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ABSTRACT

In this paper, An Automated System for Distinguish
Between Van Gogh and his Contemporaries by using
Swarm Intelligent is designed. Swarm intelligence can be
defined as the collective intelligence that emerges from a
group of simple entities; these agents enter into interactions,
sense and change their environment locally.

A system for Distinguish Between Van Gogh painting and his
Contemporaries consists of three steps : processing step (In
processing step, the digital paintings for Van Gogh and his
contemporaries are processed automatically through many
steps (Edge detection(Canny Edge detection and Ant colony
optimization method), Edge linking (Hough transform
method), Extract all the connected components from the
image, Thinning and Resize image), feature extraction step
based on histogram of oriented gradients (HOG) , and
recognition step using Artificial Fish Swarm Algorithm .

An Automated System for Distinguish Between Van Gogh
and his Contemporaries by using Swarm Intelligent have been
tested, and the recognized rate is 94.51%.
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1. INTRODUCTION

One important task for art historians is to find influences and
connections between artists. By doing so, the conversation of
art continues and new intuitions about art can be made. An
artist might be inspired by one painting, a body of work, or
even an entire style of art. Which artists influence each other?
JArt historians are able to find which artists influence each
other by examining the same descriptive attributes of art as
space, texture, form, shape, color, tone, line, movement,
unity, harmony, variety, balance, contrast, proportion, and
pattern; besides brush strokes, subject matter, and other
descriptive concepts. Similarities are noted and inferences
are suggested [1][2].

Determining a painting’s authenticity can be extremely
challenging. Typically, art experts reach decisions after
thorough consideration of many different types of
evidence. Correspondence from the artist’s lifetime and
documents tracing the painting’s history of ownership provide
clues. Technical analyses of the pigments and other materials
used and the method of their preparation [3].

It must be mentioned that determining influence is always a
subjective decision. They will not know if an artist was ever

truly inspired by a work unless he or she has said, so for the
sake of finding connections and progressing through
movements of art, a general consensus is agreed upon if the
argument is convincing enough.[4][5]. For example, (see
Figure 1),illustrates a commonly cited comparison for
studying influence, in the work of Van Gogh and Artist Yahya
Zaki, and other Van Gogh Contemporaries where similarity
is clear in composition, pose, and subject matter.

©
Fig. 1: Example of influence, in the work of Van Gogh and
Artist Yahya Zaki, where similarity is clear in
composition, pose, and subject matter. a : Van Gogh
painting,b:Yahya Zaki painting,c:Van Gogh
Contemporaries.

The authentication is based on connoisseurship and so relies
upon the discerning eyes of a few experts who are steeped in
the work and life of the artist in question. Other desiderata
may include provenance which might be traced back to the
artist's circle or his collectors and makes possible the
comparison of the work's implicit biography with the histories
of related works, or even a detailed analysis of any signature
that may be present.



In addition to the reliance on the human actor, quantitative
methods can be brought to bear. X-ray analysis can reveal a
painting beneath a painting that can shed light on its origins.
Surface analysis of the painting materials is another approach,
most famously applied in the investigation of the famous [24].
With the advent of digital technology, computational tools
may be able to provide new insights and techniques into the
art and science of art authentication. For example, a fractal
analysis of Jackson Pollock's drip paintings has revealed
interesting relations between the evolution of Pollock's
aesthetic and the fractal dimension of his work. The analysis
also raises the possibility of using fractal dimension to help
authenticate Pollock. Various techniques from machine
learning have been applied to the analysis and classification of
craquelure . the crack lines that appear over time in a painting

[6].

It has recently been proposed that computational tools from
image analysis and machine learning can provide an
additional source of analysis of questioned paintings. This
assumes that an artist’s brushwork is characterized by
signature features (caused, e.g., by the artist’s habitual
physical movements) which might be found by machine
learning methods and used as an additional piece of evidence
to rule upon authenticity. Indeed, early attempts in this area
have already found considerable success [7].

