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Abstract

At present, many researches on non-cooperative face recognition have
achieved good results, but the representation ability of facial features still
needs to be improved. Moreover, due to the existence of occlusion in test
samples and the uncertainty of their locations, the task of face recognition
is more challenging. To this end, (1) In this paper, multi-scale sample
information is added to PCA Network (PCA Network) to obtain Multi-
Scale PCANet(MSPCANet) to improve the expression ability of features,
and further provide the criteria for selecting the optimal size of PCA filter.
(2) The authors use the Markov random field to locate the occlusion position
of the test sample, remove the feature information corresponding to the
occlusion position in the original image from the feature map, and reduce the
information interference caused by the occlusion by classifying the feature
information excluding the occlusion. In order to verify the effectiveness of
the method, uncoordinated face recognition experiments were carried out on
AR and LFW data sets respectively. The results showed that the method with
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occlusion position information and multi-scale feature information fusion
always achieved encouraging performance.

Keywords: Collaborative representation, face classification, occlusion posi-
tioning, local “depth” features.

1 Introduction

For face recognition with occlusion, Wright et al. [13] think that feature
extraction for robust sparse classifiers are no longer important, pointing
out that the original image itself is more than any other characteristics of
redundancy, robustness, local, and rich in information. As for global feature
extraction technology, such as Eigenfaces and Fisherfaces, partial occlusion
will be spread to new features in the global scope, while LBP, Gabor trans-
form and HOG local feature extraction technology and makes the screening
characteristics of spread in the local scope. However, a large number of
recent studies [4, 11, 12, 15, 17] show that local feature extraction is still very
important for non-cooperative face recognition. The experiments of Chan
et al. [3] show that using PCANet and other ”depth” features can achieve good
recognition performance even with the simplest nearest neighbor classifier.

However, the existing methods still cannot effectively exclude the influ-
ence of occlusion. Ekenel et al. [6] pointed out that the alignment error caused
by occlusion is a key factor leading to the degradation of the performance
of uncoordinated face recognition. The face recognition experiment with
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simulated occlusion conducted by Li et al [9]. showed that, if the occlusion
location is known and the influence of occlusion is completely excluded,
the recognition rate can be close to 100%, even if the occlusion test image
contains a large area of occlusion, as long as the training samples are rich
enough. By comparing the experimental results in the case of unknown
occlusion location, Li et al. further pointed out that the presence of occlusion
itself had a more serious impact on the recognition performance than the
feature loss caused by occlusion.

The collaborative representation method (CRC) is a class of methods that
take full advantage of the correlations that exist between samples of different
categories. Zhang et al. [19] re-examined the classification models based on
sparse representation (including SRC [13], FDDL [16], MDL [18], etc.), and
found that the effectiveness of such models was not necessarily based on
sparse coding, so they proposed a classification method based on collabora-
tive representation. In recent years, a large number of researches [2,5,18,19]
have demonstrated the effectiveness of the classification method based on
collaborative representation. In this paper, a classification model based on
cooperative representation is constructed to complete the classification task
on the basis of PCANet-s which removes the influence of occlusion.

1.1 Motivation

The motivation of this paper is to try to locate the occlusion by some method,
suppress the feature information of the occlusion location, and highlight the
feature information outside the occlusion location, so as to eliminate the
influence brought by the occlusion more effectively. In addition, we want
to find a method to determine the appropriate size of the PCA filter used in
the process of PCANet feature extraction for “depth” feature.

The main contributions of this paper are as follows:

(1) Two-dimensional Markov random field is used to locate the occlusion
location and obtain the occlusion support. The occlusion support is
used to suppress the feature information of the occlusion location and
highlight the feature information outside the occlusion location, so as to
eliminate the influence brought by the occlusion more effectively and
further improve the expression ability of features.

(2) By measuring the degree of clustering among the feature representa-
tions of each sample, that is, by minimizing the difference between the
intra-class divergence and inter-class divergence of each sample, the
optimal PCA filter size can be selected. In addition, multi-scale image
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sample information is added to obtain multi-scale PCANet features
(MS-PCANET), so as to further improve the feature expression ability.

2 Related Work

2.1 PCANet Introduction

The operation of the two stages is basically the same, which is mainly divided
into the following steps:

Step 1 Image segmentation.

Step 2 Mean removal of image blocks:

Xi = [xi,1, xi,2, . . . , xi,mn] (1)

where xi,j ∈ Rk1k2 represents the vectorization representation of k1 × k2
image block after mean removal.

