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Abstract the correct class. This is a grounded hypothesis, since the
image reconstruction of a frontal face image will generally
Partial occlusions in face images pose a great problem be most accurately obtained when combining face images
for most face recognition algorithms. Several solutions to of the person it represents rather than with images of other
this problem have been proposed over the years — rangingindividuals.
from dividing the face image into a set of local regions to ~ Under this view, the major problem is to define an appro-
sophisticated statistical methods. In the present paper, wepriate mechanism to do the reconstruction. If the training
pose the problem as a reconstruction one. In this approach,and testing images had no occlusions, one of the simplest
each test image is described as a linear combination of theapproaches would be to try to represent the test integre
training samples in each class. The class samples provid-a linear combination of the; training samples in class

ing the best reconstruction determine the class label. Here, {x;1, ..., Xin, },

“best reconstruction” means that reconstruction providing i

the smallest matching error when using an appropriate met- t~ Z WijXij,
j=1

ric to compare the reconstructed and test images. A key

point in our formulation is to base this reconstruction solely wherew,; € R are the weights describing the contribution
on the visible data in the training and testing sets. This of each imaget andx; are thep-dimensional vectorized
allows to have partial occlusions in both the training and imagesp = ab, anda x b defines the image size.
testing samples, while previous methods only dealt with oc-  The problem of estimating the weights; can be stated
clusions in the testing set. We show extensive experimentags,
results using a large variety of comparative studies, demon-
strating the superiority of the proposed approach over the n;
state of the art. w; = arg min t— Z Wi X - 1)
(WityeeeyWin, )T
i = .
1. Introduction The selection of the metric above, which is given by the
r-norm || - ||, regulates how each feature (dimension) can
To date, many algorithms have been defined to do recog-be used to reconstruct the test image. The selection of the
nition of faces under a large variety of image conditions norm also defines the spate
[11]. One problem that has received considerable attention The most commonly used norms in minimization prob-
in recent years is that of partially occluded faces. Since thelems such as that defined i) @are the 2-norm, which pro-
work of Martinez [, a variety of methods have been pro- vides the least-squares (LS) solution, and the 1-norm, which
posed for matching non-occluded training samples to par-generates sparse representations. A recent résjikliows
tially occluded test imaged]2,6,18,19,110]. The goal is to that/, is preferred because it can handle sparse occlusions
define a matching technique that omits the large matchingin the test image. In this approach, the sample images of all
errors due to occlusions while concentrating with those of classes are used to estimate an occluded test image. Since
the non-occluded parts. £1 emphasizes sparseness, only a very small number of sam-
In this paper, we take a different view. We redefine the ple images will be used to linearly reconstruct the test im-
face recognition problem as a reconstruction one. In thisage. The samples which will generally best reconstruct the
approach, the training samples of a class are linearly com-test instance, are those associated to the same class label
bined to create a new image that is as close as possible tdi.e., identity), facilitating the recognition process. How-
the test image. The hypothesis is that the most accurate reever, a concern of this approach is that fixeninimization
construction will be given when one uses the samples ofis computationally expensive.
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The major problem with the reconstruction approach de-  Our solution to this problem, is to redefine the minimiza-
fined above, is that one is only allowed to use a single tion procedure as a fitting process where the occlusions have
weight per training image. That is, all the pixels in each been eliminated from the equations. To do this, let
sample image are weighted equally. In most instances, it
would be useful to be able to weight distinct areas differ- M; = (my1,...,m,,)
ently. For example, assume that we have two sample images
per class in our database — one with close eyes and mout®€ ap x n; matrix whose columns are the occlusion masks
and another with open eyes and mouth. We now wish to re-0f each sample in clagsLet M;;; denote thg*" row of this
construct a testimage showing open eyes and a close moutihnatrix. M;; defines the sample images that can be used to
This can be readily achieved if we allow different weights reconstruct thg'" image pixel oft, ;.
for the top and bottom parts of each image. Hence, our goal Note that since eacM;; hasn; values, there are™
is to define a reliable and fast mechanism to do this weight Possible patterns of useful pixels to reconstmyctThat is,
assignment. each visible pixel in the test image can be approximated

