with those face im-
ages occluded by black and white blocks exceeds that
of FRPCA and LDA by more than 20%. Although S-
RC performs well (92.22%) when occluded by random
blocks, PEM is still 5.56% higher. We found that PEM
performs robustly under different types of artificial oc-
clusions, without requiring any prior information.

Table 2 Recognition rates for different face
recognition methods with occlusion, based on the

Caltech database.
LDA FRPCA SRC PEM

BB 66.89% 75.89% 69.67% 96.11%
WB 77.44% 27.67% 62.33% 95.44%
RB 91.55% 44.22% 92.22% 97.78%

3.3. FR for images with natural disguises

A subset of the AR database is selected for this ex-
periment. Five training images, without any occlusions
or drastic facial expressions, of each identity are select-
ed; and two images whose faces are occluded by sun-
glasses and a scarf, and which are under even illumi-
nations, are chosen as the query input, as illustrated in
Fig. 5. Table 3 lists all the experiment results for the
four different methods. We can see that PEM achieves a
recognition rate of 94.29% with sunglasses, i.e. 4.29%
higher than using SRC, which gives the second best per-
formance. When a scarf occurs, a significant improve-
ment of 21.42% can be achieved when compared to the
second best method.

4. Conclusion

In this paper, we have proposed a novel and robust
method for occluded-face recognition. This method ex-
ploits the local similarities instead of common dissim-
ilarities to identify query images. Since occlusions are
intrinsically outliers, the similarity measure should be
insensitive to occlusions. Experimental results have
shown the robustness and accuracy of the proposed
method.

Table 3 Recognition rates for different methods
when faces are occluded by real objects.

LDA FRPCA SRC PEM

Sunglasses 70.00% 78.57% 90.00% 94.29%
Scarf 7.14% 64.29% 21.43% 85.71%
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