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Abstract:

Haar-like filters are well known for their simplicity, speed, and accuracy in various computer vision tasks. This paper proposes a

novel algorithm to identify the optimal fully dispersed Haar-like filters for enhanced facial feature extraction. Unlike traditional

Haar-like filters, the proposed filters allow pixels to move freely within an image, thereby capturing intricate local features

more effectively. Extensive experiments on face detection and facial expression recognition demonstrate that the optimized

filters can distinguish between face images and clutter with minimal error, thereby outperforming existing algorithms. By

leveraging a dataset-driven approach to optimize filter weights, the proposed method achieves high accuracy in facial feature

extraction, making it a promising tool for various computer vision applications. The MATLAB code corresponding to the

proposed algorithm is available at https://github.com/Sedaghatjoo/fully-dispersed-Haar-like-filter.
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1 Introduction

Image processing and computer vision are two of the most
extensive fields of this decade [1, 2]. Automatic face detec-
tion is one of the first computer vision applications [3, 4, 5].
The Viola-Jones face detector [6], developed by Paul Viola
and Michael Jones in 2001, is a pioneering framework in ma-
chine learning for object detection, particularly face detec-
tion. It employs a method based on learning rigid templates,
specifically utilizing boosted cascades of classifiers, which
has inspired numerous advancements in the field of face de-
tection [7, 8, 9, 10]. However, boosting-based face detection
methods encounter two significant challenges: selecting ap-
propriate features for extraction and determining the optimal
learning algorithm to implement. In the Viola-Jones detec-
tor, Haar-like features serve as weak classifiers, and a robust
classifier is formed by combining these weak hypotheses [6].
Haar-like features are local texture descriptors that quantify
differences in the average intensity values between adjacent
rectangular regions [11, 12]. Figure 1 illustrates several sim-

ple Haar-like filters that are commonly employed in feature

extraction applications. One of the primary advantages of
Haar-like features is their computational efficiency, which is
enhanced by the use of integral images [13]. As illustrated
in Figure 1, Haar-like filters are commonly represented as
combinations of two or more rectangular regions composed
of black and white pixels [6]. This figure showcases vari-
ous examples of Haar-like filters, with the default weights
clearly indicated on their respective rectangles. The feature

value g for a Haar-like filter is defined as follows:

(1.1)

g(x) = vy mq(x) + vy Mma(x),

where X is an image, and m; and mso denote the mean in-
tensities of the pixels within the black and white regions of
the filter, respectively. The weights v; and vy correspond
to these regions and are typically represented as two in-
tegers whose sum equals zero. Numerous algorithms are
available for determining the optimal values of weights,
including brute-force search (BFS) [6], genetic algorithms
(GA) [14, 15, 16], and Fisher’s linear discriminant analysis
(FLDA) [17]. This paper focuses specifically on identifying



Z. Sedaghatjoo , H. Hosseinzadeh , & A. Shirzadi: Fully Dispersed Haar-like Filters for Enhanced Facial Feature Extraction and

Recognition

optimal Haar-like filters characterized by equal black and
white regions. In this context, the weights are assigned as
v1 = —1land vy = 1.

In [18], a novel type of Haar-like filter, termed the dis-
persed Haar-like filter, is introduced. Unlike traditional
Haar-like filters, where the white and black regions are typ-
ically contiguous, this new filter features generally disjoint
white and black components. The creation of the dispersed
Haar-like filter begins with a matrix that is randomly initial-
ized with values of 1, 0, and —1. Subsequently, optimization
algorithms such as Differential Evolution (DE), Genetic Al-
gorithms (GA), and Particle Swarm Optimization (PSO) are
employed to refine the pixel values. In this context, pixels
assigned a value of 1 represent the white parts of the fil-
ter, while those assigned —1 correspond to the black parts.
Pixels with a value of 0 do not contribute to the filter’s func-
tionality. The use of non-adjacent rectangles, as proposed
in [18], enhances the flexibility of Haar-like filters, thus im-
proving their robustness in face detection. According to the
findings presented in [18], these filters significantly enhance

detection rates for three main reasons:

* Flexibility: Traditional Haar-like filters possess a rigid
structure, whereas the dispersed Haar-like filter offers

greater adaptability.

