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Abstract
In this paper, we propose a method for face recognition by using the twodimensional discrete wavelet transform (2D-DWT) and a new patch strategy.
Based on the average image of all training samples, by using integral projection technique for two top-level’s high-frequency sub-bands of 2D-DWT, we
propose a non-uniform patch strategy for the top-level’s low-frequency subband. This patch strategy is more suitable to reflect the structure feature of
face image; and it is better for retaining the integrity of local information.
By applying the obtained patch strategy to all samples, we obtain patches
of training samples and testing samples; and then, give the final decision by
using the nearest neighbor classifier and the majority voting. Experiments
are run on the AR, FERET, Extended Yale B and LFW face databases. The
obtained numerical results show that the new face recognition method outperforms the traditional 2D-DWT method and some state-of-the-art patch
based methods.
Keywords: Face recognition, two-dimensional discrete wavelet transform,
integral projection, non-uniform patch

Corresponding author. Email address: liwenjuan@tju.edu.cn (W.J. Li). Tel.: 86-2227403615, fax: 86-22-27403615.
∗

Preprint submitted to Image and Vision Computing

September 25, 2014

1. Introduction
The two-dimensional discrete wavelet transform (2D-DWT) is a popular
tool in image processing and computer vision due to its nice features of spacefrequency localization and multiresolutions [1, 2, 3, 4, 5, 6, 7, 8]. Through
2D-DWT, a face image is transformed into four parts: a low frequency subband and three high frequency sub-bands. Generally, the k-level 2D-DWT
(k > 1) means that the low frequency sub-band obtained in the (k − 1)-level
2D-DWT is further decomposed into a low frequency sub-band and three high
frequency sub-bands. Since the low frequency sub-band plays a dominant role
in four sub-bands for approximation of the original image, it is usually solely
used for face recognition [9]. However, as the high frequency sub-bands also
contain some important information, the method in [10] introduces a joint
of pixel-level and feature-level fusion at the top-level’s wavelet sub-bands. In
this paper, we try to show another use of the high frequency sub-bands.
In recent years, the strategy of patch has been adopted in many face
recognition methods. A modular eigenspace description technique is used to
incorporate salient features such as the eyes, nose and mouth, in an eigenfeature layer in 1994 [11], which is the first patch based method. In the subsequent earlier methods, the whole image is partitioned into pathes for feature
extraction [11, 12, 13, 14, 15]. These methods show better performance when
confronted with some problem such as illumination and the singular in linear
discriminant analysis (LDA), to some extent, which draw the attention upon
an image from global to local. By combining patch technique with some
other methods, many effective face recognition methods have been proposed
recently in the literature [16, 17, 18, 19, 20, 21, 22, 23, 24]. From the above
papers, it is not difficult to find that there are two basic kinds of patches: one
is overlapped patches as in [16, 17]; and another is non-overlapped patches
as in [22, 23]. Among these papers, [16] investigates the face recognition
problem via the overlapping energy histogram of the DCT coefficients, and
it is an earlier paper which adopts overlapped patch technique for face recognition; in [17], the method of collaborative representation based classification
with patch, denoted by PCRC, is proposed to classify the query sample; and
in [22, 23], each face image is divided into smaller regions of the same size
and the two-dimensional principal component analysis is used in each region.
Generally, the overlapped patches is more robust. In all of these methods,
images are partitioned uniformly; and hence, some salient features (like eyes
and nose) may be set apart. A natural question is how can face images be
2