X = [X1, X2, . . . , XN ] ∈ Rk1k2 ×Nmn (2)

where X is the matrix formed by all the training sample vectors.

Step 3 Filter training (Principal Component Analysis):

W 1
l = matk1k2(ql(XXT )) ∈ Rk1×k2 , l = 1, 2, . . . , L1 (3)

where matk1k2(v) denotes the vector v ∈ Rk1k2 mapping to the matrix W ∈
Rk1×k2 . ql(XXT ) is the lth eigenvector of the matrix XXT . W 1

l is the lth
PCA filter in first stage. Using the filter to convolved with the training sample
and the test sample, a feature diagram is obtained as the input of the output
layer.

Step 4 At the output layer, the feature map after twice convolution is
partitioned and then hashed to obtain the final feature vector.

2.2 Application of Markov Random Field in Image Processing

Zhou et al. [20] believed that the Markov property of occlusion is mainly
reflected in the fact that whether the current pixel is a occlusion point is only
related to the state of its neighboring pixel points, but has nothing to do with
the state of the pixel points far away. If occlusion support s ∈ {−1, 1}m is
used to describe the state of each pixel in an occluded face image Y : si = −1
denotes the state without occlusion, and si = 1 denotes the state with
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occlusion. Then the Markov property of occlusion in a two-dimensional plane
can be described by the Markov Random Field (MRF) model:

p(s) ∝ exp

(∑m

i=1
λisi +

∑m

i=1

∑
j∈N(i)

λijsisj

)
(4)

where N(i) is the set of indexes of the neighborhood nodes of si. λi is the
data cost parameter and is used to measure the cost of setting si to some state
(-1 or 1). λij is the smoothing cost parameter and is used to measure the cost
of moving the state of si to the state of sj .

3 Models and Algorithms

3.1 PCA Filter Size Selection

3.1.1 The model of PCA filter size optimization is established
In the training stage of PCANet network, the size of PCA filter will affect
the quality of the final extracted features and further affect the classification
results. The degree of clustering among samples is positively correlated with
the quality of classification results. Therefore, Fisher’s criterion is considered
to measure the quality of features extracted by filters of different sizes, so as to
indirectly determine the appropriate block size (filter size).The optimization
objectives are as follows:

(k1, k2) = arg min
k1,k2

tr(SW (P (Tk1,k2))− SB(P (Tk1,k2))) (5)

where SW and SB are intra-class scatter and inter-class scatter respectively.
Tk1,k2 denotes a k1×k2( k1 = k2 = 3, 5, 7, ... ) image block segmented from
all the training sample. P (∗) ∈ Rr×c denotes the feature map after extracting
MS-PCANet feature from A.

3.1.2 Optimization
To facilitate the optimization of the above formula, it needs to be deformed
into:

min
k1,k2

∥Pi(Tk1,k2)−Mi∥2F −
∑c

k=1
∥Pk(Tk1,k2)−M∥2F (6)

where Pi(Tk1,k2) is the feature map obtained from the sample of class i. Mi

and M are the mean value of the feature map of class i samples and the mean
value of the feature map of all the samples respectively. It can be seen that
Equation (6) is a differentiable convex optimization objective function, and
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in the experiment in Section 4, we find that the value of the objective function
is negatively correlated with the filter size.

3.2 Multi-Scale PCANet(MS-PCANet)

Inspired by the image pyramid [14, 20], as shown in the Figure 2, we
input image samples of various scales into the feature extraction network
of PCANet to obtain more abundant feature information. We used image
samples of 16 × 16, 32 × 32 and 64 × 64 as the input of the network, and
spliced the feature vectors of the network output. Because the dimension
of feature vector after splicing is very high, on the one hand it contains
redundant information, on the other hand it will affect the efficiency of the
algorithm. Therefore, PCA was used for unsupervised dimension reduction of
the spliced feature vectors, and the feature vectors after dimension reduction
were finally used for classification and recognition.

PCANet

PCANet

PCANet

Concatenate And 
Dimension reduction

16x16

32x32

64x64

Figure 2 Multi-Scale PCANet.

