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Abstract
This paper explores the combination of two types of features to evolve hybrid features. The first hybrid
features arise on the application of the fuzzification function on the wavelet decomposed images and
the second hybrid features are the result of applying the fuzzification function on the convolved face
images with the Gabor filter bank. The Gabor fuzzy features show a better performance in terms
of ROC whereas the wavelet fuzzy features have an edge over the Gabor fuzzy features in terms
of identification accuracy as given by support vector machines (SVM). The algorithm was tested on
ORL (Olivetti Research Laboratory) database that has slight orientations in face images.
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Introduction
The face recognition is one of the most important applications of the Biometric based authentication
systems. During the past few decades, it has received a considerable attention, because of a large number
of application areas such as Entertainment, Smart Cards, Information Security, Law Enforcement,
Surveillance etc.

Face recognition involves a range of activities from many aspects of human life. Humans are good at
face recognition and now machine learning is being improved to do this task. Identification of people
in different environments requires three steps: acquisition, normalization and recognition. Acquisition
involves the detection and tracking of face-like patches in the dynamic scenes. Normalization is the
segmentation, alignment and standardization of the face images, and finally recognition is concerned
with the representation via modeling of face images and association of face images with the models
learned.

The methods reported in the literature are broadly classified into: i) Holistic matching methods in
which the whole face acts as an input to the recognition system, ii) Feature based matching methods, in
which as the name indicates, the local features such as eyes, mouth, and nose are first extracted and their
locations and the local statistics are fed to the recognition system, and iii) Hybrid methods where the
recognition system makes use of both the local features as well as the whole face region to recognize the
face.

Schneiderman and Kanade [8] apply statistical likelihood tests using feature output histograms to create
the detection scheme. Rowley and Kanade in [7] use neural network-based filters to obtain the benchmark
results. In another early work, Papageorgiou et al. [5] propose a general object detection scheme that uses
a wavelet representation and statistical learning techniques. Osuna et al. [4] apply Vapnik’s support vector
machine for the face detection, and Romdhani et al. [6] improve upon this work by creating the reduced
training vector sets. Fleuret and Geman attempt a coarse-to-fine approach to face detection, focusing on
minimizing the computation involved [3]. In perhaps the most impressive paper, Viola and Jones use the
concept of an “integral image”, along with the rectangular feature representation and Adaboost learning
algorithm to detect faces at the rate of 15 frames per second [2]. Several basic face recognition techniques
exist suitable to the frontal faces. These include: eigenfaces, neural networks, dynamic link architecture,
hidden Markov model and geometrical feature matching. These approaches are analyzed in terms of the
facial representations adopted by them [1].

The Proposed Hybrid Features
Here we will be exploring two hybrid features, viz., Wavelet-fuzzy and Gabor-fuzzy. We will now
elaborate these features.

Wavelet Fuzzy Features
Wavelets are immensely suitable for texture analysis. We are inclined to investigate the effectiveness of
Haar wavelets on the face. Simplicity of these wavelets is an overriding factor in the choice of these
wavelets though other celebrated wavelets such as Daubechies wavelets, Symlets are also tried but the
improvement accrued from the latter ones does not justify their use [9].

A two-dimensional discrete wavelet transform is applied on the ROI of a face resulting in four
subbands: HL1, LH1 and HH1 which correspond to detail images, viz., Horizontal H1, Vertical V1,
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and Diagonal D1 respectively, and LL1 which corresponds to Approximation image A1 at the first
level of decomposition. Note that H1, V1 and D1 together contribute to a detail image. Thus in any
decomposition, the detail images include horizontal, vertical and diagonal parts. The subscript 1 changes
to i for the ith level of decomposition. Fig. 1 shows one level of decomposition. Note that A1 can be
further decomposed into four sub bands and the process is repeated till the information from An at the
nth decomposition is insignificant.

In this work, a face image is decomposed into three time scales using Haar wavelets. At the third level
of decomposition the approximation image A3 is very insignificant hence it is not considered. But the
detail images in all three decompositions are considered for feature extraction. The three detail images
(Hi, Vi, Di) resulting from decomposition are superimposed to yield a Composite image Si. It may be
noted that as the decomposition level increases the size of the detail images also decreases.