partitioned according to its own geometrical structure automatically? We will
give part of the answer to this question in this paper.
In order to obtain better patches of a face image, we will use integral
projection technique. It is known that integral projection is a method for
extraction of facial features, which is first proposed by Kanade [25]. It is well
known that integral projections are used to detect salient features and locate
boundaries of local regions; and they are usually implemented on frontal and
standard faces [25, 26, 27]. In this paper, we use the idea of integral projection
to propose a new patch strategy which is suitable to many different conditions
including different illumination, expressions and some small changes in pose.
In addition, in patch based methods, an important issue is how can the
classification outputs of all patches be combined to classify the query sample. There are many methods to do it, such as majority voting [24, 28, 29],
probabilistic model [30], linear weighted combination [15], and kernel plurality [31]. The method in [24] describes majority voting clearly, where each
face image is represented as a spatial arrangement of image patches, and a
smooth non-linear mapping for the corresponding patches are sought using
Volterra kernels; then each patch casts a vote towards image classification
after been classified independently; finally the class with the maximum votes
is chosen. Similarly, in this paper, we will use the idea of majority voting.
Motivated by the methods mentioned above, we propose a new method
for face recognition, which is based on 2D-DWT and a non-uniform patch
strategy. We denote it by NUPDWT. In NUPDWT, we first propose a
patch strategy, whose process is divided into the following five steps. In
Step 1, we give the average image of all training samples. In Step 2, 2DDWT is performed on the average image to gain the top-level’s four subbands: LL, LH, HL and HH (Note: for a k-level 2D-DWT, the top-level
means the k-th level). In Step 3, the vertical integral projection and the
horizontal integral projection are implemented on the sub-bands LH and HL,
respectively; and then, from the two resulting projection vectors, we search
for all of the extreme points. In Step 4, by using the obtained extreme points,
we give non-overlapped patches of the top-level’s low-frequency sub-band.
In Step 5, based on the obtained non-overlapped patches, we further give
overlapped patches of the top-level’s low-frequency sub-band. Furthermore,
by using the above patch rule to obtain all patches of the top-level’s lowfrequency sub-band of all samples, we classify all patches of each test sample
by the nearest neighbor classifier (NN), and give the final decision according
to the majority voting.
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The rest of this paper is organized as follows. In Section 2, we give a
brief introduction of 2D-DWT and the integral projection technique. Then
the proposed method is discussed in Section 3. The numerical experimental
results on the AR, FERET, Extended Yale B and LFW face image databases
are reported in Section 4. Finally, conclusions are given in Section 5.
2. Technologies of 2D-DWT and Integral Projection
2.1. 2D-DWT
2D-DWT is a very popular and commonly used transform for image
processing. It is based on one-dimensional wavelet transform and discrete
wavelet transform (DWT) [1]. Firstly, a two-dimensional scaling function,
Φ(x, y), and three two-dimensional wavelet functions, ΨH (x, y), ΨV (x, y),
and ΨD (x, y), are required [5]. They are usually showed as the products of
two one-dimensional functions,
Φ(x, y) = φ(x)φ(y),
ΨH (x, y) = ψ(x)φ(y),
ΨV (x, y) = φ(x)ψ(y),
ΨD (x, y) = ψ(x)ψ(y),
where φ(·) is a one-dimensional scaling function and ψ(·) is a one-dimensional
wavelet function. These wavelets measure functional variations (intensity
variations for images) along different directions [9]: ΨH measures variations
along columns (for example, horizontal edges), ΨV measures variations along
rows (like vertical edges), and ΨD measures variations along diagonals.
The two-dimensional discrete scaled and translated basis functions are
defined as
Φj,m,n (x, y) = 2j/2Φ(2j x − m, 2j y − n),
Ψij,m,n (x, y) = 2j/2 Ψi (2j x − m, 2j y − n), i ∈ {H, V, D},
where j is a scale and m, n are the translation quantities. The corresponding
transform of image f (x, y) of size M × N is expressed as
WΦ (j0 , m, n) =
WΨi (j, m, n) =

√1
MN
√1
MN

M
−1 NP
−1
P

f (x, y)Φj0,m,n (x, y),

x=0 y=0
M
−1 NP
−1
P
x=0 y=0

f (x, y)Ψij,m,n(x, y), i = {H, V, D},
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where j0 is an arbitrary starting scale and normally designed as 0. This
transformation is the so-called two-dimensional discrete wavelet (2D-DWT).
2D-DWT is implemented as a set of filter banks, comprising of a cascaded
scheme of high-pass and low-pass filters. The final result obtained is four nonoverlapped multi-resolution sub-bands: LL, HL, LH and HH. The HL,
LH and HH are all the high frequency components of the image. Further
decomposition can be conducted on the LL sub-band, just as Figure 1 shows.
Each sub-band can be thought of a smaller version of the image representing
different properties. Take a simple image for example, just as Figure 2 shows:
The band LL is a coarser approximation to the original image; the bands
LH and HL record the changes of the image along horizontal and vertical
directions, respectively; and the HH band shows the changes of the image
along diagonal direction.