In the present paper, we rework the general reconstruc-bY either zero pixels from the sample images (when all are
tion framework defined inflj) to efficiently address this occluded), a subset of them, or all of them (when there are
problem. By taking advantage of the natural partitions pro- N0 occlusions). Let these options be denoted, byith [ =
vided by the occluders, we derive a formulation that allows 1;---,2".
different weighting factors in distinct parts of the image. ~ Now consider all the non-occluded pixelstirthat can
We demonstrate that this framework outperforms the gen-be reconstructed using the same patfeand denote these
eral definition given in), and that the derived solution can  Pixelst’. Also, letX; = (x;1, ..., Xin,) be ap x n; matrix
efficiently work with a¢,-minimization, resulting in very ~ Whose columns are the samples in clgsandX;; be the
fast processing times. We present this approach in Sectior”" row of X;. Then, the pixels it can be reconstructed

2. Experimental results are in Sectién with the matrixX!, whereX;; is a row of X! if the corre-
spondingM;; has thel*" pattern. Using this notation, we

2 Reconstruction and Classification can define our reconstruction problem as

Our first goal is to present the basic formulation to repre- t' ~ Xlwl, 3
sent the visible pixels of a testimage as a linear combination
of the visible pixels in the training set. The use of different Where the weightsv} = (w};, ..., w}, )" are given by
norms within this approach is then discussed.

arg minl . Htl — XéwﬁHr. 4)

2.1. Within-class approximation with occlusions (Wieeestin, )

Let the training set for each class be, as above, This result allows us to generate the reconstruction
{Xi1y -y Xin, |, With ¢ = 1,...,C, C the number of

classes. For eack;; € R?, we define its occlusion mask tl(i) = Xlwl.
m;; € R? as
The final reconstruction df, obtained with the samples in
__ | 1 ifthe pixelx;; is not occluded classi and genote&(z‘), is given by the combination of all
MMijhk = { 0 otherwise the rows int! (), = 1,...,2".
The procedure described thus far providéseconstruc-
where z;;;, and m;;; are the k'* element of thep- tions of the testimagdt(1), ..., t(C)}, one per class. The

dimensional vectors;; andm;;, respectively. Similarly, — next task is to determine which of these reconstructions is
we definem € RP as the occlusion mask of the test vector most similar to the original test image. We do this next.
t € RP.

The above notation, allows us to rewrife) s 2.2. Norms and quasi-norms for classification
n; The simplest mechanism to test how accurate the recon-
w; = arg min it ©m — Z m;; © (wijXij)| » struction is, would be to look at the reconstruction error,
(witoereswing) =1 . given by
. @) I£G5) - - (5)

where® is the Hadamard product €., the element to el-
ement multiplication of two vectorg;, = aibi, a,b,c € For example, ir’y, this corresponds to the LS fitting error.
RP), and|| - ||- defines an appropriate metric. In ¢4, it represents the error given by the sparse representa-

As mentioned earlier, the major problem with the above tion selected by the optimization mechanism.
equation is that it only allows for a single weight for all the However, the metric used to reconstruct the image is not
pixels in the same sample imagg;. always the most adequate for classification. For instance, if



we employ/; to find a sparse set of training samples to de-
scribe the testimage, it is generally adequate to compare the
reconstructed and original images using the Euclidean dis-
tance (i.e., irls). In this case, while &;-minimization pro-
vides the advantages of a sparse representatjois, ade-
guate for comparing images (or, equivalently, vectors). This
is in fact one of the most used approaches.

In contrast, in our approach derived above, EG3-(4),
it makes sense to do the minimization 4g, because the
goal is to use as much information from each sample of the
same clas®s possible in an attempt to get more accurate
reconstructions of the test image. However, once the re-
construction is obtained, it is generally prefer to compare
the reconstruction and the original test image using a met-
ric which emphasizes the overall similarity. Recall that the points of agreement and would no longer consider the over-
2-norm is not a good choice for that, because it emphasizesall similarity of the two images.
those distances that are large while diminishing those that These are thus the two measures that we use for classi-
are small. This is a consequence of the quadratic term fication, i.e., the 1-norm and thes-quasi-norm. And, the
which emphasizes large components and minimizes smallclass labelg;, of our testing image is given by
ones. This is the same as saying that we would like to val-
idate or invalidate a reconstruction based on the similarity ¢ = arg
of those areas that are most dissimilar, rather than those that ‘
are most similar. In fact, the 2-norm is well known to be
sensitive to outliersi., the large distances), which are typ-
ically found in the types of reconstructions obtained with a
linear fit. The area of robust statistics usually employs the
1-norm to resolve these issues. As the reader will have noted in our formulation above,

In our application too, we can use the 1-norm to be robustwe require of the occlusion masks;; andm, which spec-

to outliers and to base our judgment on the overall similar- ify the pixels that are occluded in each image. We now
ity. The advantage of this norm is that it does not emphasizepresent an algorithm to calculate;; andm.