* Optimal Structure: The configuration of the new filter

can be optimized using various algorithms.

* Local Feature Extraction: The dispersed arrangement
of pixels enables effective extraction of local facial fea-

tures.

This paper investigates Haar-like filters and introduces a
novel concept: fully dispersed Haar-like filters. A distinc-
tive feature of these new filters is their adaptability, allow-
ing pixels to reposition themselves dynamically to optimize
the detection of local features. These filters mark a signifi-
cant advancement within the Haar-like framework, merging
ease of use with improved accuracy in feature detection. To
mitigate the risk of overfitting, we develop an optimization
algorithm that facilitates the creation of locally optimized
dispersed Haar-like filters, specifically targeting regions of
the face to enhance detection precision. Our approach is not
limited to face detection; it also extends to facial expression
recognition across seven distinct classes. The experimen-
tal results presented herein demonstrate the superior perfor-
mance of the newly optimized Haar-like filters, affirming

their effectiveness in practical applications. The structure of
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this paper is organized as follows: Section 2 reviews related
works. Section 3 analyzes Haar-like filters and introduces
our proposed fully dispersed Haar-like filters, alongside a
groundbreaking optimization algorithm designed to enhance
their performance. This algorithm is further elaborated in
Section 4, detailing its role in creating locally optimized dis-
persed Haar-like filters for improved detection precision in
specific facial regions. Section 5 presents additional experi-
mental results that assess the accuracy and efficiency of the
new Haar-like filters for both face detection and facial ex-
pression recognition, comparing these findings with those
derived from the LBP and Viola-Jones algorithms. Finally,
Section 6 provides a concise summary of our findings and

suggests some directions for future research.

2 Related works

The Haar-like filters were applied for face detection by Viola
and Jones [6] in 2000. The Viola and Jones method has been
widely applied in digital cameras and image organization
software since then [19, 20]. The literature is full of appli-
cations of Haar-like filters. For instance, a generalized Haar
filter-based convolutional neural network is proposed in [21]
for both vehicle and pedestrian detection. In [22], a smart
cane function is developed by integrating face recognition
features on the cane using Haar-like features and Eigenfaces.
Additionally, in [23], an enhanced two-layer face detector
composed of both Haar-like and multi-block local binary
pattern (LBP) features is presented. In [24], a Haar-like local
ternary co-occurrence pattern is designed for image retrieval
applications. This pattern uses four different Haar-like fil-
ters to capture directional information in the image. In [25],
a Haar-like descriptor based on the integral image and a mul-
tilayer perceptron-type classifier is proposed. Experimental
results show that the system inherits advantages of the Haar-
like descriptor and artificial neural networks in terms of ro-
bustness and speed. Haar-like filters are also applied in deep
convolutional neural networks (DCNN) for feature extrac-
tion [26, 27]. A novel pupil detection pipeline is proposed
in [28] that contains suitable Haar-like features for 2D-pupil
detection. An algorithm is presented in [29] for constructing
Haar-like bases on general discrete hierarchical trees. Also,
Haar-like filters have been applied in several fields of data

analysis, demonstrating their efficiency [30, 31, 32, 33].

In [34], the performance of three commonly used ob-
ject detection approaches - Histogram of Oriented Gradients
(HOG), Haar-like features, and LBP - is investigated, and a
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Figure 1: A wide illustration of multiple Haar-like filter configurations.

robust detection algorithm is proposed using a combination
of the three different feature descriptors and AdaBoost cas-
cade classification. Experimental results from [34] show that
LBP features outperform the other two feature types with
a higher detection rate. This indicates, although standard
Haar-like features are significantly simple and fast in appli-
cations, they have some limitations in accuracy [35, 18]. To
enhance the accuracy of Haar-like features, various varia-
tions have been proposed, such as joint Haar-like features
[11], rotated Haar-like features [36, 37], block difference
features [38], and Haar-like features with disjoint rectan-
gles [39, 40, 18]. Additionally, in [18], the Haar-like fea-
tures are subjected to the application of differential evolu-
tion (DE), genetic algorithm (GA), and particle swarm opti-
mization (PSO) to accelerate the Viola-Jones classifier using
Haar-like features. An extension of the Viola and Jones de-
tection framework is presented in [39] by removing the ge-
ometry restriction of Haar-like filters. The authors of [39]
propose a richer representation called scattered rectangle fil-
ters, which explore more orientations than horizontal, ver-
tical, and diagonal Haar-like filters. Also, a novel type of
filter named Non-Adjacent Rectangle (NAR) Haar-like filter
is introduced in [40] to characterize the co-occurrence be-
tween facial landmarks and their surroundings. Traditional
Haar-like features and NAR Haar-like features are then com-
bined in [40] to form more powerful representations. Con-
sequently, the non-adjacent rectangles proposed in [18] pro-
vide greater flexibility for Haar-like filters. However, the
optimal positions of these rectangles are not clearly defined

