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Abstract: Optical correlation has a rich history in image recognition applications from a database.
In practice, it is simple to implement optically using two lenses or numerically using two Fourier
transforms. Even if correlation is a reliable method for image recognition, it may jeopardize decision
making according to the location, height, and shape of the correlation peak within the correlation
plane. Additionally, correlation is very sensitive to image rotation and scale. To overcome these
issues, in this study, we propose a method of nonparametric modelling of the correlation plane.
Our method is based on a kernel estimation of the regression function used to classify the individual
images in the correlation plane. The basic idea is to improve the decision by taking into consideration
the energy shape and distribution in the correlation plane. The method relies on the calculation
of the Hausdorff distance between the target correlation plane (of the image to recognize) and the
correlation planes obtained from the database (the correlation planes computed from the database
images). Our method is tested for a face recognition application using the Pointing Head Pose Image
Database (PHPID) database. Overall, the results demonstrate good performances of this method
compared to competitive methods in terms of good detection and very low false alarm rates.
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1. Introduction

The use of correlation methods [1–4] remains very competitive despite the abundance of purely
numerical methods, such as Support Vector Machines and neural networks. Correlation is easy to use
in practice because it is based on two Fourier transforms (FTs) and one multiplication in the frequency
domain [5].

For comparison, a deep learning-based method has generally good performance but also significant
drawbacks due to algorithm complexity, implementation difficulty, time-consuming learning processes,
and a high number of computational resources [6]. Most of the developments are devoted to increasing
the performance of correlation methods concentrated in the Fourier plane [7–11] by designing innovative
correlation filters. On the other hand, there exists a growing scientific community dealing with biometric
issues, such as face recognition, fingerprint detection, and early automatic disease detection [12,13].
The primary focus of this paper is to deal with an authentication problem using a database. There
are two kinds of issue, i.e., identification and verification. Here, our primary goal is to optimize the
solution to verification.
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In order to improve the decision performance, our model uses a statistical learning method, i.e., a
supervised classification method. The regression function between the binary output (class of person)
and the input (correlation plane) is nonparametrically estimated for the learning database by making
use of the modified kernel smoothing Nadaraya–Watson algorithm [13,14].

Functional data analysis has recently been developed to statistically analyze curves or objects,
see e.g., Reference [15] for a good introduction to this subject. The interested reader may also refer
to [16] for an overview of nonparametric estimation with functional data. In [17], the authors defined
an extension of the Nadaraya–Watson estimator for objects such as curves by introducing a distance in
the kernel between two functional objects. Here, we propose the use of kernel smoothing estimation to
cope with the correlation plane, and we choose an appropriate distance, i.e., the Hausdorff distance,
to plug in the kernel for estimating the regression function. As a result, it is possible to propose a
decision-making protocol which has dual effects for increasing good decision rates and reducing false
alarm rates.

The rest of this paper is organized as follows. Section 2 provides the correlation principle. After a
short description of the database in Section 3, our overall method is explained in Section 4. Our model
is implemented in Section 5. The method’s accuracy is checked in Section 6, which provides two series
of simulation studies. Section 7 briefly concludes.

2. Modeling Correlation

In essence, a Vander Lugt Correlator (VLC) compared a target image (input plane) with a reference
image. The result of this comparison is presented in the form of a correlation plane. More precisely, the
spectrum of a target image was obtained with a FT and was multiplied by a correlation filter made from
the reference image [1–5]. An inverse FT (FT−1) was then applied to get the output plane containing a
noised correlation peak. The measure of the highest peak (i.e., the peak-to-correlation energy (PCE))
characterized the similarities between the reference and the target images. To validate our approach,
we used a classical phase-only filter (POF), see Figure 1.
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3. Dataset

Simulation results were obtained using the Pointing Head Pose Image Database (PHPID) [18].
This dataset includes 1302 face pictures: 14 different persons (93 images per person) with different
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orientations (from −90◦ to +90◦ with respect to the horizontal direction and from −10◦ and +10◦ with
respect to the vertical direction). The resolution of each image is 314 × 238 pixels. It is also worth
noting that this database includes a variety of persons (Figure 2), e.g., various skin colors, person with
glasses or not, etc.
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Figure 2. Three selected images from the Pointing Head Pose Image Database (PHPID) dataset.