Figure 1: The demonstration of 2D-DWT

Figure 2: The original image and its sub-bands after 1 level 2D-DWT

2.2. Technology of Integral Projection
Integral projection is a method for extraction of facial features, which
was first proposed by Kanade [25]. It is a useful technology for reflecting the
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changes along one fixed direction by analyzing the accumulative changes. For
a given image f (x, y), we use H(y) and V (x) to represent the horizontal and
vertical projections, respectively. Then, over the image area Ω = [x1 , y1 ] ×
[x2 , y2], H(y) and V (x) are defined as:
H(y) =
V (x) =

x2
P

x=x1
y2
P

f (x, y),

∀y ∈ [y1 , y2 ];

f (x, y),

∀x ∈ [x1 , x2 ].

y=y1

3. The Proposed Method - NUPDWT
On the one hand, the sub-bands LH and HL after 2D-DWT can exhibit
the texture’s changes along horizontal and vertical directions, respectively,
just as Figure 2 shows. On the other hand, integral projection is a good
technology to make the texture changes statistically significant along horizontal and vertical directions. Thus it is logical to adopt integral projection
on LH and HL to analyze the texture’s changes. When the corresponding
direction’s integral projection is respectively applied to the sub-bands LH
and HL, the changes will be more intuitive. Then the sub-band LL, which
has the same size with LH and HL, can be partitioned based on the intuitive changes. Furthermore, compared with the original image, LL eliminates
some noise and reduces the dimension which are both beneficial for recognition. We can illustrate the idea on face image in Figure 3, where the bottom
part is the vertical integral projection of the sub-band LH; and the upper
part is the corresponding partition which is performed on LL along horizontal direction. From this figure, we are amazed to find that Region 1 locates
the boundary of nose along horizontal direction, and meanwhile, Regions 2
and 3 locate the boundary of eyes along horizontal direction.
According to the basic idea introduced above, we can find that our patch
strategy is able to automatically partition the face images into non-uniform
patches, essentially because of the special geometrical structure and physical
meaning of the 2D-DWT’s sub-bands. Based on this idea, we propose the
method - NUPDWT.
There are two parts in this section. The first one describes the strategy
of non-uniform patch; and in the second one, the part of classification is
described and the whole steps of the method are listed.
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Figure 3: An example for vertical integral projection and the corresponding partition

3.1. The Strategy of Non-Uniform Patch
Suppose that a set of training images with size of m′ × n′ from C different subjects is given and the i-th subject contains Ni training samples,
′
′
i ∈ {1, 2, . . . , C}. Let X i = (X1i , X2i , . . . , XNi i ), where the matrix Xji ∈ Rm ×n
represents the j-th training image of the i-th subject, and j ∈ {1, 2, . . . , Ni }.
The average face of training images can be calculated by
C Ni
1 XX
X̄ =
Xji ,
N i=1 j=1

(1)

P
where N = C
i=1 Ni is the total number of training samples. X̄ can give a
general view of the current training database, so its patch strategy is suitable
to most images. Thus we can directly apply the patch strategy of X̄ to all
images.
After disposing X̄ with the 2D-DWT, we get the top-level’s sub-bands
LL, HL and LH with the size of m × n. Then take the absolute value of LH
and HL because what we need are the absolute variations of LH and HL in
fact. We can observe the texture variations along horizontal direction after
performing a vertical integral projection upon LH. Suppose the matrix of
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LH is A = (aij ) ∈ Rm×n , the integral projection can be calculated by
vj =

m
X

aij ,

j ∈ {1, 2, . . . , n}.

(2)

i=1

Next, we find all of vj ’s extreme points, that is to say, we can obtain the set
of extreme points by
o
n
Ix = ĵ ∈ {1, 2, . . . , n} | vĵ−1 ≤ vĵ & vĵ ≥ vĵ+1 .
These extreme points reflect the saltation of texture along horizontal direction, and the regions between two extremes are relatively stable. So, the
extreme points can mark the locally boundaries along horizontal direction
just as Figure 3 shows.
Similarly, we get the horizontal integral projection of HL and the set of
extreme points, denoted by Iy . Then, we give the partition of LL according
to sets Ix and Iy just as the first graph in Figure 4. The second graph in
Figure 4 shows the partition of an image according to the method of PCRC
[17]. From Figure 4, it is easy to see that our method shows its advantage
on retaining the integrity of local information.