in [18], and the idea needs some modifications.

Therefore, a review of the literature on Haar-like feature
extraction reveals that analytical studies in this field are in-
adequate, highlighting the need for optimal Haar-like filters.
This work aims to address this gap by proposing an efficient
algorithm that optimizes these filters to enhance their feature

extraction capabilities for more accurate classification.

3 Optimal Haar-like filters

In the mathematical aspect, two-dimensional images in a

dataset can be converted into one-dimensional vectors by ar-

ranging the pixels contained in the images. In this situation,
an image of size 64 x 64 is transformed to a row vector of
length 4096. Then, the black and white regions of a Haar-
like filter can be represented by two vectors, b and w, re-

spectively, evaluated as:

1, if pe B, 1, if peW,
b(p) = , w(p) = ;
0, o.w. 0, o.w.
3.1

in vector form, where p varies from 1 to the length of the
vector obtained by image x. Here, B and W denote the
black and white regions of the filter, respectively. Then the

feature value, g, can be expressed in vector form as

g(x) = v1 m1(x) + v ma(x) = [mq(x), ma(x)]. [v1, v2] ",
(3.2)

where mj and my are computed as

m(x) = Nibb.xT7 mao(x) = NLWW.XT. 3.3)
such that IV, and Ny, are the numbers of pixels in black and
white regions of the filter, respectively. Note that, Ny, + Ny,
represents the total number of engaged pixels in the filter,
denoted by N. The superscript 7" on vector x shows the
transpose operator converts a row vector to a column one. To
label image x as either the object or clutter, feature value g is
compared to threshold 6, and the classification is performed

by the classifier h(x) as:

h(x) = {

Note that, the above equation can be abbreviated as

+1 (or object)
—1 (or clutter)

if g(x) > 6,

4
if g(x) < 6. G4

h(x) = sign(g(x) — 0),

where sign(.) is a function that returns the sign of a real

number.

Traditional Haar-like filters are considered too simple, and
various modifications have been proposed to enhance their
performance, as documented in previous studies [11, 41, 18].

These modifications primarily vary in terms of orientation
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Figure 2: Three rectangular Haar-like filters imposed on some face and clutter images (first row), and the distribution of mean measure-
ment for the images (second row). The first Haar-like filter characterizes the intensity difference between the eyes and the bridge of the
nose. The second descriptor gauges the intensity contrast between the corner of the hairline and the left side of the forehead. The third
filter measures the intensity difference between the eyes and the cheekbones area.

and the number of rectangles in relation to the template.
In Figure 2, three rectangular Haar-like filters are depicted
overlaying on facial and clutter images, along with the cor-
responding distribution of mean measurements (mq,ms).
The mean measurements of the images were already stud-
ied in [41]. For better visual clarity, the number of rectan-
gles in the Haar-like filters, depicted in Figure 2, is limited
to three. The first Haar-like filter characterizes the intensity
difference between the eyes and the region encompassing
the bridge of the nose. The second descriptor gauges the in-
tensity contrast between the corner of the hairline and the
left side of the forehead. Finally, the third Haar-like filter
measures the intensity difference between the eyes and the

cheekbones area.