Figure 1.Two examples of face color detection and occlusion
mask generation. In each row, from left to right: the full face,
the face mask of the full face, the partially occluded face, the face
mask of the occluded face and the final face occlusion mask.

in 1E) — 1., (6)

)

wherer is eitherl or .5.

2.3. Computing the occlusion mask

the large or the small distances, since it is simply given by |n face detection and segmentation, color is a practical
cue for robust detection, because human skin color can be
lalli = lai| 4+ + |ay|, reliably modeled using statistical metho@sf]. Detection

of an occlusion is a bit trickier, because we need to distin-

wherea € R”. Note that, in this norm, all components are gyish between these and the background. Here, we adopt a
treated equally — regardless of their size. variant of the approach presented ). [ After a principal

We can now go one step further and use a measurecomponent analysis face detection step, the approach mod-
that deemphasizes large distances while emphasizing smak|s the skin color using a mixture of Gaussians and then
ones. This would help put more emphasis on the similarity employs morphological operators to tune the result. Two
between the reconstructed and original test image, rathefexamples on non-occluded faces and two on occluded faces
than on their dissimilarity as if,. To achieve this we can  gre given in Fig/l. In the last step, the morphological op-

use the5-quasi-norm, given by erators of erosion and dilation are used to eliminate isolated
) segments and refill the eroded local areas, respectively. Af-
lalls = (a’ +---+a))". ter these steps, we can delineate the face limits with the use

of the color map previously obtained. The right and left
Recall that this is not a norm, because it does not satisfy themost pixels with skin color for each image row and the top

triangular inequality, which needs to be replaced||ay+ and bottom pixels in each column are used to achieve this.
bl|, < K(||a|» + |/b]|»), for someK > 1. In our case, The result of the entire process is shown to the right of each
r=.5andK = 2. of the occluded image examples in Fid. The final oc-

The important concept here, is that ttiequasi-norm clusion detection results shown in the right-most image of
will deemphasize large distances (including the outliers) each row in Figllare obtained after a second round of mor-
and emphasize the small oné®.( the areas where the re- phological erosion and dilation, where 0s (black) represent
construction was possible). This effect is due to the fact thatoccluded facial pixels and 1s (white) non-occluded. The bi-
the exponential term in thé-quasi-norm is smaller than 1. nary occlusion map is vectorized to get the occlusion masks
One could use an < .5, but this would only emphasize m,; andm.



Note that the process described above also determines
the limits of the face. This will be later used to separate the
face from its background — to prevent misclassifications due
to background noise.

3. Experimental Results

We refer to our approach presented in the above as the
Partial Within-Class Match (PWCM method, where the
subscriptr specifies the metric (or quasi-metric) used in

Figure 2.(a-m) Shown here are the 13 images of the first session

(5) and ). Our approach is to use the 2-norm #) énd . .
the 1-norm or.5-quasi-norm in6) and 6). Nonetheless, for one of the subjects in the AR face database. (n) An oval-shaped
cropped example.

for comparison purposes, we also provide results where we
have employed the 2-norm iB); Our results are consistent
with our theoretical argument and, hence, the 1-norrd)in (
results in superior results to those of the 2-norm. We have

also experimented with the use of the 1-normdhgnd the o
2-norm in 6). This resulted in slightly worse results than o
the ones reported below and with the added disadvantage of oo
a high computational cost — typically, a 10-fold increase. s
——FWCM 2(t) —¢ -FWCM I(t) - -+ -FWCM 05()