Although there has been some research on automated
authentication of paintings, however, there is almost a few
researches ~ done on computer- based measuring and
determining of influence between artists. Measuring influence
is a very difficult task because of the broad criteria for what
influence between artists can mean. As mentioned earlier,
there are many different ways in which paintings can be
described. Some of these descriptions can be translated to
a computer [8].

The influence between artists need for an object-based
representation of images. They should be able to describe the
painting from a list of many different object classes, by
having an object-based representation, the image is described
in a high-level semantic as opposed to low-level features such
as color and texture, which facilitates suggesting influences
based on subject matter.

The benefit of the study of automated methods artistic
influences about which artists and paintings may have
similarities, is to keeps the conversation going for artists, also
there are various application oriented motivations. With
the increasing volumes of digitized art databases on the
internet comes the daunting task of organization and retrieval
of paintings. There are millions of paintings present on the
internet. To manage properly the databases of these paintings,
it becomes very essential to classify paintings into different
categories. This classification structure can be utilized as an
index and thus can improve the speed of retrieval process.
Also it will be of great significance if they can infer new
information about an unknown painting using already existing
databases of paintings, and as a broader view can infer high-
level information like influences between painters. Time is
also an essential factor in determining influence. An artist
cannot influence another artist in the past. Therefore the
linearity of paintings cuts down the possibilities of influence.
Measuring influence is a very difficult task because of the
broad criteria for what influence between artists can mean.
There are many different ways in which paintings can be
described. Some of these descriptions can be translated to a
computer.
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In this paper, an automated system is designed and
implemented to use similarity measures to find influences and
to recognized between Van Gogh painting and his
Contemporaries based on swarm intelligent methods. The
main contributions of this paper include Extracting individual
brushstrokes automatically is a challenging problem partly
due to the intermingling nature of brushstrokes in paintings
and the low contrast in some painted areas . A Histogram of
Oriented Gradients (HOG) is proposed to characterize
brushstrokes, and Artificial Fish Swarm  authentication
method are proposed to recognized between Van Gogh
and his Contemporaries

2. RELATED WORK

Babak Saleh, et. al in 2016 [8], exploring the problem of
computer automated suggestion of influences between artists,
a problem that was not addressed before in a general setting.
They first present a comparative study of different
classification methodologies for the task of fine- art style
classification. A two-level comparative study is performed for
this classification problem. The first level reviews the
performance of discriminative vs. generative models, while
the second level touches the features aspect of the paintings
and compares semantic- level features vs. low-level and
intermediate-level features present in the painting. Then, the
investigate the question \Who influenced this artist?" by
looking at his masterpieces and comparing them to others.
They pose this interesting question as a knowledge discovery
problem. For this purpose, they investigated several painting-
similarity and artist-similarity measures. As a result, They
provide a visualization of artists (Map of Artists) based on the
similarity between their works.

Ahmed Elgammaly et. al., In 2015 [1], developed a
computer algorithm that assesses the creativity of a painting
given its context within art history. This paper proposes a
novel computational framework for assessing the creativity of
creative products, such as paintings, sculptures, poetry, etc.
they use the most common definition of creativity, which
emphasizes the originality of the product and its influential
value. The proposed computational framework is based on
constructing a network between creative products and using
this network to infer about the originality and influence of its
nodes. Through a series of transformations, they construct a
Creativity Implication Network. They show that inference
about creativity in this network reduces to a variant of
network centrality problems which can be solved efficiently.
They apply the proposed framework to the task of quantifying
creativity of paintings (and sculptures). They experimented on
two datasets with over 62K paintings to illustrate the behavior
of the proposed framework. They also propose a methodology
for quantitatively validating the results of the proposed
algorithm, which they call the “time machine experiment”.
Gustavo Carneiro in 2013 [9], introduced a new methodology
for the problem of artistic image analysis, which among other
tasks, involves the automatic identification of visual classes
present in an art work. In this paper he advocate the idea that
artistic image analysis must explore a graph that captures
the network of artistic influences by computing the
similarities in terms of appearance and manual
annotation. One of the novelties of his methodology is the
fact that the proposed formulation is a principled way of
combining these two similarities in a single graph. Using this
graph, he show that an efficient random walk algorithm based
on an inverted label propagation formulation produces
more accurate annotation and retrieval results compared to
the following baseline algorithms: bag of visual words, label