The second row of Figure 2 is dedicated to the distribu-
tion of mean measurements for 1410 face and 1410 clutter
images. The face images are sourced from databases CFD
[42], CFD-MR [43], and CFD-INDIA [44], where the fa-
cial regions were manually cropped and resized to images of
size 64 x 64. This combined dataset is referred to as CFD-T
in this paper. Additionally, the clutter images are extracted
from a dataset that contains no human faces. Some repre-
sentative face and clutter images from these databases are
shown in Figure 3. The studied images are grayscale, and
the light intensity of pixels in the images is normalized by
dividing their values by 255. The distribution of the inten-
sity histogram of images is equalized using the histogram
equalizer function in Matlab software, called "histeq". Sub-

sequently, m; and ms are calculated for the images, and

their mean measurements are plotted in the second row of
Figure 2. Similar to the methodology in [41], the points plot-
ted on the (m1, msa) graph corresponding to face and clutter
images are referred to as face and clutter points, respectively,
in this paper. From Figure 2, it is evident that the face points
are predominantly distributed on top of the clutter points,
irrespective of the type and size of the Haar-like filters. Fur-
thermore, from the figure, it can be observed that the face
points exhibit a high degree of correlation with each other,
while the clutter points are generally spread out in the re-

gion.

3.1 The filters based on the mean values

We look for the best position of the Haar-like rectangles that
include human face features. Since the mean of the face im-
ages statistically is the best representation for the images, it
may have the most important face features. Numerical ex-
periments reveal that the mean of clutter images is also cru-
cial for classification. Assume the face and clutter databases
contain Ny and N, vectorized face and clutter images of
size 64 x 64, respectively. Then each image is converted to
a vector of length 4096 after vectorization. The mean values
of the face and clutter images are computed as follows:

> f, mC:NLC > c

i=1:Ny i=1:N,.

1
mp = 5 (3.5)

where f; and c; represent the i-th vectorized face and clutter

images, respectively. One can see that the image of mp is
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Figure 3: Some human frontal face (left) and clutter (right) images in the face and clutter databases, respectively.

also a face, while the image of m¢ is a gray-scale neutral
image with a light intensity of 0.5 when the light is normal-
ized between 0 and 1. This value of m shows that clutter
images may have no distinguishable features! If the black
and white rectangles of a Haar-like filter are positioned over
the corresponding black and white regions of the mean face
image in a way that maximizes the feature value g(mp) then

the maximum value of

1
=N, 2

i=1:Ny

m!]F

S £) = g(mp).

1
g(fi) = g(ﬁ
fiztN,

(3.6)

is obtained. Here, m,,, represents the mean of feature values
for the face images. From Equation (3.2), the value of m,,,
can be interpreted as the length of the projection of the vec-
tor [m1(mp), me(mpg)] on [v1, ve]. Consequently, as m,.
increases, the face points in the (my,ms) graph are shifted
toward the left-top corner.

Similar relationships can be established for the mean mea-
surements of the clutter images, with the aim of shifting
them towards the right-down corner in the (mq,ms) graph
by decreasing the mean value of g for them. Then, if the
black and white rectangles of a Haar-like filter are arranged
such that g(m¢) is minimized, then the mean value of g for
the clutter images, denoted by my,,, is also minimized. This

is because:

Z ¢;) = g(mg).

i=1:N.

3.7
From Equation (3.2), mg, is the projection of vector
[m1(me), me(me)] on [v1,v2]. Note, the classifier h per-
forms better when the Haar-like filter is configured to maxi-
mize mgy,. and minimize m,,, simultaneously. This is equiv-
alent to maximizing mgy,, — Mg . In this scenario, the dis-
tance between the mean values m,,, and mg, is maximized,
leading to better discrimination between face and clutter im-

ages. To achieve this goal, it is sufficient to define a new

vector

mpc =mp — g, (3.8)

and find a Haar-like filter such that maximizes g(mpc).
Therefore, since

s* = max{g(mpc)} 3.9)

= max{g(mpr) — g(mc)}

= max{Ni Z g(f) — L

i=1:Nj € i=1:N.

g(ci)}
= max {mgF - mgc},

the distance between mg, and mg, is maximized when
g(mpc) is maximized. Four disjoint Haar-like filters and
the mean measurements of the face and clutter images cor-
responding to these filters are illustrated in Figure 4. These
filters satisfy Equation (3.9), with different numbers of dis-
joint white and black blocks.

