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Abstract: This paper proposes a new face recognition system based on combining two feature extraction
techniques: the Vander Lugt correlator (VLC) and Gabor ordinal measures (GOM). The proposed system
relies on the execution speed of VLC and the robustness of GOM. In this system, we applied the Tan and
Triggs and retina modeling enhancement techniques, which are well suited for VLC and GOM, respectively.
We evaluated our system on the standard FERET probe data sets and on extended YaleB database. The
obtained results exhibited better face recognition rates in a shorter execution time compared to the GOM
technique.
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1 Introduction
Because of the increase and complexity of criminal behavior inmodern societies, robust and efficient authen-
tication systems became vital. Compared to traditional token (Id Card, badge, . . . ) and knowledge-based
systems (PIN, Password, . . . ), which can be either forgotten or stolen, biometric authentication systems offer
a better solution for a wide range of applications like access control, criminal identification, etc.

Different modalities are used in biometric systems such as iris, fingerprint, voice, and face recognition.
The latter is widely used for many factors. Interestingly, such a system is able to recognize people without
their interaction. In addition, this makes the task more difficult due to some challenging factors such as
pose variation, luminosity, facial expression in addition to the aging and the time-precision compromise.
A face recognition system rests on four main steps: face detection, preprocessing, feature extraction, and
classification.

The Gabor wavelet feature extraction techniques showed promising results in face recognition applica-
tions like the Gabor ordinal measures (GOM) [4, 9] and optic-based techniques like the Vander Lugt correlator
(VLC) [1, 8], which represents a fast face recognition system.

In this paper, we propose combining these two techniques in order to take profit from the speed of VLC
and the precision of GOM.

This work is outlined as follows: in Section 2, we describe the preprocessing techniques used in our sys-
tem. Section 3 contains our proposed hybrid face recognition system. The experimental results are presented
in Section 4. Finally, conclusions are drawn in Section 5.
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2 Preprocessing
Preprocessing is a crucial step for feature extraction and then for the performance of the face recognition
system. This preprocessing is composed of three steps as shown in Figure 1: landmark detection, image
alignment and cropping, and Tan and Triggs [20, 21] preprocessing or retina modeling.

2.1 Landmark Detection

In general, there are three main methods to locate the facial landmarks from a face image: the first category
performs a sliding window search based on local-patch classifiers, which encounters the problems of the
ambiguity or corruption in local features [25]. The second category of methods is the well-known framework
of the active shape model (ASM) [2] and the active appearance model (AAM) [5]. These methods fit a genera-
tive model for the global facial appearance and are, hence, robust to local corruptions. However, to estimate
the parameters in the generative models, expensive iterative steps are required.

Recently, a new framework based on explicit regressionmethodswas proposed [3, 18]. In this framework,
the problem of landmark localization is considered directly as a regression task, and a holistic regression is
used to compute the landmark coordinates from raw input pixels. Compared to the previous methods, this
framework is more robust and stable as the global contextual information is incorporated at the beginning.
It is also more efficient as no iterative fitting step or sliding window search is required. Instead of the random
ferns (group of features) used in Ref. [3], Sun et al. [18] applied a more powerful deep convolutional neural
network (DCNN) in the regression framework and achieved a state-of-the-art performance [25].

2.2 Tan and Triggs

The preprocessing technique proposed by Tan and Triggs consists of three steps [21]: gamma correction,
Difference of Gaussian (DoG) filtering, and contrast equalization as shown in the Figure 2.

2.2.1 Gamma Correction

The gamma correction is a nonlinear gray-level transformation that replaces the gray-level I with IGC

IGC =

{︃
Iγ if γ > 0

log(I) if γ = 0
(1)

where γ ∈ [0, 1] is a user-defined parameter. It has the effect of enhancing the local dynamic range of the
image in dark or shadowed regions, while compressing it in bright and at highlight regions.
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2.2.2 DoG Filtering

This step is achieved by a convolutional product between the enhanced image I’ and the DoG filter. The DoG
filter is a bandpass filter describedby equation (2). Thehigh-pass filtering simplifies the recognitionby remov-
ing the incidental information and reducing the aliasing and noise without affecting the performance of the
recognition system. Instead, in many cases, the high-pass filter increases the performance.