In this numerical study, different training/testing databases from the PHPID dataset were chosen
in order to demonstrate the efficiency of our method. Once the specific dataset was chosen, tests were
performed as follows: Firstly, a person from the testing database was chosen as a reference person
(person 0). A classical POF filter and an autocorrelation plane were computed for each person in this
dataset. The correlation technique, whose principle is shown in Figure 1, was applied to get the output
correlation plane using the corresponding POF filter for each person in the database. A classification
algorithm based on the Hausdorff distance was then used (Section 4). If the person was recognized,
the analysis ended. If the person was not recognized, the procedure was repeated with another person
from the training database until the training database was empty. Thus, only two possibilities exist,
i.e., either the person is recognized or not.

Several remarks are in order, concerning Figure 3, which is organized in two parts. Part 1 defines
the VLC, whose output is a plane of correlation. Part 2 is the decision part. For each face of the database,
the VLC is used with the target image, thus resulting in a large collection of correlation planes. Next,
the decision-making procedure relies on the Hausdorff distance between the target correlation plane
and the correlation planes coming from the database by selecting a specific bandwidth (hereinafter
described in Section 4).
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By adopting a kernel smoothing classification algorithm, we took care of the shape, location, and
denoising of the peak of correlation. From this algorithm, we learned which correlation plane was
good, and we filtered bad correlation planes. The result of the algorithm was the variable Ŷ, the value
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of which is 0 for non-recognition decision, i.e., the person is not in the database and is equal to 1 for
recognition, i.e., the person is in the database.

4. Overview of the Method

The method was organized in two parts, see Figures 3–5. The first part (Figure 3) was the
construction of a new database containing computed correlation planes. This part was realized by
calculating the correlation plane corresponding to a reference person (person 0) and all or a part of
the series 1 of the PHPID dataset. The different ways of dividing the series 1 constitute the different
training sets, which will be described in Section 6. The testing set is either the whole series 1 or the
whole series 2.
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The second part of our method was the decision part (Figure 4). Considering the correlation
planes and the corresponding label indicating if they are the same person or not (in the training set),
we made our decision on the testing set by estimating the probability of recognition via a kernel
smoothing procedure.

Let us comment on the two-step algorithm represented in Figure 5.

Step 1: Step 1 began with the target image, which is the image to be recognized. The target image was
introduced in a VLC correlator to be compared with all reference images of a database. This
reference image database contains n different persons (X1,. . ., Xn) (Xi is the ith person); Xij
represents the different variations that the person Xi can have (m is the number of variations
considered).

A set of reference images were used with the target image to generate different correlation planes
(Px11,. . .,Pxnm). These correlation planes were then compared in step 2 with pre-computed
correlation planes, known as the reference database.

Step 2: The correlation planes (Px11,. . .,Pxnm) were compared with a correlation plane database
realized in step 1. This database was divided in two parts: The first part contained the
good correlation plane of references and another part listed the bad correlations, i.e., the
false correlation plane of references. We will compare the good and bad correlation planes in
Section 5. The construction of these correlation planes of references was made as follows: The
correlation planes of various images of person A, the correlation planes of various images of
person B, . . ., and the correlations planes of various images of person Z, which constitute the
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good correlation planes of reference. The reference database of bad correlation planes was
constructed as follows: We calculated the correlation planes between various images of person
A and various images of person B, etc.

The comparison shown in Figure 5 was then realized with the Hausdorff distance and by making
use of the kernel smoothing method, which realizes an estimation of the probability of belonging to
the class of a known person (Section 5).