From Figure 4, it is evident that the first filter pushes
the face points toward the left-top corner in the (mq,ms2)
graph. However, since the clutter images contain no fea-
ture, the clutter points are clustered around the center point
(0.5,0.5). This observation remains valid for Haar-like fil-
ters with more blocks. Additionally, the fourth filter achieves
a better separation of face and clutter points compared to the
first filter. This effect reveals that Haar-like filters with finer
blocks, resulting in larger s*, lead to better classifiers.

The number of blocks can be increased up to the size of
the filter if the blocks are shrunk to the pixels. Then, the
blocks are replaced by the pixels in the filter in this situation.
These replacements conclude the best Haar-like filter that
one can find to disjoint face and clutter points. This filter
is named fully dispersed Haar-like filter in this paper. A
fully dispersed Haar-like filter based on the CFD-T dataset
is shown in the last column of Figure 4 for N, = Ny, =
256 and the size of face and clutter images is 64 x 64. The
filter can be easily constructed by sorting the pixels of the
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Figure 4: Graph of four disperse Haar-like filters (first row) and mean measurement of the images for them (second row). The filters
satisfy Equation (3.9), with different numbers of disjoint white and black blocks. One can see, the filters with smaller blocks exhibit
larger values of s*, allowing for better separation between face and clutter points.

vector mpc according to light intensity and selecting 256
lower and 256 upper ones as the black and white regions
of the filter, respectively. The following algorithm outlines
the process of creating a fully dispersed Haar-like filter with

arbitrary size in Matlab software.

Algorithm 1 : Making a fully dispersed Haar-like filter.

define m ¢ as Equation (3.8).

define Ny, Ny and N = Ny, + Ny,

initialize b and w as zero vectors of size mgc.
[r, o]=sort(mgc).

b(o(1:Np))=1.

w(o(end-Ny :end))=1.

It is notable that, by comparing Figure 4 and Figure 2, it is
evident that dispersed Haar-like filters achieve superior sep-
aration of face and clutter points compared to conventional
filters, where the white and black regions are joined. Thus,
the optimal Haar-like filter will be disjoint, as is presented in

the following section.

3.2 Optimal weights

Now, there is an important question: Can one distribute pix-
els of a dispersed Haar-like filter optimally? This optimiza-
tion would result in less within-class variance of face and
clutter points, leading to more accurate results. To optimize
the filter, more delicate features should be extracted from the
images and appended to the filter. The sought feature aims
to decrease variances, particularly by incorporating features
shared with misclassified images. It is important to note that
the classifier (3.4) classifies images with the optimal value of

6, and we need only to disjoint the face and clutter points in
the (mq,ms) graph. The impact of the misclassified images

can be amplified by using weighted summations

mpg = E wszi, mg = E wfci,

i=1:Ny 1=1:N,.

(3.10)

instead of the mean values (3.5), where w{ > 0,wf >
0, Zi:l:Nf wif = 1,37_.x, w§ = 1, and higher weights
are considered for the misclassified images. Four dispersed
Haar-like filters are shown in Figure 5 based on some opti-
mal weights. One can see that the filters separate the face
and clutter points linearly. Then, classifier A is able to clas-
sify the face and clutter images, accurately for different val-

ues of V.

This shows that the weighted summations (3.10) are sig-
nificantly more efficient than the mean values (3.8), pro-
vided that the weight vectors w/ = [w! w], ..., w{vf] and
we = [wf,ws,...,wg | are appropriately selected. The
weights leading to the optimal filters are updated according

to:

w,f/c—i-c
wlf/c—i—d

w lf le if x; misclassified,

@3.11)

0.w.,

iteratively for trial image x; where ¢ > d > 0. To perform

this update, we can use the sigmoid function as:

w! — w! + sigmoid(—y;), (3.12)

wf + wf + sigmoid(+y;), (3.13)
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Figure 5: Four optimized fully dispersed Haar-like filters (first row) and mean measurement of the images for them (second row). The
size of the filters is N = 256, 512, 1024 and 2048 for the first, second, third and fourth columns, respectively. From the second row of
this figure, the optimized filters disjoint face and clutter images, linearly.

where y; = g(x;) — 6 and
sigmoid(y;) = 1/(1 + exp(—ey;)).