propagation, matrix completion, and structural learning. he
also show that the proposed approach leads to a more
efficient inference and training procedures.  This
experiment is run on a database containing 988 artistic images
(with 49 visual classification problems divided into a multi-
class problem with 27 classes and 48 binary problems), where
he show the inference and training running times, and
quantitative comparisons with respect to several retrieval and
annotation performance measures.

Jia Li, et.al in 2012 [5], they compared van Gogh painting
with his contemporaries by statistically analyzing a massive
set of automatically extracted brushstrokes. A novel
extraction method is developed by exploiting an integration of
edge detection and clustering- based segmentation. Evidence
substantiates that van Gogh’s brushstrokes are strongly
rhythmic. That is, regularly shaped brushstrokes are tightly
arranged, creating a repetitive and patterned impression. They
also found that the traits that distinguish van Gogh’s paintings
in different time periods of his development are all different
from those distinguishing van Gogh from his peers. This
study confirms that the combined brushwork features
identified as special to van Gogh are consistently held
throughout his French periods of production (1886- 1890).

Ravneet Singh Arora, et. al in 2012 [10], presents a
comparative study of different classification methodologies
for the task of fine-art genre classification. 2-level
comparative study is performed for this classification
problem. 1st level reviews the performance of discriminative
vs. generative models while 2nd level touches the
features aspect of the paintings and compares Semantic-level
features vs low-level and intermediate level features present in
the painting.

Ricardo S. Cabral, et al in 2011 [11], they presented a
framework for estimating the ordering and date information
of paintings and drawings. They formulate this problem
as the embedding into a one dimension manifold, which aims
to place paintings far or close to each other according to a
measure of similarity. Their formulation can be seen as a
manifold learning algorithm, albeit properly adapted to
deal with existing questions in the art community. To
solve this problem, they propose an approach based in
Laplacian Eigenmaps and a convex optimization formulation.
Both methods are able to incorporate art expertise as priors to
the estimation, in the form of constraints. Types of
information include exact or approximate dating and partial
orderings. They explore the use of soft penalty terms to allow
for constraint violation to account for the fact that prior
knowledge may contain small errors. Their problem is tested
within the scope of the PrintART project, which aims to assist
art historians in tracing Portuguese Tile art _Azulejos_ back
to the engravings that inspired them. Ella Hendriks, et. al in
2007 [12], they process attributing paintings relies partly
upon recognition of an artist’s hand. Around the middle of the
last century, Maurits M. van Dantzig (1903-1960) attempted
to define the ‘characteristic touch’ of the painter, Vincent van
Gogh (1853-1890). His broader aim was to develop a flexible
yet precise method to measure the features of both spontaneity
and inhibition, evident in the style of brushwork for example.
The underlying idea that these qualities can be used to
separate a genuine work from a second-rate copy or forgery
still plays a key role in attribution studies today. A recent
initiative explores the potential of advanced computer image
analysis techniques to help identify and quantify these
properties at the scale of brushwork. This paper describes the
basic principles of the method used, involving statistical
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analysis of different size wavelets present in digital images of
paintings by Van Gogh or other artists

Igor Berezhnoy ,et al. in 2007 [13], Traditionally, the analysis
of visual arts is performed by human art experts only. The
availability of advanced artificial intelligence techniques
makes it possible to support art experts in their judgment of
visual art. In this paper image-analysis techniques are applied
to measure the complementary colors in the oeuvre of Vincent
van Gogh. It is commonly acknowledged that, especially in
his French period, Van Gogh started employed
complementary colors to emphasize contours of objects or
parts of scenes. They propose a method to measure
complementary-color usage in a painting by combing an
opponent-color space representation with Gabor filtering.
Using this method, the analysis of a dataset of 617 digitized
oil-on-canvas paintings confirms art expert’s knowledge about
the global pattern of complementary-color usage in Van
Gogh’s paintings. In addition, it provides an objective and
quantifiable way to support the analysis of colors in individual
paintings. Our results show that art experts can be supported
by artificial-intelligence technique.