5. Nonparametric Model

The Hausdorff distance is widely used in the context of image recognition, see e.g., [19–21] for
reviews. A modified version of the Hausdorff distance has been also applied to matching objects [22].
The Hausdorff distance can be defined as follows: Let E and F be two non-empty subsets of a metric
space (M, d). The Hausdorff distance is given as:

dH(E, F) = max
{

sup
x∈E

in f
y∈F

d(x, y), sup
x∈F

in f
y∈E

d(x, y)

.

Here, for the purpose of comparing the target and database correlation planes, the Hausdorff
distance between two planes (one with the unknown image and the other one calculated beforehand
for the image present in the database) was evaluated. Once the distance was known, a nonparametric
classification for decision making was performed.

Next, the decision part illustrated in Figure 4 is described. A kernel smoothing estimate of the
regression function was employed. This estimate was used to perform a classification with a given
threshold set to 0.5. Here, we made use of the Nadaraya–Watson estimator of the regression function [15]
for classification. The principle is described as follows: Assume we have (Y1, X1 ), . . . , (Yn, Xn)

independent and identically distributed (i.i.d.) random variables coming from (Y, X) where Y is the
variable labeled by 1, if the person is detected, and 0 otherwise, X is the corresponding correlation plane,
and n denotes the sample size. Let us comment briefly on this i.i.d. sample: This collection of correlation
planes was obtained from the learning database with person 0. Considering a new face image from the
testing dataset, we computed the correlation plane with person 0. We then performed a nonparametric
classification with a kernel estimate of the regression function E(Y|X). Assuming that Y is a Bernoulli
random variable, then P (Y = 1

∣∣∣ X = x) = E(Y
∣∣∣X = x), where P represents the probability measure.

Thus, P (Y = 1
∣∣∣ X = x) is the probability of detection, knowing the autocorrelation plane x. E(Y

∣∣∣X = x)
is the expected value of Y, knowing the autocorrelation plane x. Now let us define an estimator of this
probability as:

Ŷ =


∑n

i=1 YiKh(d(x,Xi))∑n
i=1 Kh(d(x,Xi))

0 i f
n∑

i=1
Kh(d(x, Xi)) = 0

(1)

where Ŷ is a prediction of Y, knowing the correlation plane x, keeping in mind that in our case it is
also an estimate of the probability that Y is equal to 1 at the correlation plane x. Knowing Ŷ, we can
decide if the face image is identical or not. If Ŷ is close to 1, there is a high probability that there is a
good match between the two persons, and if Ŷ is close to zero, the probability that the two persons are
not the same is large. In Equation (1), K is a real asymmetrical kernel, h is the bandwidth (calibration
parameter), Kh(.) = 1

h K( .
h

)
, and d is the Hausdorff distance between images.

For the asymmetrical kernel, we used the asymmetrical version of the Epanechnikov kernel,
namely K(x) = 3

2

(
1− x2

)
1[0,1)(x), where 1[0,1)(.) stands for the indicator function on the set [0, 1).

The use of an asymmetrical kernel is standard in functional data analysis (see Ferraty and Vieu [17])
because the distance is positive for all planes of correlation. Other type of kernels can be used, but our
numerical results show that the Epanechnikov kernel performs better than others. From Equation (1),
we also see that the value of Ŷ ranges from 0 to 1 and represents an estimation of the probability of Y to
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be of class 1, knowing that the X is at the target point x: P (Y = 1
∣∣∣ X = x) . Assume that Yi′ is 1 and x

is close to Xi′ , then the procedure in Equation (1) will affect a value close to 1 to Ŷ.
For convenience, a threshold is set to 0.5, i.e., all values of Ŷ larger to this threshold are recognized,

and vice versa. This threshold value corresponds to an estimation of the Bayes classifiers [23]. The
Bayes classifiers maximizes the probability P (Y = 1

∣∣∣ X = x) . In our case, it corresponds to set Ŷ = 1 to
the plane of correlation with Ŷ ≥ 1

2 and Ŷ = 0 to Ŷ < 1
2 . In the next section, we illustrate this approach

by considering two series of faces from the PHPID database.