The sigmoid function transforms real values to the interval
(0, 1) softly when ¢ is small, and it transforms them to binary
values {0, 1} when ¢ tends to co. After updating the weights,
we normalize them by dividing each by their summation as:
wl/e

fle
w; «— Fc

: (3.14)
Zi:l:Nf w;

Then, Algorithm 2 is suggested to derive optimal fully dis-
persed Haar-like filters.

Interested readers can find Matlab code corresponding to
the new proposed algorithm at
"https://github.com/Sedaghatjoo/fully-dispersed-Haar-like-
filter". Note that the value of € is very important in this
algorithm, and it works like a learning rate in machine
learning algorithms. Numerical experiments reveal that
Algorithm 2 works well only if ¢ is selected carefully,
especially when the number of data is larger than 10, 000.
Large values of ¢ may lead to divergence and small ones
may reduce the rate of convergence. When ¢ is large, pixels
of the dispersed Haar-like filter may be distributed sepa-
rately over the region without effectively capturing valuable
face features. In this situation, we say that overfitting has
occurred for the filter. Figure 6 displays images of two fully
dispersed Haar-like filters trained on a dataset containing
more than 20, 000 images, with over 9, 000 face and 11, 000

clutter images. The face images were collected from

publicly available facial image datasets such as UTKFace
and CDF-T (B-Datasets) [45]. The left filter in Figure 6
exhibits overfitting, while the right one does not. These
filters are obtained by Algorithm 2 after 300 iterations for
e ~ oo and ¢ = 20, respectively. The pixels of the first
filter are dispersed widely across the region, while they are
predominantly located on the face features for the second

filter.

The filters indicated in Figure 5 are obtained by Algo-
rithm 2 after at most 300 iterations. Although the filters lead
to accurate results, it is advised not to use filters with less
than or equal to NV = 128 pixels for face detection, as they
are very sensitive to preprocessing and may not effectively
capture face features in the presence of noise in the data.
Therefore, it is advisable to use filters with moderate sizes,

e.g. N = 512, when the size of the trial image is 64 x 64.

The same approach can also be applied for general forms
of disjoint Haar-like filters, as shown in Figure 4, to find
the optimal location of their rectangles. However, Algo-
rithm 1 is designed only for fully dispersed Haar-like filters,
and a new, more complicated algorithm is required for them.
Therefore, since the optimal filters are fully dispersed, we
will only use fully dispersed Haar-like filters in the experi-

mental results presented in the forthcoming section.

These local filters can also be applied in CNNs by focus-
ing on specific regions of the human face. In a special case,
64 small filters are shown in Figure 8, where the face im-
ages in the CFD-T dataset are divided into 8 x 8 equal parts.
The classification error for each filter is reported above it
when it is applied for face detection. The results demon-



Z. Sedaghatjoo , H. Hosseinzadeh , & A. Shirzadi: Fully Dispersed Haar-like Filters for Enhanced Facial Feature Extraction and

Recognition

60

Algorithm 2 : The algorithm to find the best weights of data without over fitting.

define face vector f; and initialize wa =1/Nyfori=1,2,..., Ny.
define clutter vector c¢; and initialize w{ = 1/N, fori = 1,2, ..., N.

define my and m¢ as presented in (3.10).
setmpc = mMmp — Mg
find vectors b and w by Algorithm 1.
find error of classifier i presented in Eq. (3.4).
initialize shape parameter €.
while error of the classification is not zero do
update the weights as (3.12).
normalize the weights as (3.14).
update mr and m¢ as presented in (3.10).
update mpc as mpo = mp — Mg .
find new vectors b and w by Algorithm 1.
find error of classifier i presented in Eq. (3.4).
end while

Figure 6: Images of two fully dispersed Haar-like filters. These
filters are obtained by Algorithm 2 with shape parameters € ~ oo
and e = 20, respectively. The pixels in the left filter are distributed
more freely across the image, whereas those in the right filter are
primarily clustered around prominent features. The left filter leads
to the overfitting while the right filter yields more stable results.

strate that these filters can reduce the error rate to less than
20% when they focus on critical areas of the face such as the
eyes, eye corners, nose bridge, tip of the nose, and the center
of the mouth. These regions are highlighted in Figure 8 in
blue. In some cases, the error can be further reduced to 12%.
These filters can be utilized in CNNs as convolutional filters
in the first layer to extract prominent human face features.
However, integrating these filters into a CNN presents two
challenges; the consistency may deteriorate if the filter size
becomes too large, and the accuracy may decline if the filter
size is too small. So, the optimal size of the filter will be an

open problem in this field.