3.3 The Cooperative Representation Combining
PCANet/MS-PCANet with Occlusion Positioning

3.3.1 Modeling
Set T = [T1, T2, . . . , Tn] ∈ Rd×n as the training sample set, where d is the
original characteristic dimension of the training sample, and n is the number
of training samples. The model of this paper is as follows:{

L(x, s) = arg min
x,s∈{1,−1}

{∥e∥2 + ∥x∥2}

s.t.H(P (y)⊙ s) = H(P (T )⊙ s)x+ e
(7)

where y is the testing sample. s ∈ {1,−1}r×c is an occlusion support array of
the same size as the original sample image. Element 1 in s means occlusion
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Figure 3 The scatter value and recognition rate of the training set vary with the size of the
second partition block (PCA filter sizes from Fig 3a to Fig 3d are respectively 3 × 3, 5 × 5,
7× 7 and 9× 9, and the horizontal axis HistBlockSize in the figure represents the size of the
second partition block).
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Figure 4 The scatter value and recognition rate of the training set vary with the size of PCA
filter (sizes of the second partition block from Fig 4a to Fig 4d are respectively 4× 4, 5× 5,
6× 6 and 7× 7).

at the corresponding position of the sample image, and element −1 means no
occlusion. “⊙” is the generalized AND operation, indicating that the value of
the element corresponding to s(i, j) = 1 in the feature graph P (∗) is set to 0.
H(∗) represents hash coded operator.

3.3.2 Optimization
For the optimization of the above multi-objective optimization model, this
paper adopts the strategy of distributed optimization [1, 8]. When you solve
for x, you fix s, and vice versa.

Step 1: With x fixed, the occlusion support s was solved by alternately
updating s and reconstruction error e. For the update of s, we adopt Markov
Random Field algorithm. It is assumed that the normalized training sample
set is N = [N1, N2, . . . , Nn] ∈ Rd×n, and y is the test sample. Firstly, the
occlusion support s is initialized as the column vector s(0) = −1d, that is,
there is no occlusion marker in the occlusion support s in the initial state.
Repeat the following operations until the maximum number of iterations is
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reached or stop when s for two consecutive iterations is not updated. The
occlusion in the training sample set and the test sample is removed to obtain
N∗ = N [s(t−1) = −1, :] and y∗ = y[s(t−1) = −1] respectively, and then the
reconstruction error e∗ is updated:

(x̂, ê∗) = argmin
x,e∗

∥e∗∥ls.t.y
∗ = N∗x+ e∗, x ⩾ 0 (8)

The error can be updated to ê = y − Nx̂, and then the occlusion support s
can be updated by Markov Random Field:

s(t) = arg max
s∈{−1,1}d

∑
i,j∈E

λs[i]s[j] +
∑

i∈V
log(p(ê[i] |s[i] )) (9)

where s(t) is the tth iteration result of occlusion support. E and V are
respectively the set of edges and nodes in the pixel neighborhood located
at (i, j) in s. log(p(ê[i] |s[i] )) is the logarithm likelihood function [20] of
a given error support. See algorithm 1 for the detailed solution process of
occlusion support s.

Step 2: Fix s and update the decoding coefficient x, at which point H(∗) in
the model is known. Therefore, the optimization objective function can be
simplified as:

x̂ = argmin
x

{∥H(P (y)⊙ s)−H(P (T )⊙ s)x∥2 + ∥x∥2} (10)

Obviously, the objective optimization function of Equation (10) is a differen-
tiable convex function. According to the occlusion support s obtained in the
previous step, the pixel corresponding to the position with occlusion marker
in s in the feature graph P (y) and P (T ) is set to 0, and then the feature
graph with occlusion feature removed is coded by hash coding operator H(∗).
Finally, the least square method can be used to solve:{

Λ = H(P (T )⊙ s)

Φ =
(
ΛTΛ + γI

)−1
ΛT

(11)

x = ΦH(P (y)⊙ s) (12)

Step 3: Repeat steps 1 and 2 until you have a convergent s.

3.4 Classification Approach

After the regression factor x is obtained, the test sample y is reconstructed
by the regression factor xi of various other subspace, and the category of the
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subspace with the minimum reconstruction error is the category of the test
sample. That is,

l(y) = argmin
i

∥H(P (y)⊙ s)−H(P (T )⊙ s)xi∥22 (13)

where l(y) is the label of the sample y.

4 Experiment and Simulation

4.1 PCA Filter Size Selection

In the process of feature extraction, PCANet network needs to be parti-
tioned twice. The first partitioning is for training PCA filter, and the second
partitioning is for hash coding.