6. Numerical Results and Discussion

6.1. A Brief Description of the Training Testing Set

Before the study, we needed correlation planes references. The good and bad planes of references
were made like it is described in step 2 of Section 4. There are also training and testing sets. In order to
clarify these notions, we refer to Figure 5. We call the training set the reference images of step 1 in
Figure 5. The testing set represents the set of all the images of the target images.

6.2. Bandwidth Calibration

To achieve a good prediction, we must first find an optimal bandwidth. In other words, the
parameter h, which appears in the Equation (1) via the kernel function, must be adjusted in order to
eliminate bad behavior of our classification procedure. With the above assumptions in mind, this
requires a tradeoff between bias and variance. A value of h close to 0 will give a good estimate of
the regression function in the learning database. Otherwise, large values of h will eventually affect
the overall error. The optimal bandwidth ĥ realized this task: This is a good compromise between
a low error term and a good capability of prediction. For this purpose, we used a leave-one-out
cross validation procedure to estimate the bandwidth. The training set is made of 126 images: 9 deal

with person 0. The optimal bandwidth is calculated as h = argmin
n∑

i=1

(
Yi − Ŷ(i)

)2
, where Ŷ(i) is the

prediction for person i calculated without the i-th observation. We find that the optimal bandwidth ĥ is
1.06. Now that the optimal bandwidth ĥ is found, we can use the classification algorithm by fixing the
value of ĥ into Equation (1).

6.3. Simulations for a First Series of Faces from the PHPID Database

With a face image of person 0 chosen beforehand, our goal is to determine if person 0 belongs to a
database or not by making use of our classification procedure. The first training set we considered was
made of 126 images, where 9 were coming from person 0. We found that when using this training set,
a mean square error (MSE) of 4.8% on the whole testing set (541 planes of correlation), corresponding
to the first series of the PHPID database, and only one false positive, i.e., a false positive that is an error
of prediction when the person must not be recognized, but the person is recognized by the algorithm
as person 0, it is a type I error. The false negative is of a type II error, occurring when the result of the
algorithm is negative while the true response must be positive. We found that 13 out of 39 images from
the person of reference were recognized. If the entire database was used, the MSE was 0.92%, and only
5 images from person 0 were not recognized.

In Figure 6, we plot the MSE calculated with different numbers of images in the training set. The
training set was made of 14 × (2m + 1) images, where m is the number of images used from either side
of the image centered on the face (horizontal shift) for all 14 persons. 2m + 1 is the total number of
images used for one person: One for the centered face, m images with horizontal shift on the right,
and m images with horizontal shift on the left. We observe that when m is in the range 1–11, the MSE
decreases linearly, but for larger values of m, the MSE is almost constant at a value of 1%, indicating
the good level of performance of our method. Thus, it is not necessary to build a learning process of
the algorithm on the whole database. This avoids the so-called problem of overfitting.
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6.4. Computation Time

With a training set of 541 images, the running time of the algorithm was 11 s. We now show how
to improve the computation time by reducing the image size. One drawback of this method is that
the performance of the algorithm can be affected by reducing the size of the correlation plane. The
selection of one over two pixels was first considered, then an increase by considering 2 out of 3 was
considered, then 3 out of 4 and so on, until 10 out of 11. When selecting 1 out of 2 pixels, it takes almost
0.5 s to perform the algorithm with a MSE of 4.81%. For 4 out of 5 pixels, the MSE is close to 1.5% and
the running time is less than 6 s (Figure 8). In Figure 8, the top plot shows the MSE according to the
number of pixels used and the bottom plot shows the corresponding running time. As the number of
pixels is increased, the MSE decreases due to the loss of information in making the correlation planes.
But the computation time increases with the number of pixels used. A good compromise is to use 4 out
of 5 pixels. This yields to a running time less than 6 s
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6.5. Simulations for a Second Series of Faces from the PHPID Database