4 Local dispersed Haar-like filters

Local dispersed Haar-like filters can also be obtained using
Algorithm 2. These filters tend to yield improved results
when a part of a face image is damaged or noisy. For in-
stance, finding people wearing face masks in public places

is a challenging task for which these filters can help. The
proposed filters with respect to the dataset are displayed in
Figure 7. The first three local filters in the figure are ap-
plied to the top, middle, and bottom parts of a human face.
Obtained using Algorithm 2, the errors of classification with
respect to these filters are displayed in Figure 7. The results
demonstrate that the local filters reduce false positive and
false negative errors to 3%, 6%, and 17%, respectively, af-
ter 400 iterations. Given the higher accuracy of the proposed
local filters compared to the others, it is evident that the filter
captures more important face features. It must be noted that
the optimized global dispersed Haar-like filter, presented in
the previous subsection, results in 2% error. This indicates
that the first local filter performs nearly similar to the global
one. The first local filter achieves high accuracy by includ-
ing the eyes and the surrounding region. However, the filter
can be modified by adding the bridge noise and cheeks to
it. Then, the fourth local filter, presented in Figure 7, is ob-
tained, where it leads to 2.5% error. Notably, the accuracy is
reduced significantly for the third filter due to the presence
of noise. Variations in facial features, such as the presence
or absence of a beard, can act as noise for the third filter,

leading to a significant reduction in accuracy.

These local filters can also be applied in CNNs by focus-
ing on specific regions of the human face. In a special case,
64 small filters are shown in Figure 8, where the face im-
ages in the CFD-T dataset are divided into 8 x 8 equal parts.
The classification error for each filter is reported above it
when it is applied for face detection. The results demon-
strate that these filters can reduce the error rate to less than
20% when they focus on critical areas of the face such as the

eyes, eye corners, nose bridge, tip of the nose, and the center
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Figure 7: Four local Haar-like filters obtained by Algorithm 2. Errors of the classification with respect to the filters, presented on top of
them, reveal that the fourth filter extracts Haar-like face features more efficiently than the others.
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Figure 8: 64 local Haar-like filters can be applied in CNNs for
feature extraction. Errors of the classification respect to the filters,

presented on top of them, reveal some of them extract face features,
efficiently.
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of the mouth. These regions are highlighted in Figure 8 in
blue. In some cases, the error can be further reduced to 12%.
These filters can be utilized in CNNSs as convolutional filters
in the first layer to extract prominent human face features.
However, integrating these filters into a CNN presents two
challenges; the consistency may deteriorate if the filter size
becomes too large, and the accuracy may decline if the filter
size is too small. So, the optimal size of the filter will be an

open problem in this field.

5 Experimental results

In this section, we apply the optimal Haar-like filter obtained
through Algorithm 2 to face detection and facial expression

recognition across various datasets. The algorithm is trained
on 70% of a dataset and tested on the remaining 30% to as-
sess its accuracy in face detection. In contrast, 80% of the
dataset is used for training and 20% for testing in facial ex-
pression recognition due to the limited number of images
available. The results are compared to the best outcomes
achieved by the Local Binary Patterns (LBP) method [46]
and the Viola-Jones algorithm [6], leading to some notewor-

thy conclusions.

5.1 Binary classification problem

Consider the AR Dataset [45] for face images. Algorithm
2 is employed to generate an optimal fully dispersed Haar-
like filter and perform image classification. In Table 1, the
accuracy of the classification is reported for seven iterations
of the algorithm. The error is smaller than 1% for test im-
ages when the number of iterations exceeds 200. Similar
results are also obtained for the CF dataset, as reported in
the table. The images in AR and CF datasets have high res-
olution, and they are reshaped to 64 x 64 before feature ex-
traction. Then, a dispersed Haar-like filter with N = 512
engaged pixels is applied for classification in Algorithm 2.
Due to the sufficiently large size of the images, the Haar-like
filters successfully extract facial features, resulting in accu-
rate recognition of face images. However, the accuracy of
the algorithm decreases when the resolution of trial images
is lower. For example, the accuracy of the algorithm is less
than 97% when the MIT dataset is used for feature extrac-
tion. The size of images in the dataset is 19 x 19. Table 1
presents the accuracy of Algorithm 2 for this dataset. The
results are not sufficiently accurate.