As we have three decompositions there will be three composite detail images Sd, d=1,2,3 of different
sizes (i.e. the size of 1st Composite detail image S1 is 56x46; that of 2nd composite detail image S2 is
28x23 and of 3rd Composite detail image S3 is 14x12). These images are divided into non overlapping
windows of size WxW [10]. The total number of windows k=1,2,. . . ,K is dependent upon the size of the
window chosen. From each window, energy feature is calculated as:

Sd(x, y) = Hd(x, y) + Vd(x, y) +Dd(x, y), d = 1, 2, 3 (1)

Ed(k) =

W∑
x=1

W∑
y=1

(Sd(x, y))
2, d = 1, 2, 3 (2)

where k is the kth window in dth Composite detail image. Note that the three windows K from three
Composite detail images provide us the features. However, the Composite detail images are not utilized
for the extraction of features because the Approximation images are found to yield better performance.

Figure 1. 2D one-level DWT decomposition

The faces generally possess random texture. We are mainly interested in capturing the random texture
from the Approximation images Ai. We will now see how to tap the uncertainty from the Approximation
images arising out of the decompositions discussed above. As we have three decompositions there are
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three Approximation images. As noted above the third Approximation image is quite insignificant so we
are left with two Approximation images A1 and A2 for extracting the fuzzy features.

These Approximation images separately become ROI’s for the extraction of fuzzy features. The steps
involved in this process are explained in the following algorithm.
An algorithm for the feature extraction

1. The ROI is divided into a number of non-overlapping windows of size WxW.
2. The average intensity Iavg in the kth window is found using:

Iavg(k) =
1

WxW

W∑
x=1

W∑
y=1

I(x, y) (3)

3. The maximum intensity, Imax in the kth window is found.
4. The membership function µxy of every pixel in the kth window is computed from

µxy =

(
|I(x, y)− Iavg(k)|

Imax

)
(4)

The above membership grade gives very low values(0 to 0.2); so we subtract it from unity to make
them close to 1 in the range (0.8 to 1). In view of this we consider as the membership function. Note that
the membership function in (4) has an arbitrary shape but captures the random texture quite effectively.

5. The cumulative response representing the texture information in the kth window is computed from:

Iµ̄(k) =

∑∑
(µ̄xy · I(x, y))∑∑

µ̄xy
(5)

The above cumulative response represents the texture. It is called a fuzzy feature for it is derived using
fuzzy logic.

Note that the fuzzy features are the outcome of the fuzzification of the Approximation images.
As far as the extraction of wavelet-fuzzy features is concerned, four windows of sizes 3x3, 5x5, 7x7

and 9x9 are taken for the experimentation. The lengths of wavelet-fuzzy feature vectors corresponding to
four windows come out to 270; 99; 48; 30 on A1 and 63; 20; 12; 06 on A2. These features are subject to
classification by both Euclidean distance and SVM classifiers.

Gabor Fuzzy Features
Here we use the Gabor filter bank with different orientations and frequencies. The output of each filter is
convolved with the original image I(x,y) and the convolved outputs of the different filters are averaged to
get the features of the image. A set of Gabor functions is used to extract features from face images. The
filter function has two parts given by

f(x, y) = fr(x, y) + jf i(x, y) (6)

Where fr(x, y) and f i(x, y) are the real and imaginary parts of 2D Gabor filters respectively. They
have the following forms:
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fr(x, y) =
1

2πλγ
exp

[
−1

2

(
x′2

λ2
+

y′2

γ2

)]
cos(2πFux

′) (7)

f i(x, y) =
1

2πλγ
exp

[
−1

2

(
x′2

λ2
+

y′2

γ2

)]
sin(2πFux

′) (8)

Where,
x′ = x cos(θv) + y sin(θv)

y′ = −x sin(θv) + y cos(θv)

Fu is the frequency of the sinusoidal plane wave, θv is the orientation of Gabor filter, λ and γ are the
standard deviations of Gaussian envelope along x and y directions respectively. These are considered as
scales. In this study we fix both λ and γ to 3 though these can also be varied accruing another leverage
to manipulate the Gabor filter.