DoG(x, y) =
1
2π

[︃
1
σ21
e

− x2+y2

σ21 − 1
σ22
e

− x2+y2

σ22

]︃
(2)

where the standard deviations of the two Gaussians are σ1 = 1, σ2 = 2.

2.2.3 Contrast Equalization

The contrast equalization is the final step of the preprocessing chain. This step consists in rescaling the
image intensities to standardize a robustmeasurement of overall contrast or intensity variation. This contrast
equalization is based on the application of the following equations consecutively.

ICE(x, y) =
I(x, y)(︀

mean
(︀
|I(x, y)|α

)︀)︀1/α (3)

I(x, y) =
ICE(x, y)

(mean
(︀
min

(︀
τ, |I(x, y)|)α

)︀)︀1/α (4)

With α is a strongly compressive exponent that reduces the influence of large values; τ is a threshold used
to truncate large values after the first phase of normalization.

2.3 Retina Modeling

The retina modeling is a preprocessing technique for removing illumination variation [23]. It is based on two
consecutive adaptive nonlinear operations that act as an efficient light adaptation filter followed by a DoG
filtering as shown in Figure 3.

For each pixel of the input image, the first nonlinear function is computed by performing a low-pass filter.
The computation of the adaptation factor F1(x, y) of each pixel is performed as follows:

F1(x, y) = (Iin(x, y) * G1) +
mean(Iin(x, y))

2 (5)

where G1 is a 2D Gaussian low-pass filter with standard deviation equal to 1 [23].
Using the adaptation factor F1, the first light-adapted image Ila1(x, y) is computed using equation (6):

Ila1(x, y) = (max(Iin(x, y)) + F1(x, y))
Iin(x, y)

Iin(x, y) + F1(x, y)
(6)

where max(Iin(x, y)) is the maximum value of the image intensity.
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The second light-adapted image Ila2(x, y) is obtained by equation (7):

Ila2(x, y) = (Ila1(max) + F2(x, y))
Ila1(x, y)

Ila1(x, y) + F2(x, y)
(7)

with

F2(x, y) = Ila1(x, y) * G2(x, y) +
mean(Ila1(x, y))

2 (8)

where G2 is a 2D Gaussian low-pass filter with standard deviation equal to 3.
The second light-adapted image Ila2 is then processed by DoG filter.

3 Proposed Face Recognition System
Our recognition system consists in combining two feature extraction techniques as shown in Figure 4: VLC
and GOM. First, the biometric signature is verified using VLC as a feature extraction technique. If this
signature is rejected, a second step is performed using GOM for feature extraction.

3.1 Vander Lugt Correlator

The VLC is one of the optical correlation techniques (OCT) that are based on the all-optical setup and are
characterized by their discrimination capability and their ability of instantly detecting and estimating target
objects [2, 25].

As shown in Figure 5, the VLC is composed by three planes and two lenses: the input plane, the Fourier
plane, and the correlation plane. Each two planes are separated by a convergent lens. The first lens performs
the Fourier transform FT of the target image. The second performs the inverse Fourier transform FT−1 of the
multiplication result between the spectrum of the target image and the correlation filter [2].

The VLC, as shown in Figure 6, is based on the multiplication of the spectrum of the target image by a
correlation filter made from a reference image. The inverse Fourier transform is then applied to the obtained
image.

The similarity degree between the target and the reference images is then provided by the correlation
result, which is characterized by the central correlation peak.
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Features extraction
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Features extraction

(GOM)Similarity score Similarity score Identification
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Figure 4: Proposed Face Recognition System.
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To evaluate the correlation, the peak-to-correlation energy (PCE) is defined by equation (9) as the energy
of the peak correlation normalized to the total energy of the correlation plane.