Siwei Lyu, et. al in 2004 [6], described a computational
technique for authenticating works of art, specifically,
paintings and drawings, from high resolution digital scans of
the original works. This approach builds a statistical model
of an artist from the scans of a set of authenticated
works, against which new works are then compared. The
statistical model consists of first and higher-order wavelet
statistics. They show preliminary results from their analysis of
thirteen drawings that have at various times been attributed to
Pieter Bruegel the Elder, which confirm  expert
authentications. They also apply these techniques to the
problem of determining the number of artists that may have
contributed to a painting attributed to Perugino and again
achieve an analysis agreeing with expert opinion.

After study researches in the field of authentication of
paintings and especially in the area for distinguish Plates and
brushstrokes Between Van Gogh and his Contemporaries
artist, the researcher found that there are problems
specializes in the process of segmentation brushstrokes
appropriate for feature extraction and in the process of
recognition operation. And also all researchers did not use in
their researches swarm intelligent algorithms in the process
of segmentation brushstrokes and recognition, for this
reason, in this research, an automated system based on swarm
intelligent algorithms to segmentation brushstrokes, feature
extraction and to recognized brushstrokes Between Van
Gogh and his Contemporaries artist is designed.

3. AN AUTOMATED DISTINGUISH
BRUSHSTROKES BETWEEN VAN
GOGH AND HIS CONTEMPORARIES
SYSTEM

To design an automated system to distinguish brushstrokes
between Van Gogh from his contemporaries, it must first
execute processing step on digital paintings for Van Gogh
and his contemporaries, and then extract features from these
processed digital paintings, after features are extracted the
recognition step is done to distinguish brushstrokes between
to brushstrokes Van Gogh and his contemporaries, (see
Figure 2).
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Fig. 2: An automated distinguish brushstrokes between
van Gogh and his contemporaries system

The following steps explain how to distinguish brushstrokes
between Van Gogh from his contemporaries.

3.1 Processing Steps

In processing steps, the digital paintings for Van Gogh
and his contemporaries are processed automatically through
many steps (Edge detection, Edge linking, Extract all the
connected components from the image, Thinning and Resize
image).

1- Proposed Edge Detection Method

Edge information is one of the most important information in
an image, which can describe the target outline, the relative
position within the target area, and other important
information. Edge detection is one of the most important
process in image processing, and the detection results will
directly affect the image analysis. In this paper two methods
are used to detected edge (Canny Edge detection and Ant
colony optimization method).

e Canny Edge detection method

The Canny edge detector is an edge detection operator that
uses a multi-stage algorithm to detect a wide range of edges in
images. It was developed by John F. Canny in 1986. Canny
also produced a computational theory of edge detection
explaining why the technique works. Canny edge detection is
a technique to extract useful structural information from
different vision objects and dramatically reduce the amount of
data to be processed. It has been widely applied in various
computer vision systems. Canny has found that the
requirements for the application of edge detection on diverse
vision systems are relatively similar. Thus, an edge detection
solution to address these requirements can be implemented in
a wide range of situations. Among the edge detection
methods developed so far, canny edge detection algorithm
is one of the most strictly defined methods that provides
good and reliable detection. Owing to its optimality to meet
with the three criteria for edge detection and the simplicity of
process for implementation, it became one of the most popular
algorithms for edge detection. The steps in the canny edge
detector algorithm are as follows[14]:
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Algorithm .1 Canny Edge Detection
1. Smooth the image with a Gaussian filter.