Figure 4: Examples for the patch strategies of NUPDWT and PCRC

The above patch strategy is given based on the average image X̄. Though
different images may have different tiny changes compared with the average image, for convenience, we apply the above strategy to all samples. In
addition, in order to enhance stability and retain the integrity of local information further, we consider the overlapped patch. In our method, the
overlapped patches combine four small blocks, that is, they contain both two
small blocks along two directions, just as shown in the first graph of Figure
8

5: Patch A1 A3 C3 C1 is the first overlapped patch, and Patch B1 B3 D3 D1 is
the second overlapped patch, where their overlapped part is B1 B3 C3 C1 . In
the method of PCRC [17], the size of patch was designed as 10 × 10 ( overlap
was 5 pixels), which is shown in the second graph of Figure 5.

Figure 5: The overlapped patch methods of NUPDWT and PCRC

As the information on face is quite maldistribution, some important areas
will be divided if the face image is partitioned uniformly. So our patches
are reasonable with different sizes and better for retaining the integrity of
local information when compared with the traditional partition schemes, e.g.,
uniformly partition, just as Figure 4 shows. Furthermore, different from
manual partition or partition after finding some fixed points, our strategy
is automatical through analyzing the image’s geometrical structures, i.e.,
analyzing the corresponding direction’s integral projection upon the subbands HL and LH to find the breakpoints and get the smooth regions.
3.2. Classification and Method Description
As we know, in recognition process, classifier plays a vital role. There are
many classifiers such as NN [32], sparse representation-based classification
(SRC)[19], support vector machine (SVM) [33] and so on.
In this paper, we apply the strategy of patch given in above subsection to
all samples to obtain the non-uniform patches, then classify them with NN
and give the final decision according to the majority voting.
The whole steps of the method are listed in the following.
• Preparatory Phase:
1. Get the average image of all training samples as (1).
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2. Decompose the average image with 2D-DWT to get four toplevel’s sub-bands: LL, HL, LH and HH. Take the absolute value
of HL and LH.
3. Perform a vertical integral projection on LH as (2), then find the
set Ix of extreme points.
4. Perform a horizontal integral projection on HL to get the set Iy
of extreme points.
• Training Phase:
1. Read in all training samples, and decompose them with the same
2D-DWT.
2. Partition LL of every training sample according to sets Ix and
Iy . Extract the non-uniform patches from each sample and save
them.
• Test Phase:
1. Read in and decompose a query sample with the same 2D-DWT,
then partition its LL according to sets Ix and Iy .
2. Extract the non-uniform patches and classify all of them by NN.
3. Give the final decision according to the majority voting.
4. Numerical Experiments
We use the AR, FERET, Extended Yale B and LFW face databases to
test the performance of the proposed method.
The comparison methods contain four kinds, the first one is some state-ofthe-art patch based methods, including patch based NN (PNN) [31], PCRC
[17], patch based SRC (PSRC) [19], modular image principal component
analysis (MIMPCA) [22, 23]; the second is majority voting based method
Volterra [24]; the third is 2D-DWT based method TWSBF [10] which is
combined with PCA here and the traditional 2D-DWT method (TDWT) [9]
whose classifier is SVM with the parameters of C = 128 and γ = 0.0078425;
and the last one, named UPDWT, is designed by ourselves in order to verify
the superiority of non-uniform patch strategy used in this paper. In this
method, integer projection technique is not used and the patch strategy is
designed as follows: after we obtain the top-level’s low-frequency sub-bands,
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an overlapped uniform patch method is used for the top-level’s low-frequency
sub-bands, where overlapped method is the same as the one of NUPDWT.
Our experiments are made on a PC platform with 64-bit win8 operating
system, Intel Core i5-3550S CPU, and 8G memory.
4.1. Parameter setting
Different from other patch based methods in which the size of patch are
designed artificially and fixed, the size of patch in our method is unfixed.
But the two parameters: the level of 2D-DWT and the combined number
of patches, together influence the size of patch and eventually influence the
number of final votes. Obviously, after partition, the size of the patch will
get bigger but the number of final votes will be less as the combined number
of patches increases. The level of 2D-DWT is directly related to the whole
size of LL and the number of the extreme points, so the choice of the level is
very important to the size of patch. Take the practice on the AR database
for example. We randomly select 13 images of each person for training, and
the remaining images are used for testing. Experiments of the level of 2DDWT and the combined number of patches (which are marked as l and cp
in the following) are shown in Figure 6, where l changes from 1 to 4, and cp
has four choices as 1 × 1, 2 × 2, 3 × 3, 4 × 4. The highest recognition rate
is obtained when l = 1 and cp = 2 × 2, which shows that the patches have
suitable sizes and stable property in this case. And these two parameters in
other databases are all chosen through this way.