PCE =

∑︀N
i,j Epeak(i, j)∑︀M

i,j Ecorrelationplane (i, j)
(9)

whereN andM refer to the size of the peak correlation spot and the size of the correlation plane, respectively.
We opted for a phase-only filter: HPOF, where the POF is an optimized filter defined by:

HPOF(µ, ν) =
R*(µ, ν)
|R(µ, ν)|

(10)

where R*(µ, ν) is the complex conjugate of the spectrum of the reference image.
As all optical implementations are rather complex to develop, many researchers were interested in the

numerical implementation of the correlation [25], which shows a good compromise between performance
and simplicity. In this work, we used the numerical implementation of VLC.

3.2 Gabor Ordinal Measures

TheGOM is a local feature extraction technique that showed a good performance in pattern recognition appli-
cations due to the discrimination capability of the Gabor wavelet [15, 17] and the robustness of the ordinal
measures [10, 19].

As shown in Figure 7, the process of GOM feature extraction consistsmainly of five steps: 1) applyingmul-
tiresolution and orientation Gabor filters to the input image, 2) deriving ordinal measures from Gabor filter
responses, 3) encoding multiple ordinal measures, 4) concatenating histograms of the encoded images, and
5) applying the linear discriminant analysis to reduce the feature vector size.

3.2.1 Gabor Filters

Gabor filters are based on the Gabor wavelet [6, 7, 17], which are widely used in pattern recognition appli-
cations due to their performance that could be explained by their similarity with the visual cortex in the
mammalian brain.

A family of 2D Gabor filters composed of five scales and eight orientations as shown in Figure 8 is
described by equation (11) [12]:

ψµ,ν =
‖kµ,ν‖2

σ2 e

(︂
− ‖kµ,ν‖2‖z‖2

2σ2

)︂[︂
eikµ,νz − e− σ2

2

]︂
(11)
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Figure 7: GOM Face Recognition System.
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A B

Figure 8: Gabor Wavelet Filter Bank: (A) Real Parts, (B) Magnitude.

where µ ∈ {0, . . . , 7} and ν ∈ {0, . . . , 4} refer to the orientations and the scales of the Gabor filters, respec-
tively, and z = (x, y) represents the spatial position. The wave vector kµ,ν = kνeiϕµ has a magnitude kν =
kmax/λν, where λ is the frequency ratio between filters and ϕµ = πµ/8.

The response of the input image (I) to the Gabor filter family is obtained by the convolution of the image
I with each filter ψµ,ν.

Gµ,ν(x, y) = I(x, y) *ψµ,ν(z) (12)

The Gabor filtering provides four types of images: Gabor magnitude feature images, Gabor phase feature
images, real Gabor feature images, and imaginary Gabor feature images.

3.2.2 Ordinal Measures

Ordinal measure is a qualitative relationship between the average intensity values of two or more image
regions [19].

Ordinal measures can be defined as multi-lobe differential filters (MLDF) [4]:

MLDF = Cp
Np∑︁
i=1

1√︀
2πδpi

e

[︃
−(X−ωpi)2

2δpi2

]︃
− CN

Nn∑︁
j=1

1√︀
2πδnj

e

[︃
−(X−ωnj)2

2δnj2

]︃
(13)

where ω and δ represent the central position and the scale of a 2D Gaussian filter, Np and Nn are the num-
bers of positive and negative lobes, respectively. Cp and Cn are two constants used to maintain the balance
between positive and negative lobes (CpNp = CnNn) as shown in Figure 9.

The ordinal features GOM_mi
µ,ν , GOM_piµ,ν , GOM_riµ,ν and GOM_i

i
µ,ν are extracted as follows:

For Gabor magnitude feature images Mµ,ν:

GOM_mi
µ,ν(x, y) =

{︃
1 if Mµ,ν(x, y) *MLDFi > 0
0 if Mµ,ν(x, y) *MLDFi 6 0

(14)

For Gabor phase features image θµ,ν:

GOM_piµ,ν(x, y) =

⎧⎨⎩ 1 if 0 6
⃒⃒⃒
θµ,ν(x, y) *MLDFi

⃒⃒⃒
6 0.5π

0 if 0.5π <
⃒⃒⃒
θµ,ν(x, y) *MLDFi

⃒⃒⃒
6 2π

(15)

For real Gabor features image Reµ,ν:

GOM_riµ,ν(x, y) =

{︃
1 if Reµ,ν(x, y) > 0
0 if Reµ,ν(x, y) 6 0

(16)
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Figure 9: Ordinal Filters: (A) Bi-Lobe, (B) Tri-Lobe.