Consider a second series of faces from the PHPID database. These simulations differ from the
previous database, since the clothes and haircuts are different and the persons can wear glasses. Here,
there are 93 images of person 0 with different poses. For the training set, we use the 541 images coming
from the series 1 so that we have 39 images of person 0. We find an error rate of 12.9%. For 93 images,
only 12 were not detected. To illustrate the performance of our procedure, Figure 9 shows 4 images
and their corresponding correlation planes. The 4 images have been well recognized by our method,
where the PCE method gives an error. The first column represents the 4 images and the second column
represents the corresponding correlation planes with the image of reference of person 0.
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by PCE.

In order to compare our results with those obtained using the PCE criterion, we provide a
comparison of the ROC curves in Figure 10. We conclude that our method is significantly better than
the method using the PCE criterion. To make this plot, we used 93 images of two persons from the



Sensors 2019, 19, 5092 11 of 12

second series of faces from the PHPID database as the testing set. The training set comprised 541 images
(from which, there were 39 images of person 0) from the first series of faces from the PHPID database.
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7. Conclusions

We presented an innovative method specially designed to enhance the decision performance
for face recognition applications. This approach is based on a classification algorithm by means of
nonparametric estimation of the regression function, which defines the probability of recognition.
A two-step procedure was developed, considering first the construction of the correlation planes and
then the decision-making based on a kernel smoothing regression algorithm. The results and their
discussion show that this easy and fast to implement algorithm performs very well using the PHPID
dataset. Our results are useful because we reach a very good level of recognition, namely less than 1%
of MSE. This method can be extended in parametrically modelling correlation planes.

Author Contributions: Conceptualization, M.S., M.E. M.A., A.A. and C.B.; methodology, M.S., M.E. and A.A.;
software, M.S. and M.A.; validation, A.A. and C.B.; investigation, M.S. and M.E.; resources, M.A.; writing—original
draft preparation, M.S., M.E., M.A. and A.A.; writing—review and editing, M.S., M.E. M.A., A.A. and C.B.;
supervision, A.A. and C.B.

Funding: This research received no external funding.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Alfalou, A.; Brosseau, C. Understanding correlation techniques for face recognition: From basics to
applications. In Face Recognition; Oravec, M., Ed.; In-Tech: Rijeka, Croatia, 2010; pp. 354–380. ISBN
978-953-307-060-5.

2. Elbouz, M.; Alfalou, A.; Brosseau, C. Fuzzy logic and optical correlation-based face recognition method for
patient monitoring application in home video surveillance. Opt. Eng. 2011, 50, 067003. [CrossRef]

http://dx.doi.org/10.1117/1.3582861


Sensors 2019, 19, 5092 12 of 12

3. Weaver, C.S.; Goodman, J.W. A technique for optically convolving two functions. Appl. Opt. 1966, 5, 1248.
[CrossRef] [PubMed]

4. Lugt, V.A. Signal detection by complex spatial filtering. IEEE Trans. Inf. Theory 1964, 10, 139–145. [CrossRef]
5. Goodman, J.W. Introduction to Fourier Optics; McGraw-Hill: New York, NY, USA, 1968.
6. Goodfellow, I.J.; Bengio, J.; Courville, A. Deep Learning; MIT Press: Cambridge, MA, USA, 2016.
7. Marechale, C.S.; Groce, P. Un filtre de fréquences spatial pour l’amélioration du contraste des images optiques.

C. R. Acad. Sci. 1953, 127, 607.
8. Horner, J.; Gianino, P. Phase-only matched filtering. Appl. Opt. 1984, 23, 812. [CrossRef] [PubMed]
9. Taouche, C.; Batouche, M.C.; Chemachema, M.; Taleb-Ahmed, A.; Berkane, M. New face recognition method

based on local binary pattern histogram. In Proceedings of the IEEE International Conference on Sciences and
Techniques of Automatic Control and Computer Engineering (STA), Hammamet, Tunisia, 21–23 December
2014; pp. 508–513.