As shown in the Figure 3, it can be seen that when the size of the PCA
filter is fixed, the size of the second partition block has little impact on the
recognition rate and the scatter value (including intra-class scatter SW , inter-
class scatter SB , difference between intra-class and inter-class divergence,
i.e. f(x) = SW − SB) of the training set. Therefore, we do not consider the
size of the second block, but only discuss the influence of the size of PCA
filter on the dispersion and recognition rate of the training set. Through the
optimization Eq. (5), the optimal PCA filter size can be obtained as 3 × 3.
However, it can be seen from the Figure 4 that, compared with the 3×3 filter,
the divergence and recognition rate of 5 × 5 PCA filter are almost the same,
while the efficiency of the algorithm is improved. Therefore, we set the size
of the PCA filter to 5× 5.

4.2 Determination of Occlusion Support

As shown in the Figure 5, Figure. 5a, 5b and 5c respectively show the samples
of three occlusion types and their corresponding occlusion supports (a is scarf
occlusion, b is sunglasses occlusion and c is block occlusion). It can be seen
that the method in this paper can accurately detect the occlusion of scarf

a b c
Figure 5 The iterative process of occlusion support for different types of occlusion.
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Figure 6 The average recognition rate of different feature dimensions under the same sample
quantity (Fig 7a ∼ 7d corresponds to 100, 300, 500 and 700 training samples respectively).
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Figure 7 The average recognition rate of different feature dimensions under the same sample
quantity (Fig 8a ∼ 8d corresponds to 200, 300, 500 and 600 training samples respectively).

and black square, while the shade of sunglasses has a slightly higher false
detection rate.

4.3 Non-cooperative Face Recognition on Several Datasets

4.3.1 AR dataset
AR data set [10] is composed of more than 4,000 samples from 126 objects.
A maximum of 700 samples with no occlusion were used for training, and
300 samples with scarf occlusion were used for testing. The training samples
and test samples are shown in the Figure 8a and 8b. A total of 4 groups of
experiments were conducted. The first group(PCANet) adopted all the feature
information; the second group(PCANet-s) removed the feature information
corresponding to the occlusion (i.e., the occlusion support was added); the
third group(MSPCANet) added multi-scale information on the basis of all the
features; the fourth group(MSPCANet-s) added multi-scale information on
the basis of removing the feature information corresponding to the occlusion.
The number of training samples for each group of experiments increased from
1 training sample for each type of object (a total of 100 training samples) to 7
training samples for each type of object (a total of 700 training samples).
Under the same training sample number, the average recognition rate of
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a b

c
Figure 8 The AR dataset sample(Fig 6a shows the training samples, 6b shows the testing
sample with scarf, 6c shows the testing sample with sunglasses.)
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Figure 9 The average recognition rate of different feature dimensions under the same sample
quantity (Fig 9a ∼ 9d corresponds to 150, 200, 250 and 300 training samples respectively).

different feature dimensions was tested. As can be seen from the Figure 6,
with the increase of training samples, the differences between the results of
the four groups became smaller and smaller. However, in the case of a small
number of training samples, the recognition effect with occlusion support is
obviously better than that without occlusion support, which fully indicates
that the expression ability of features can be improved after the occlusion
location is known and the occlusion is removed. Without occlusion support,
the recognition effect with multi-scale information is slightly better than that
with single scale feature information. Of course, adding occlusion support
on the basis of multi-scale feature information can still further improve the
recognition effect.

In the same experimental setting, the scarf occlusion in the test sample
was replaced with sunglasses occlusion, and the testing samples are shown in
the Figure 8c.

As shown in Figure 7, with the increase of training samples and the
increase of characteristic dimensions, the results of the four groups of exper-
iments showed smaller and smaller differences. And in the case of fewer
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training samples and smaller characteristic dimensions, the recognition effect
with occlusion support is significantly better than that without occlusion
support in the experimental group. As is shown in Table 1 and Table 2,
the maximum average recognition rate and its variance under each training
sample number are listed. We can see that MSPCANet-s has always better
performance in the case of small sample.