For imaginary Gabor features image Imµ,ν:

GOM_iiµ,ν(x, y) =

{︃
1 if Imµ,ν(x, y) > 0
0 if Imµ,ν(x, y) 6 0

(17)

with i ∈ {1, . . . , 8}

3.2.3 Encoding GOM_α Features

The GOM_αiµ,ν feature obtained from the ith ordinal filter is a binary image. As we used eight orientations,
the eight resultant binary images can be combined to form a grayscale image GOM_map_αiν for each scale ν
(as shown in Figure 10).

The encoding is described by equation (18):

GOM_map_αiν(x, y) =
7∑︁

µ=0

(︁
GOM_αiµ,ν(x, y) * 2µ

)︁
(18)

where α ∈ {m: magnitude, p: phase, r: real, i: imaginary} and GOM_map_αiν(x, y) is the texture primitive
obtained at (x, y) for the ith ordinal measure at scale ν.

GOM_α0,υ (x,y)i

GOM_α7,υ (x,y)i

υ
 (x,y)

i
GOM_map_α

Figure 10: GOM Encoding Process.
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3.2.4 Histogram Representation

The obtainedGOM_map_α are divided into blocks. For each block, a 64-bin histogram is calculated, followed
by L2hys normalization. Normalized histograms of the different GOM_map are concatenated to form a GOM
feature.

3.2.5 Linear Discriminant Analysis (LDA)

The LDA is a statistical approach widely used in dimensionality reduction and supervised classification to
find the set of projection vectors, which maximize the between-class and minimize the within-class. This
technique is used to reduce the feature vector dimension of each block.

4 Experiments

4.1 FERET Database

The performance of the proposed technique is evaluated using the FERET database [14], which is one of the
most used databases in face recognition research community. It contains standard partitions: a gallery (Fa)
and twoprobe sets (Fb) and (Fc),where the gallery (Fa) contains 1196 frontal face images as shown in Figure 11
with one image per person, the (Fb) probe set contains 1195 images with different facial expressions, and the
(Fc) probe set contains 194 images with variations of lighting.

To evaluate our system, we used the gallery for the identification stage and the training set, which
contains 1002 images for 429 subjects, for the LDA.

4.2 Extended YaleB Database

This database contains frontal face images under various illumination and expression conditions for 38
persons. In total, it has 2412 images. We used one image per person for the training and the rest for the
evaluation [13].

4.3 Experimental Settings

A preprocessing step is performed before the evaluation of the different algorithms. A geometrical normal-
ization of the images consists in resizing the image to a 128 × 160 region of interest according to the position
of the eyes. In order to reduce the effect of the illumination variation, local shadowing, and highlights, the
two preprocessing sequences proposed by Tan and Triggs [20] and Son Vu and Caplier [23] are performed.

For the proposed recognition system, as shown in Table 1, we performed eight tests with the two
preprocessing techniques. For the first four tests, we used only one feature extraction technique.

In the first and second tests, we, respectively, performed Tan and Triggs and retina modeling as a
preprocessing method and VLC for feature extraction.

Figure 11: Examples of FERET Database Images.
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Table 1: Test Scenarios.

Preprocessing technique Feature extraction

Test 1 Tan and Triggs VLC
Test 2 Retina modeling VLC
Test 3 Tan and Triggs GOM
Test 4 Retina modeling GOM
Test 5 Tan and Triggs VLC and GOM
Test 6 Retina modeling VLC and GOM
Test 7 Retina modeling VLC

Tan and Triggs GOM
Test 8 Tan and Triggs VLC

Retina modeling GOM

In the third and fourth tests, we, respectively, performed Tan and Triggs and retina modeling as a
preprocessing method and GOM for feature extraction.