Average recognition rate

1

0.95

0.9

0.85

0.8

0.75

0.7

l=1
0.65

l=2
l=3

0.6

l=4
0.55

0

1x1

2x2

3x3

4x4

cp

Figure 6: The parameters on the AR database

According to the original settings in references and the experiments above,
some important parameters are exhibited in Table 1, where, l, s, o represent
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for the level of 2D-DWT, the size of patch and the size of overlap, respectively.
Table 1: The setting of parameters in all methods on different databases

Method
l in TDWT
l in TWSBF
l in UPDWT
l in NUPDWT

AR
2
2
1
1

F ERET
4
4
1
1

ExtendedY aleB
3
3
1
1

LF W
2
2
1
1

s in PNN
s in PSRC
s in Volterra
s in MIMPCA
s in PCRC
o in PCRC
s in UPDWT
o in UPDWT

10 × 10
20 × 20
8×8
10 × 10
16 × 16
8×8
8×8
4×4

10 × 10
20 × 20
8×8
20 × 20
26 × 26
13 × 13
8×8
4×4

10 × 10
20 × 20
8×8
24 × 28
60 × 60
30 × 30
28 × 28
14 × 14

10 × 10
20 × 20
8×8
16 × 16
26 × 26
13 × 13
8×8
4×4

Besides, the penalty parameter λ in PCRC is respectively set as 0.001, 0.1,
0.001, 0.001 in these database. For MIMPCA, the final dimensions of each
patches after PCA are all set as 5, and the final dimension of PCA in TDWT
is 20. For Volterra, the Volterra kernel is set as 3 and the approximation
order is 2 on the databases except Extended Yale B where it is 1.
In our experiments, the chosen 2D-DWT is the 4-th order Daubechies
(‘db4’) wavelet. For comparison, the levels of ‘db4’ in methods NUPDWT
and UPDWT are designed as the same. However, the method TDWT and
TWSBF are equipped with the levels to gain as good performance as possible
in different databases. The experiments are all repeated 20 times.
4.2. Experiments on the AR Database
The AR database contains over 4,000 color face images of 126 people (70
men and 56 women), including frontal views of faces with different facial
expressions, lighting conditions and occlusions. Images are of 768 by 576
pixels and of 24 bits of depth. The images of most persons were taken in
two sessions (separated by two weeks). Each section contains 13 color images
and 120 individuals (65 men and 55 women) participated in both sessions. In
our experiments, AR database which we use contains 1,560 gray level images
of 60 individuals (each person has 26 different images) and each image is
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manually cropped and resized to 50 × 40 pixels. Figure 7 shows 26 sample
images of one person in the AR database.

Figure 7: Images of the AR database

We compare NUPDWT with TDWT, TWSBF, PNN, PSRC, PCRC,
MIMPCA, Volterra and UPDWT on the AR database.
We randomly select 7, 9, 11, 13, 15 images of each person for training, respectively, and in every case, the remaining images are used for testing. The
average recognition rates of TDWT, TWSBF, PNN, PSRC, PCRC, MIMPCA, Volterra and NUPDWT are shown in Table 2.
Table 2: The average recognition rates on the AR database