In Eqs.(7) and (8), frequency Fu and orientation are defined by Fu = Fmax/2
(u/2), u = 1, 2, 3 and

θv = vπ
4 , respectively. We take Fmax = 0.25 in our experiments. Each filter function f(x,y) is convolved

with the original image with coordinates x and y, {I(x, y)} to get the complex Gabor output Eu,v(x, y)
as

Eu,v(x, y) = I(x, y) ∗ f(x, y) (9)

This complex output can be decomposed into the real and the imaginary components as

Ru,v(x, y) = Re[Eu,v(x, y)] (10)

Iu,v(x, y) = Im[Eu,v(x, y)] (11)

Using the above, magnitude component Mu,v(x, y) and phase component Pu,v(x, y) are computed
from

Mu,v(x, y) =
√
R2

u,v(x, y) + I2u,v(x, y) (12)

Pu,v(x, y) = tan−1

(
Iu,v(x, y)

Ru,v(x, y)

)
(13)

We will now consider only the magnitude component as it varies significantly with the spatial position
of the Image whereas the phase component is neglected as it varies randomly.

There are 12 Gabor filters corresponding to 3 frequencies and 4 orientations that we have taken for the
filter bank. After convolution with a face image, we get 12 magnitude images. These are averaged out to
get a composite magnitude image of size 112x92. This is resized into the desired image of size 32x32,
which yields the feature vector of length 32x32 = 1024.

All the outputs of the Gabor filter bank called Gabor images (12 Gabor filters with 3 frequencies and
4 orientations) are aggregated and forms the ROI
An algorithm for the feature extraction:

1. The ROI is divided into a number of non-overlapping windows of size WxW.
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2. The average intensity Iavg in the kth window is found using (3)
3. The maximum intensity, Imax in the kth window is found.
4. The membership function µxy of every pixel in the kth window is computed from (4).

In this case also, the above membership grade gives very low values(0 to 0.2); so we subtract it from
unity to make them close to 1 in the range (0.8 to 1). In view of this we consider as the membership
function.

5. The cumulative response representing the texture information in the kth window is computed using
Eq.(5)

Thus Gabor fuzzy features are extracted from the aggregated Gabor image for different window sizes
(3x3,5x5,7x7,9x9)

Results of Implementation
The performance of hybrid features is judged on the ORL database which consists of 40 users and 10
sample faces per user. We have two classifiers: Euclidean distance and SVM. The results of application of
SVM on wavelet-fuzzy features and Gabor-fuzzy features are shown in Tables 1,2, 3 and 4 respectively.
Here we have considered two training to test sample ratios 6:4 and 7:3 for each user.

The implementation of hybrid features on face images is now discussed. A sample face from the
database is shown in Fig.2. The twelve magnitude images obtained from the original face with the
application of Gabor filter bank of 12 filters are shown in Fig. 3. The 12 magnitude images are aggregated
into a composite magnitude image. The size of this image, 112x92 is reduced to 32x32 and the features
called Gabor-fuzzy are extracted. Application of SVM on these gives the maximum recognition rate of
96.8% with the kernel of degrees 3 on window size of 9x9 on 6:4 training test sample ratio. However, the
performance improves to 97.5% on the same window size but with the kernel of degree 3 and the training
to test sample ratio of 7:3. The performance of SVM on wavelet fuzzy features with the window sizes of
5x5 and 7x7 at the decomposition level of 1 with the training to test sample ratio of 6:4 is 96.8%. However
the performance of SVM on wavelet-fuzzy features shoots up to 97.5% on a window size of 3x3 at the
decomposition level of 2. The performance of wavelet fuzzy features with SVM yields the accuracy rate
of 97.5% on the window size of 3x3 using the three kernels of degrees 1,2 and 3 for the decomposition
level of 2 and the training to test sample ratio of 7:3. As SVM gives only the classification (recognition)
accuracy, it does not provide the error rates required for plotting ROC. In this context, Euclidean distance
classifier eliminates this shortcoming. The ROCs resulting from the application of Euclidean classifier on
the two hybrid features (wavelet-fuzzy and Gabor-fuzzy features) are shown in Figs. 4-5. With wavelet
fuzzy features we get GAR of 87.5% at FAR of 0.1 on the window size of 7x7 at the first decomposition
level and GAR of 85.9% at FAR of 0.1 on the window size of 3x3 at the second decomposition level.
With Gabor fuzzy features we also get GAR of 87.5% at 0.1 FAR on the window size of 3x3.