For the fifth, sixth, seventh, and eighth tests, we combined the two feature extraction techniques.
For the fifth test, we first performed the Tan and Triggs test for both VLC and GOM.
For the sixth test, we first performed the retina modeling for both VLC and GOM.
For the seventh test, we performed the retina modeling for the VLC and Tan and Triggs for the GOM.
Finally, we performed Tan and Triggs for the VLC and the retina modeling for the GOM.
In theGOMmethod,we used only theGabormagnitude features.We reduced the dimension of each block

feature vector from 2560 to 260 using LDA. The cosine distance is then used for the classification.

4.4 Results and Discussion

From test 1 and test 2 in Table 2, we can see that the VLC technique gives better results when using Tan and
Triggs techniques. This can be explained by the fact that the spectrum of the preprocessed image using the
Tan and Triggs method is richer than the retina modeling as shown in Figure 12.

Table 2: FERET Data Sets Result.

Enhancement techniques Feature extraction Fb Fc

Test 1 Tan and Triggs VLC 77.41 85.57
Test 2 Retina modeling VLC 73.72 81.96
Test 3 Tan and Triggs GOM 98.16 99.48
Test 4 Retina modeling GOM 99.00 99.48
Test 5 Tan and Triggs VLC and GOM 98.16 99.48
Test 6 Retina modeling VLC and GOM 99.00 99.48
Test 7 Tan and Triggs VLC 99.00 99.48

Retina modeling GOM
Test 8 Retina modeling VLC 98.16 99.48

Tan and Triggs GOM

A B

Figure 12: Image Spectrum Using (A) Tan and Triggs, (B) Retina Modeling.
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However, the retina processing contains a low-pass filtering step, which eliminates high frequencies
containing information useful for the recognition.

From tests 3 and 4 in Table 2, we deduce that for the GOM feature extraction, the two preprocessing
techniques give almost the same results for Fb and Fc.

From the last four tests (test 5 to test 8), in which we combined the two feature extraction techniques VLC
and GOM, we deduce that test 7 gives a better recognition rate when using, respectively, Tan and Triggs and
retina modeling for image enhancement.

Table 3 shows the mean computation time for each data set using the proposed system. This time is
computed as follows:

Tm =
WCVLC * TVLC + MCVLC * TGOM

WCVLC + MCVLC
(19)

where WCVLC is the number of well-classified images using VLC, TVLC is the mean computational time of
VLC, MCVLC is the number of misclassified images using VLC, and TGOM is the mean computational time of
GOM.

Figure 13 shows that the proposed systembased on the combination of VLC andGOMalmost outperforms
the GOM algorithm on each probe set.

Table 3:Mean Computation Time per Image.

Data set Proposed method (ms) GOM (ms)

Fb 107 486
Fc 69 486

Figure 13: Examples of Extended YaleB Database Images.
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Figure 15: Results on the Whole FERET Database.

Table 4: Results on Extended YaleB Database.

Method Recognition rate (%)

ADL + SVM [16] 82.91
SRC [24] 80.5
LC-KSVD [11] 95
SADL [22] 94.91
VLC + GOM 96.21

Figure 14 shows that the proposed systembased on the combination of VLC andGOMalmost outperforms
the GOM algorithm on the whole FERET database (see Figure 15).

Table 4 shows the recognition rate of the proposed technique on the extended YaleB database using one
image for the training and the rest for the testing. This table shows that our systemoutperforms other systems,
although we only used one image for the training stage.

5 Conclusion
We combined the VLC and GOM feature extraction techniques in order to reduce the computational time and
improve the accuracy of our face recognition system. Before each extraction technique, a preprocessing step
was performed. We processed eight test scenarios to compare the effect of the preprocessing techniques on
the performance of our system.

The results clearly showed that combining Tan and Triggs with the VLC and retina modeling with the
GOM outperformed the other combinations on all the probe sets of the FERET database.

In this work, we proposed a new face recognition system that combines the VLC and GOM as fea-
ture extractions. This system outperforms systems based on the GOM technique in recognition rate and
computation time.

Despite combining the GOM and VLC, the computation time for the system was still important due to
the use of the Gabor wavelet. Our next work shall consist in a face recognition system that maintains the
recognition rate performed by GOM and VLC and reduce the computation time.
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