Table 1 The highest average recognition rate (%) and its variance (×10−3) vary with
the training sample quantity (the feature dimension corresponding to the highest average
recognition rate is shown in brackets)
Method 100 samples 300 samples 500 samples 700 samples
PCANet 89.73±5.20(90) 99.50±0.023(300) 99.80±0.005(400) 100.0±0.000(700)
PCANet-s 93.80±1.90(90) 99.90±0.005(270) 99.97±0.001(400) 100.0±0.000(280)
MSPCANet 91.70±3.40(90) 99.70±0.018(300) 99.93±0.002(500) 100.0±0.000(490)
MSPCANet-s 94.23±2.10(90) 99.90±0.005(270) 100.0±0.000(400) 100.0±0.000(280)

Table 2 The highest average recognition rate (%) and its variance (×10−3) vary with
the training sample quantity (the feature dimension corresponding to the highest average
recognition rate is shown in brackets)
Method 200 samples 300 samples 500 samples 600 samples
PCANet 98.43±5.20(160) 99.47±0.128(210) 100.0±0.000(450) 100.0±0.000(180)
PCANet-s 99.27±1.90(160) 99.77±0.050(210) 100.0±0.000(300) 100.0±0.000(180)
MSPCANet 98.90±3.40(160) 99.77±0.099(240) 100.0±0.000(300) 100.0±0.000(300)
MSPCANet-s 99.47±2.10(160) 99.90±0.035(210) 100.0±0.000(150) 100.0±0.000(120)

Table 3 The highest average recognition rate (%) and its variance (×10−3) vary with
the training sample quantity (the feature dimension corresponding to the highest average
recognition rate is shown in brackets)

Method
150 training samples 200 training samples 250 training samples 300 training samples
350 testing samples 300 testing samples 250 testing samples 200 testing samples

PCANet 87.20±0.30(135) 91.37±0.69(180) 94.52±0.48(150) 95.30±0.36(210)
PCANet-s 90.49±0.23(120) 93.87±0.22(180) 95.76±0.93(150) 96.70±0.26(270)
MSPCANet 87.77±0.50(135) 91.67±0.11(200) 94.88±0.20(150) 95.90±0.30(210)
MSPCANet-s 89.86±0.59(135) 93.20±0.31(180) 95.60±0.32(150) 96.40±0.16(210)

It can be seen that the effect of occlusion position information added is
obviously better than that without occlusion position information, whether it
is shaded by sunglasses or scarves.
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4.3.2 LFW dataset
LFW [7] is a face data set collected in an unconstrained environment. In the
experiment, we adopted the corrected LFW3D-SDM database based on SDM
feature point detection method. The training samples and the testing samples
are shown in the Figure 10. It can be seen that even after correction, the image
samples of the same object still have uneven illumination and difference of
expression changes, which makes the experiment still challenging. To verify
the performance of this method will changes with the change of the training
sample, each object in turn select 3, 4, 5, and 6 samples used for training and
use the rest 7, 6, 5 and 4 samples of each object for testing. And all the testing
samples add occlusion that is 0.4 times the size of the image sample. As
shown in Figure 9, it can be seen that, similar to the results on the AR data set,
the classification effect is obviously better by adding the occlusion position
information than by not adding the occlusion position information. In the
LFW data set, from low-dimensional features to high-dimensional features,
the classification effect of adding occlusion location information is better than
that of no occlusion location information. This is because the sample images
in the LFW data set still have great differences in places beyond occlusion.
And the higher the feature dimension to preserve the more information, so
the higher the feature dimension is, the more prominent the role of occlusion
location information will be. Moreover, the classification performance was
improved with the increase of the number of training samples whether or not
the occlusion location information was added. Also in the Table 3, the highest
average recognition rate and variance, varying with different training sample
numbers, are given. It can also be seen that the effect of occlusion location
information added is obviously better than that without.

Finally, in order to evaluate the overall performance of several methods,
Their ROC curves are given in Figure 11. It can be seen that the ROC
curves of MSPCANet-s and PCANet-s with occlusion location information
are closer to the upper left corner of the coordinate system, indicating better
performance.

a b
Figure 10 The LFW dataset sample(Fig 10a shows the training samples, 10b shows the
testing sample with block occlusion.)
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5 Conclusion

In the test of non-cooperative face recognition, the performance of the clas-
sifier will be reduced due to the occlusion in the test sample. To solve this
common problem, we first use Markov random fields to locate occlusion in
test samples. Then, the feature information corresponding to the occlusion in
the feature map is removed, so as to eliminate the influence of occlusion in the
classification process. Moreover, this paper proposes a quantifiable method
to select the filter size, that is, to determine the filter size according to the
degree of clustering among the characteristic representations of each sample.
The experimental results show that the performance of the collaborative rep-
resentation model is improved by integrating multi-scale feature information
and adding occlusion location information in different databases.
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