10. Armitage, J.D.; Lohmann, A.W. Character recognition by incoherent spatial filtering. Appl. Opt. 1965, 4, 461.
[CrossRef]

11. Dai-Xian, Z.; Zhe, S.; Jing, W. Face recognition method combined with gamma transform and Gabor transform.
In Proceedings of the IEEE international Conference on Signal Processing, Communications and Computing
(ICSPCC), Ningbo, China, 19–22 September 2015; pp. 1–4.

12. Marcolin, F.; Vezzetti, E. Novel descriptors for geometrical 3D face analysis. Multimed. Tools Appl. 2017, 76,
13805–13834. [CrossRef]

13. Moos, S.; Marcolin, F.; Tornincasa, S.; Vezzetti, E.; Violante, M.G.; Fracastoro, G.; Speranza, D.; Padula, F.
Cleft lip pathology diagnosis and foetal landmark extraction via 3D geometrical analysis. Int. J. Interact.
Design Manuf. (IJIDeM) 2017, 11. [CrossRef]

14. Wassermann, L. All of Nonparametric Statistics; Springer: New York, NY, USA, 2006.
15. Tsybakov, A. Introduction to Nonparametric Estimation; Springer: New York, NY, USA, 2009.
16. Ramsay, J.; Silverman, B.W. Functional Data Analysis; Springer: New York, NY, USA, 2005.
17. Ferraty, F.; Vieu, P. Nonparametric Functional Data Analysis. Theory and Practice; Springer: Berlin/Heidelberg,

Germany; New York, NY, USA, 2006.
18. Gourier, N.; Hall, D.; Crowley, J.L. Estimating Face Orientation from Robust Detection of Salient Facial

Features. In Proceedings of the Pointing 2004, ICPR, International Workshop on Visual Observation of
Deictic Gestures, Cambridge, UK, 23–26 August 2004.

19. Rucklidge, W. Efficient Visual Recognition Using the Hausdorff Distance; Springer: Berlin, Germany, 1996.
20. Huttenlocher, D.P.; Klanderman, G.A.; Rucklidge, W. Comparing images using the Hausdorff distance. IEEE

Trans. Pattern Anal. Mach. Intell. 1993, 15, 850–863. [CrossRef]
21. Jesorsky, O.; Kirchberg, K.J.; Frischholz, R.W. Robust Face Detection Using the Hausdorff Distance.

In Proceedings of the Third International Conference on Audio- and Video-based Biometric Person
Authentication, Halmstad, Sweden, 6–8 June 2001; pp. 90–95.

22. Dubuisson, M.-P.; Jain, A.K. A Modified Hausdorff Distance for Object Matching. In Proceedings of the 12th
International Conference on Pattern Recognition, Jerusalem, Israel, 9–13 October 1994.

23. Devroye, L.; Gyorfi, L.; Lugosi, G. A Probabilistic Theory of Pattern Recognition; Springer: New York, NY, USA,
1996.

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1364/AO.5.001248
http://www.ncbi.nlm.nih.gov/pubmed/20049063
http://dx.doi.org/10.1109/TIT.1964.1053650
http://dx.doi.org/10.1364/AO.23.000812
http://www.ncbi.nlm.nih.gov/pubmed/18204645
http://dx.doi.org/10.1364/AO.4.000461
http://dx.doi.org/10.1007/s11042-016-3741-3
http://dx.doi.org/10.1007/s12008-014-0244-1
http://dx.doi.org/10.1109/34.232073
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Modeling Correlation 
	Dataset 
	Overview of the Method 
	Nonparametric Model 
	Numerical Results and Discussion 
	A Brief Description of the Training Testing Set 
	Bandwidth Calibration 
	Simulations for a First Series of Faces from the PHPID Database 
	Computation Time 
	Simulations for a Second Series of Faces from the PHPID Database 

	Conclusions 
	References