Furthermore, the results of Algorithm 2 for AR and CF
datasets exhibit some small jumps in certain iterations, in-
dicating a lack of strong stability in the results. To improve
stability, it is beneficial to enrich the databases with more
images. In such a scenario, the algorithm focuses solely on
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more general features while ignoring the noise in the data.
Table 1 presents the accuracy of the algorithm for the UTK
dataset, which includes more than 10, 000 images. It is no-
table that the AR and CF datasets include approximately
2000 and 1400 images, respectively. The algorithm’s results
are stable without jumps for iterations beyond 200. How-
ever, this stability might result in slightly reduced accuracy.
One can observe a decrease in accuracy for the UTK dataset
compared to the AR and CF datasets. The accuracy is ap-
proximately 98% for the UTK dataset after 200 iterations,
whereas it is over 99% for the AR and CF datasets.

5.2 Multiclass classification problem

This subsection is devoted to applying optimal dispersed
Haar-like filters for facial expression recognition. The CK
dataset [47] contains 981 grayscale images of facial ex-
pressions, each measuring 48 x 48 pixels. These images
are annotated into seven distinct emotional classes: anger
(135 samples), contempt (54 samples), disgust (177 sam-
ples), fear (75 samples), happiness (207 samples), sadness
(84 samples), and surprise (249 samples). Some sample im-
ages in the dataset are presented in Figure 9. Algorithm 2 is
applied to extract the filters that distinguish between the fa-
cial expressions. Then, the Haar-like features are extracted
from the filters and used for classification by the support vec-
tor machine (SVM) algorithm.

We used both Linear SVM and quadratic SVM for clas-
sification. Table 2 presents the accuracy of each class ob-
tained through our experiments in facial expression recogni-
tion. The third and sixth columns of the table are related to
the newly proposed Haar-like filters (denoted by Haar-like
2), and the second and fifth columns are devoted to a dis-
persed Haar-like filter obtained by Algorithm 1 (denoted by
Haar-like 1). Additionally, the first and fourth columns of
the table are devoted to the LBP method, in which 64 fea-
tures are extracted by dividing the images into 4 equal parts
and extracting 16 features in each part [46].

From the table, it can be observed that the new proposed
Haar-like filters lead to more accurate results. Note that
the accuracy of fear and sadness expressions is significantly
lower than the accuracy of the others because the dataset has
a low number of images in these classes. The results can
also be compared with some well-known techniques for fa-
cial expression recognition presented in [48]. From Figure
10, it can be seen that the results obtained from the Haar-like
filters are more accurate than the results of some techniques
such as HOG, SDM, GF, and GL wavelet.
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6 Conclusion and final remarks

Novel optimized fully dispersed Haar-like filters were intro-
duced to extract Haar-like face features. These filters were
constructed using one-pixel rectangles, making them fully
dispersed Haar-like filters. Since pixels of the filters are al-
lowed to move freely in the whole region of the image, the
face features are captured efficiently. However, this freedom
may lead to overfitting, which was prevented by controlling
the learning rate. Numerical experiments show that false
positive and false negative errors of classification were re-
duced to 5% for images with low resolution and to 2% when
the resolution is 64 x 64 or higher. As directions for future
research, the weights of white and black regions of the fil-
ters can be optimized to reduce the classification error. Also,
optimization seems necessary when the sizes of the white
and black regions are not equal. Moreover, using the pro-
posed strategy, local filters can be derived to be used as weak
classifiers within well-known classifier frameworks such as
Viola-Jones and convolutional neural networks (CNN) for
object detection. In this scenario, the local filters will ef-
ficiently extract local features, enhancing the efficiency of
Haar-like filters in object detection. The authors plan to ad-

dress this issue in future work.
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