3.1. Database and experimental settings . e rweuig e meuia e mwesos " e

In the present paper, we employ the AR face database o o o e me
[5], which is one of the most popular databases, and one %0 e
of the very few to include natural occlusions. The AR face 80 1 e _pwe ey \\“‘L‘;-
database consists of more than 100 people’s frontal-view 70— -k - PWCM 0.5() ~
color images. Other image variations include different il- 60 ——— S U

luminations and distinct facial expressions. This database
is considered very challenging, sinee50% of the images
have large or very large occlusions. The fit8timages, oerE SO o
for one of the subjects in the database, are shown in Fig.?' ¢ ¥ ¢ (8) Training image, testing images, ¢, d (b) Training
2(a-m). These correspond to the images taken during afirst'mageSb’ ¢, d testing image. The image size is4 x 39.
session. Another set df3 images taken under the same
occlusions, illuminations, and expressions was taken two
weeks after the first session. We will refer to the images in
this second session asto m'. The images in the first ses-
sion are labeled to mfollowing the notation shown in Fig.
2

In our experiments, we first detect and warp the face

(without the inclusion of any hair or background) to gener- . successfully handle occlusions of ueox 20 pixels,

ate the registered face image with a fixed size, and caIcuIateC : L o
i e : orresponding to a- 20% occlusion inboth the trainin
the occlusion mask for each of them (as described in Sec- P g 7 9

Hon® ). This localizati d . is Kk and testing sets. Note that this is different to the previous
lon 3. This ocalization and warping process IS Known - q.q ¢ reported in the literature, since we also enforce oc-
to improve recognition rate_zJ,[_. Then, we convert the face clusions in the training set, not only the testing one.
Images to gray—scalg and resize them ta.ar size. These Fig. 13(b) shows the reverse example. That is, using the
a andb are selected in each experiment to match those usec%ace mages. ¢ andd for training anda for testing. Here
by other authors. This facilitates a direct comparison to a 9e, g anoa i 9-

: . too, the maximum allowable occlusion is of 20% of the
large number of results reported in the literature. We ran- image
domly choose 100 persons (50 male and 50 female) from ge-
the database. Each face image is segmented using an oval- .
shaped masked as shown in Fgn). 3.3. Real occlusions

Figure 3.Classification accuracy with a synthetic occlusion mask

facial expressions. We use the first image (neutral face) of
the first sessioni.g., @) of each subject as the training set,
and the happyt), sad €) and scream facel) from the first
session for testing. The occlusion is simulated by placing a
random square mask efx s to both the training and testing
images. In Figl3(a), we can see that the proposed algorithm

We divide the experiments in this section into two parts.
The first set of experiments only considers occlusions in the

Experiment 1. The first experiment is to test the pro- testing set — allowing for a comparison with the state of the
posed algorithm under synthetic occlusions and differentart. The second set of experiments considers occlusions in

3.2. Synthetic occlusions
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Figure 4.Successful classification rate using the proposed ap- Figure 5.Training set{a, b, c, a’, b’, ¢’}. Testing sefd, h, k, d’,
proach, PWCM (with r = 2, 2-norm,r = 1, 1-norm, and- = .5, h', k'}. Here,a = 100 andb = 52.

.5-quasi-norm). The results are compared to thos&jirafd 9].

Here,a = 170 andb = 120.

WPWCM_2 OPWCM_ 1 MPWCM 0.5 B Wright S B Wright M

both the training and testing sets.

Experiment 2: We use the neutral non-occluded face
a for each of thel00 individuals for training, and the oc-
cluded face$ andk (of the first session) anid and k' (of
the second session) for testing. The results are compared
with two other methods: the local probabilistic method of
[4] and the Self-Organizing-Map (SOM) ¢®]l The com-
parative results are in Figl

Consistent with our theory, the use of the 1-norm3p (
results in more accurate classifications. We also see that the

sunglasses scarf overall

Figure 6.Training set{a, b, c, d, &, b’, ¢’, d}. Testing seth, k,
h', k'}. Here,a = 83 andb = 60.

results of the proposed approach are (on average) superior 100 SPWOM 2 CPwoil
to those of {}] and [9]. The method of/9] provides com- " BPWCM 05 TAN _ ‘
parative results with ours for those images within the same 10
session, but not with those in the other session. o