Method
TDWT
TWSBF
PNN
PSRC
PCRC
MIMPCA
Volterra
UPDWT

7
81.09%
88.35%
85.29%
77.33%
88.85%
81.09%
84.97%
85.51%

9
82.97%
92.99%
87.74%
82.74%
91.79%
85.93%
88.80%
91.89%

11
88.53%
96.56%
91.49%
84.07%
93.20%
87.74%
90.73%
94.12%

13
94.33%
97.08%
94.16%
85.11%
94.58%
90.24%
92.96%
94.99%

15
93.34%
97.90%
95.67%
88.09%
94.99%
94.49%
94.39%
95.98%

NUPDWT

92.67%

96.41%

97.88%

98.21%

98.34%

In addition, we extract the faces with scarf and faces with sunglasses as
two small sub-databases. In each sub-database, there are 60 individuals with
6 different images each person, and each image is also manually cropped and
resized to 50 × 40 pixels. We randomly choose 3 images for training, and
the remaining images are used for testing. The average recognition rates are
shown in Table 3.
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Table 3: The face recognition rates on the AR’s sub-databases

Scenarios
TDWT
TWSBF
PNN
PSRC
PCRC
MIMPCA
Volterra
UPDWT

Sunglasses
80.56%
83.50%
70.14%
88.67%
91.92%
85.06%
80.56%
86.69%

Scarf
83.03%
83.50%
69.11%
85.44%
90.83%
86.47%
83.03%
87.08%

NUPDWT

92.16%

94.33%

From Table 2 and Table 3, it can be easily seen that the proposed
NUPDWT achieves obviously higher recognition rates on the AR face database
in all circumstances, no matter whether there are occluded images in the
training and testing set or not, which proves that our method performs well
for the images with occlusion.
4.3. Experiments on the FERET Database
The FERET database is one of the most useful databases for face recognition. The images are taken under different poses and illumination conditions.
The FERET database in our experiment contains 1,200 face images of 200
people and the sizes of all images are tailored into 80 × 80. Figure 8 shows
18 sample images of 3 persons in the FERET database.

Figure 8: Images of the FERET database

We randomly choose 1, 2, 3, 4, 5 images of each person for training, respectively, and in every case, the remaining images for testing. The average
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recognition rates of each methods are shown in Table 4, and it can be easily
seen that the recognition rates of NUPDWT are higher than the other methods on the database of FERET. In addition, we can see our method can also
be used to solve problem with small changes of pose.
Table 4: The average recognition rates on the FERET database

Method
TDWT
TWSBF
PNN
PSRC
PCRC
MIMPCA
Volterra
UPDWT

1
30.61%
27.04%
34.13%
11.79%
13.61%
43.82%
27.16%
34.78%

2
40.47%
37.58%
44.60%
21.30%
22.12%
60.90%
33.04%
55.32%

3
49.82%
47.78%
53.32%
25.10%
24.13%
72.79%
47.26%
67.61%

4
59.75%
51.68%
58.66%
35.84%
25.68%
80.95%
56.25%
69.44%

5
63.20%
55.55%
60.50%
42.30%
30.32%
82.98%
63.20%
82.20%

NUPDWT

44.12%

65.14%

76.82%

85.91%

90.63%

4.4. Experiments on the Extended Yale B Database
The Extended Yale B database contains images of 38 individuals, and
each person has 64 different images with the size of 192 × 168 pixels under
9 poses and 64 illumination conditions. In our experiments we choose the
former 40 images per person. The examples of this database are shown in
Figure 9.

Figure 9: Images of the Extended Yale B database
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We compare NUPDWT with TDWT, TWSBF, PNN, PSRC, PCRC,
MIMPCA, Volterra and UPDWT on the Extended Yale B database.
We randomly choose 20 images per person for training, and the remaining
samples for testing. The average recognition rates are shown in Table 5. RR
in table represents “recognition rate”.
Table 5: Recognition rates on the Extended Yale B database