A comparison: To see the relative performance of wavelet-fuzzy and Gabor-fuzzy features, the
wavelets and Gabor filter bank are separately applied. The wavelets give GAR of 86.25% on the second
Approximation images with SVM for the training to test sample ratio of 6:4 (Table 5) whereas Gabor
filter gives 96.2% on the same ratio (Table 6).

The ROC of wavelets show GAR of 65% at FAR of 0.1 on Approximation images in Fig. 6 and that of
Gabor filter shows GAR of 81.5% at FAR of 0.1 in Fig. 7. It may be observed that there is considerable
improvement wavelet-fuzzy features whereas the improvement is marginal with Gabor-fuzzy features.
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Table 1. Results of SVM on Wavelet-Fuzzy features on Approximation Images (6 training: 4 test images)

Level 1 Level 2
Degree 3x3 5x5 7x7 9x9 3x3 5x5 7x7 9x9

1 95.6 96.2 96.8 96.2 96.8 93.1 93.1 69.3
2 96.2 96.8 96.2 95 97.5 91.8 93.1 70
3 96.2 96.8 96.2 93.7 96.8 92.5 91.8 70.6

Table 2. Results of SVM on Wavelet-Fuzzy features on Approximation images (7 training: 3 test images)

A1 A2
3x3 5x5 7x7 9x9 3x3 5x5 7x7 9x9

1 degree 95.8 95.8 95.8 95.8 97.5 94.1 93.3 71.6
2 degree 95.8 96.6 96.6 95.8 97.5 94.1 93.3 75
3 degree 95.8 96.6 96.6 95.8 97.5 94.1 90.8 75.8

Table 3. Results of SVM on Gabor-Fuzzy features

Training: test 6 training: 4 test

Window 3x3 5x5 7x7 9x9

1 degree 95.6 95.6 95.6 95.6
2 degree 96.2 96.2 96.2 96.2
3 degree 96.2 96.2 96.2 96.8

Table 4. Results of SVM on Gabor-Fuzzy features

Training: test 7 training: 3 test

Window 3x3 5x5 7x7 9x9

1 degree 95.8 95.8 95.8 95.8
2 degree 95.8 95.8 95.8 95.8
3 degree 95.8 95.8 96.6 97.5

Figure 2. The original Image
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Figure 3. Twelve Magnitude images for the face image

Figure 4. ROC of wavelet-fuzzy features from two Approximation images on the window sizes of 7x7, 3x3.

Figure 5. ROC of Gabor-fuzzy features (GAR of 87.5% at 0.1 FAR)
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Table 5. Results of SVM on Wavelet features (approximation Images) for the training to test sample ratio of 6:4

Level 1 Level 2 Level 3
Degree 3x3 5x5 3x3 5x5 3x3 5x5

1 81.25 84.37 85.62 86.25 85.62 86.17
2 74.37 78.75 78.75 85.62 78.75 85.62
3 63.12 70 70.62 82.5 70.62 83.12

Table 6. Results of SVM with Gabor features

Different kernels Recognition rate with 6 training + 4 testing

Linear 95.85
2 degree 96.25
3 degree 96.25

Figure 6. ROC with wavelet features

Figure 7. ROC with Gabor features
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Conclusions
Two hybrid features, viz., wavelet-fuzzy and Gabor-fuzzy are investigated in this paper. The wavelet-
fuzzy features are the result of extracting fuzzy features from two Approximation images. These features
are tested using SVM classifier for the training to test sample ratios of 6:4 and 7:3. The recognition has
attained the recognition rate of 97.5% on the window size of 3x3 at the second level of decomposition
with both ratios. The results of wavelets-fuzzy features on composite detail images are not given here for
they are inferior.

The Gabor fuzzy features using SVM classifier yield somewhat inferior recognition rate of 96.8% on
the training to test ratio of 6:4. The same Gabor fuzzy features give 97.5% for the training to test ratio
of 7:3 on the window size of 9x9 with kernel of degree 3. Thus both hybrid features have the same
performance but computationally wavelets are much simpler.

In terms of ROC, wavelet fuzzy features depict GAR of 87.5% at FAR of 0.1 on the window size of
7x7 at the first decomposition level and Gabor fuzzy features also have the same GAR but on the window
size of 3x3.

An appraisal of the performance of the two hybrid features on two classifiers indicates that SVM is
better suited to classification over Euclidean distance. As far as the recognition rate is concerned, the
Gabor-fuzzy features are found comparable to the wavelet fuzzy features.
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