2. 2.Compute the gradient magnitude and orientation
using finite-difference approximations for the partial
derivatives.

3. Non-maximal suppression. Edges will occur at points
the where the gradient is at a maximum. Therefore,
all points not at a maximum should be suppressed. In
order to do this, the magnitude and direction of the
gradient is computed at each pixel. Then for each pixel
check if the magnitude of the gradient is greater at one
pixel's distance away in either the positive or the
negative direction perpendicular to the gradient. If the
pixel is not greater than both, suppress it.

4. Edge Thresholding. The method of thresholding
used by the Canny Edge Detector is referred to as
"hysteresis". It makes use of both a high threshold and
a low threshold. If a pixel has a value above the high
threshold, it is set as an edge pixel. If a pixel has a
value above the low threshold and is the neighbor of an
edge pixel, it is set as an edge pixel as well. If a pixel
has a value above the low threshold but is not the
neighbor of an edge pixel, it is not set as an edge pixel.
If a pixel has a value below the low threshold, it is
never set as an edge pixel. (Algorithm based on
description given in [15]).

The proposed Canny edge detection method was implemented
using Matlab Ver. 7.11 on (1000 x100 pixels )image.
Figure 3, show the experiment result for canny detection
method, a :Canny Edge detection operation on Van Gogh
painting, b: represent Canny Edge detection operation on
Artist Yahya Zaki painting.
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Fig 3: A Canny Edge detection operation, a : Canny Edge
detection operation on Van Gogh painting b : Canny Edge
detection operation on Artist Yahya Zaki painting.

o Ant colony optimization method (ACO)

This section provides a theoretical discussion on the ant
colony optimization metaheuristic, ant colony system, and
proposed ACO-based image edge detection.

ACO is used to evolve the edge information existing in the
image, since it is critical to understand the image’s content.
The ACO algorithm wuses artificial ants as a simple



computational agent. It is initialized with N ants that occupy
"random” pixels within the image, here the image pixels are
equivalent to states in the search environment. The aim of the
ants is to locate and plot the boundaries within the image. To
achieve this heuristic information is introduced. With each
move to a new pixel every ant deposits an amount of
pheromone, where the amount deposited may be a function of,
e.g. change in image gradient, and pheromone evaporation
occurs at a fixed rate per iteration. The transition rule is then a
function of heuristic information and pheromone map
[16][17].

ACO is a probabilistic technique for finding optimal paths in
fully connected graphs through a guided search, by making
use of the pheromone information. This technique can be used
to solve any computational problem that can be reduced to
finding good paths on a weighted graph. In an ACO
algorithm, ants move through a search space, the graph, which
consists of nodes and edges. The movement of the ants is
probabilistically dictated by the transition probabilities. The
transition probability reflects the likelihood that an ant will
move from a given node to another. This value is
influenced by the heuristic information and the pheromone
information. The heuristic information is solely dependent on
the instance of the problem. Pheromone values are used and
updated during the search[16][17].

Artificial ants iterates tour construction loop which is biased
with the artificial pheromone trails and the heuristic
information. The main mechanism at work in ACO is the
discovery of good tours is the positive feedback done through
the pheromone update by the ants. The shorter the ant’s tour,
the more amount of pheromone is deposited by ants. This
forces the ants to select the same arcs in the subsequent
iterations of the algorithm. The occurrence of arcs with high
pheromone values are further reinforced by the mechanism of
pheromone evaporation that avoids an unlimited amount of
pheromone and decrease the pheromone content from the arcs
that rarely receive additional pheromone [18]. Algorithm
below describe how ACO is work :

Algorithm 2: ACO algoritm
Input : Instance x € | of 11 opt
Set algorithm parameters ()
i,j=0
for j = 1 to colonies do
Ant sy = Create sub-colony and release agent
while not —termination conditions on sub-colony do
i=i+1
Manage_ant activity()
Manage_phermone()
Manage_Demon Action()
Selection Procedure ()
Compute solution Quality()
end while
j=j+1
Sbest = candidate to be optimal solution
Update pheromone on arc()
end for
Output : Spegt "' candidate " to be best found solution x € |