Experiment 3: Our previous experiments only consid- 10
ered a single training image per class. We now consider 30

the case where the number of training images is larger, as it i)l GeLsl 0,057} .00 overa 1

was done in2, 8, 10]. In the first of these experiments,

the training set 'S{?’b'c’a,_'b,'c’} (i.e,, the non-occluded Figure 7.Training set{a, b, c, d, e, f, §. Testing set(h, i, j, k, I,

faces), and the testing setfid,h k,d',h" K’} (i.e., the scream 'y i i ik, I, m’ 1. Here,a = 66 andb = 48.

face and the occluded set). The experimental results are

plotted in Fig. 5. In this comparison, we note that the

results reported inZ] only used50 people from the AR  eral subspace algorithms when using the images of the first

database. The second experiment yseb,c,d,a’,b’,c’,d} session in the AR database for training and the images of

as the training set anfh,k,h’,k’} as the testing. Compara- the second session for testing. The authors report superior

tive results against the method of Wrigtttal. [10] are in results for the Subclass Discriminant Analysis (SDA) algo-

Fig. |6, where “WrightS” is a method using a single block rithm [12]. In Tablel, we show the results obtained with

and “WrightM” a set of multiple blocks as defined ia(]. the proposed approach and that of SDA. We also included

The method of 10] does provide comparative results with the results obtained with a Nearest Neighbor approach with

ours. However, as reported ifi], their algorithm requires  ther-norm (denoted as NN, and those obtained when us-

about 75 seconds of processing time for a sir&fex 60 ing Egq. @) in place of B) (denoted Within-Class Match,

test image (on a PowerMac G5). The proposed PWCM al-WCM,.). Again, our approach consistently outperforms the

gorithm achieves a slightly superior result with each image others, with the5-quasi-norm providing the top results.

while requiring of less than second of processing time. Experiment 5: Our next experiment considers the ex-

Finally, comparative results with Tag][are in Fig.7. treme cases where all the training images have partial oc-
Experiment 4: There are very little results reported in clusions. There are many such cases. In Tabigee report

the literature where a method can deal with partially oc- on six possible scenarios. Since the occlusion in the AR

cluded faces in both the training and testing sets./1B),[ face database each occludes aln¥0$t of the image, this

Zhu and Martinez provide experimental results using sev-is a very challenging case. We see that, as expected, the



[ SDA PWCM,] PWCM,[ PWCM_ 5| NNo NN [NN | WCMo| weM,[weM
784 85.0 | 89.6 | 90.6 |64.066.9 662 76.0] 83.2] 846

Table 1. Training set {a,b,c,d,e,f,g,h,ijk,l,mn
{a’,b’,c’,d"ef,g,h.ijk,I',m }. Here,a = 54 andb = 39.

Training sef Testing Set | PWCM, [PWCM; | NN [NN; [WCM, [wem,
[hK [a] 90.0 | 96.0 |50.0/90.0] 55.0 | 32.0
[h.K [a] 60.0 | 77.0 |33.0/54.0] 32.0 | 27.0

[h.k.h' K] [a.a] 94.0 | 99.0 |535/895 375 | 285
[hK [b.cd 703 | 87.6 |39.0/69.7] 43.0 | 313
[hK [b,c,d] 447 | 603 |21.7|37.7] 29.0 | 197

Ihkh k] [[bedb.cd| 725 | 90.0 |385]/705] 270 | 155

Table 2.Successful recognition rate (in percentages), with 54
andb = 39.

Training set | Testing Set| Image size | PWCM. PWCM;
[a~m]| [a’~m’] 108 x 78 85.2 89.8
[a~m]| [a'~m’] 54 x 39 85.0 89.6
[a~m] [a'~m] 36 x 26 84.5 89.2
[a~m] [a'~m] 27 x 20 83.5 88.4

[h,k,h" k] [a,a] 108 x 78 94.0 99.0
[h.k,h" K] [a,a] 54 x 39 94.0 99.0
[h.k,h" k] [a,a] 36 x 26 93.5 99.0
[h,k,h",k] [a,a] 27 x 20 92.0 99.0

Table 3.Successful recognition rate (in percentage) obtained using

the specified image size and training and testing sets.

1-norm provides superior results to the 2-norm and that our
results are consistently high. The only slightly low clas-
sification rate is for the case where we train with the set
{h,k} and test with{b’,c’,d’}. This is challenging because
the images in the training and testing sets are quite distinct (7

Testing set

proach to those reported in the literature. Our Matlab im-
plementation of the algorithm classifies a new test image in
less than a second.
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