Method
TDWT
TWSBF
PNN
PSRC
PCRC
MIMPCA
Volterra
UPDWT

AverageRR
89.78%
40.12%
95.11%
94.18%
97.43%
75.13%
71.65%
93.33%

M inRR
81.05%
33.03%
92.76%
88.68%
90.13%
70.79%
62.24%
88.68%

M axRR
96.32%
44.74%
96.84%
97.36%
100%
80.92%
76.05%
96.58%

NUPDWT

98.74%

97.10%

99.87%

From Table 5, it can be easily seen that on the database of Extended
Yale B, the average recognition rate of NUPDWT are higher than the other
methods and the difference between the MinRR and MaxRR is the smallest
in NUPDWT, which indicates that the proposed method is more robust than
other methods.
What’s more, we can confirm from these experimental results that the
use of non-uniformly patch strategy alleviates the influence of illumination
variations even when such noise is presented in both training and testing
samples.
4.5. Experiments on the LFW Database
The LFW database contains images of 5749 different individuals in unconstrained environment [34]. The database here is a sub-database which
gathers the subjects including no less than ten samples. It contains 158 individuals and each person has 10 different images with the size of 64 × 64
pixels. The examples of this database are shown in Figure 10.
We compare NUPDWT with TDWT, TWSBF, PNN, PSRC, PCRC,
MIMPCA, Volterra and UPDWT on the LFW database.
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Figure 10: Images of the LFW database

We randomly choose 1, 3, 5, 7, 9 images per person for training, respectively, and in every case, the remaining images for testing. The average
recognition rates are shown in Table 6.
Table 6: The average recognition rates on the LFW database

Method
TDWT
TWSBF
PNN
PSRC
PCRC
MIMPCA
Volterra
UPDWT

1
4.37%
3.54%
4.67%
5.28%
6.26%
4.12%
2.91%
5.86%

3
7.19%
5.48%
8.42%
8.64%
10.91%
6.36%
4.60%
10.96%

5
11.39%
7.06%
10.70%
9.87%
13.70%
7.75%
5.49%
14.22%

7
17.23%
8.37%
12.51%
11.16%
15.36%
9.11%
6.30%
17.34%

9
18.96%
9.72%
14.37%
12.91%
16.32%
10.47%
6.00%
18.95%

NUPDWT

5.94%

11.17%

14.42%

17.34%

19.02%

From Table 6, one can see when training number is 1, NUPDWT has the
second higher recognition rate only to PCRC. As the training number increases, NUPDWT and UPDWT perform much better than other methods,
while the recognition performance is improved by NUPDWT to a larger extent. However, due to the unconstrained environment such as great changes
on expression especially on pose, the recognition effectiveness of all the comparative methods on the LFW database are not ideal.
4.6. Experiments Analysis
It can be seen from the experiments implemented above that the recognition rates of our method are always higher than the methods based on
2D-DWT(such as TDWT and TWSBF) due to the consideration of the subbands’ properties and the using of the patch strategy; when compared with
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some patch-based methods, such as PNN, PCRC, PSRC, and MIMPCA, the
advantage of the non-uniform patch strategy in our method can be exhibited;
though our method and Volterra adopt the same voting strategy, our method
outperforms Volterra because the patches in our method are non-uniform so
that the integrity of some important local information can be maintained.
5. Conclusions
Considering the physics meaning of 2D-DWT’s sub-bands, applying the
technology of integral projection on the sub-bands, and employing the idea of
overlapped patches, we proposed an overlapped non-uniform patch strategy
in this paper. By using NN and majority voting, we accomplished the classification. Thus the new method was proposed. It contained the advantages
of taking better consideration of the sub-bands’ properties and retaining the
integrity of local information. We implemented the new method as well as
TDWT, TWSBF, PNN, PSRC, PCRC, MIMPCA, Volterra and UPDWT on
the AR, FERET, Extended Yale B and LFW face databases, and the numerical results showed that the new face recognition method outperformed
other methods, which revealed the superiority of the proposed overlapped
non-uniform patch strategy.
The strategy of patch in our method was proposed based on the average
image of training samples and complemented on the top-level’s sub-band LL
of all samples. If every sample can be further partitioned according to its
own geometry structure, then the obtained patches will be better for retaining the integrity of local information, which maybe lead to more effective
method for face recognition. In addition, the proposed method performed
well with frontal or near-frontal facial images, but it can’t effectively deal
with the images under great changes on pose, as 2D-DWT cannot solve pose
problem effectively. Face recognition under complex conditions, especially
the different poses is a challenging and valuable issue. These are our study
topics in the future.
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