As in [16] [17] [18], number of ants move on a 2-D image,
stepping from one pixel to another to construct a pheromone
matrix, which determine the edge information for each
pixel location in the image to extract the edges of the image.
The movement of the ants is directed by the local variation of
the image’s intensity values. Image Edge detection process
has the following steps: first is the initialization process. After
this pheromone matrix is constructed by the ACO when it
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further runs for N no. of iterations. Iterative process
consists of construction process and update process. The last
is decision process by which edge is determined.

Initialization process

In this process for an image | of size M xN is taken as input
which works as a solution space for the artificial ants. The
K numbers of ants are randomly moved over the whole
image such that the every pixel of the image is viewed as a
node. The constant is assigned to each , which is the initial
value of every component of the pheromone matrix.
Construction Process

In the nth step of construction, one ant being randomly
selected from K total ants and this ant will move over the
image for L steps. This ant will move from the (I,m) node
to (i, j) node which is its neighbouring node or pixel, is
specified by the transition probability.

Update Process

The pheromone matrix is updated in the update process
after the two update operations. The first update is
accomplished after the movement of each ant in each
construction-step. Each building block of pheromone
matrix is modified.

Decision process

The solution is based on the values in the final pheromone
matrix. The literature applies a threshold technique, also
known as the Otsu threshold technique. or by the method
developed to reduce the resulting grey scale image to a
binary image with only two possible values for each pixel.
This is done to be able to classify each pixel as either an
edge or a non-edge. Though, when it comes to analyzing
the work carried out by the ant collective in image edge
detection, a result showing various degrees in intensity
values is just as good as a black and white declaration.
Hence, in an ant’s image edge detection, the solution is a
direct result of the values in the final pheromone matrix In
this step, a binary decision is made at each pixel location to
determine whether it is edge or not. The decision is made
by applying a threshold t on the final pheromone matrix.
Here the threshold value t chosen to be adaptively
computed.

Visualize Process

In this step, different values of the Si (y) parameter are
applied to the above algorithm. Smaller the value of the phi
parameter more edges the algorithm detects in the image.
As go on decreasing the value of the phi parameter, output
of the given image becomes clearer but it should not be
zero.

The proposed Ant colony optimization (ACO) method was
implemented using MatlabVer. 7.11 on (1000 x100 pixels )
image. Figure 4 show the experiment result for ACO detection
method, a :ACO Edge detection operation on Van Gogh
painting, b: represent ACO Edge detection operation on
Artist Yahya Zaki painting.

3.2 Brushstrokes Image Segmentation Step
The edge linking algorithm is applied in this step to remove
short noisy edges and trace every legitimate edge and record
the coordinates of the pixels on the edge in the tracing order.
The Hough transform method is used to find connected sets of
edge pixels, without having to explicitly first identify which
are or are not edges is to trace from pixel to pixel through
possible edge points, considering as you go the context along
the path. The Hough transform is a technique which can be
used to isolate features of a particular shape within an image.

Hough transform is most commonly used for the detection of
regular curves such as lines, circles, ellipses, etc. The main



advantage of the Hough transform technique is that it is
tolerant of gaps in feature boundary descriptions and is
relatively unaffected by image noise [19].

gray converted ’
Image

@

Original image gray converted
Image
(b)
Fig 4: A Canny Edge detection operation, a : Canny Edge
detection operation on Van Gogh painting b : Canny Edge

detection operation on Artist Yahya Zaki painting.

ACO detection result

Algorithm 3 : Hough transform [20] .

1. Quantize the parameter space (a,b), that is, divide it
into cells.

2. This quantized space is often referred to as the
accumulator cells.

3. In the figure in the next slide ay, is the minimal
value of a etc.

4. Count the number of times a line intersects a given
cell.

— For each point (x,y) with value 1 in the binary
image, find the values of (a,b) in the range
[[amin:@max]:[Pmin:bmax]] ~ defining  the  line
corresponding to this point.

— Increase the value of the accumulator for these
[a’,b’] point.

— Then proceed with the next point in the image.

5. Cells receiving a minimum number of “votes” are
assumed to correspond to lines in (X,y) space.

— Lines can be found as peaks in this accumulator

space.

After Edge linking step, A brushstroke fully enclosed by an
edge is spatially isolated from other non-edge pixels and
forms a connected component, as in [5 ][21], extract all the
connected components from the image by setting the edge
pixels as foreground, and the non- edge pixels as background.
After extracted a connected component from the previous
step, The Resize operation on the image is executed, a
brushstroke must be in size (256 x 265 pixel). As in [22]
Skeletons for candidate brushstrokes are obtained by the
thinning operation. Thinning is a morphological operation, is
commonly used to tidy up the output of edge detectors
by reducing all lines to single pixel thickness. See [ 23]

The next step is to perform image segmentation by clustering
all the pixel-level features in the image. The clustering
algorithm applies k-means multiple times with a gradually
decreasing threshold for the average within-cluster distance.
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As in [5], Figure 5 illustrates the process using real candidate
brushstroke segments and their skeletons

N

@) (b)

Fig. 5: The process using real candidate brushstroke
segments and their skeletons (a) brushstrokes extracted
image (b) brushstrokes extracted image after
processing steps

3.3. Feature Extraction

The result from Brushstrokes image processing step is
used as input to histogram of oriented gradients (HOG)
feature extraction. The histogram of oriented gradients (HOG)
is a feature descriptor used in computer vision and image
processing for the purpose of feature extraction and object
detection. The technique counts occurrences of gradient
orientation in localized portions of an image. This
method is similar to that of edge orientation histograms,
scale-invariant feature transform descriptors, and shape
contexts, but differs in that it is computed on a dense grid of
uniformly spaced cells and uses overlapping local contrast
normalization for improved accuracy.

The essential thought behind the histogram of oriented
gradients descriptor is that local object appearance and shape
within an image can be described by the distribution of
intensity gradients or edge directions. The image is divided
into small connected regions called cells, and for the pixels
within each cell, a histogram of gradient directions is
compiled. The descriptor is the concatenation of these
histograms. For improved accuracy, the local histograms
can be contrast-normalized by calculating a measure of the
intensity across a larger region of the image, called a block,
and then using this value to normalize all cells within the
block. This normalization results in better invariance to
changes in illumination and shadowing [24].

In this section, the details of calculating the HOG feature
extraction is described, The HOG feature extraction used in
this paper work as in [24] as follow

Step 1 : Calculate the Gradient Images : As mentioned
earlier HOG feature descriptor used for feature
extraction is calculated on a 256 x 256 patch of an
image, see Figure 5 (b), To calculate a HOG
descriptor, calculate the gradient images need to first
calculate the horizontal and vertical gradients; after
all, want to calculate the histogram of gradients. This
is easily achieved by filtering the image with the
following kernels.
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Step 2 : Calculate Histogram of Gradients in 8x8 cells : In
this step, the image is divided into 8x8 cells and a histogram
of gradients is calculated for each 8x8 cells. The gradient of
this patch contains 2 values ( magnitude and direction ) per
pixel which adds up to 8x8x2 = 128 numbers. these 128
numbers are represented using a 9- bin histogram which can
be stored as an array of 9 numbers, the histogram is
essentially a vector ( or an array ) of 9 bins ( numbers )
corresponding to angles 0, 20, 40, 60 ... 160. Figure (6)
represent one 8x8 patch in the image and see how the
gradients look.
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Fig. 6 : one 8x8 patch in the image and the gradients

Step 3: Create a histogram of gradients in these 8x8 cells:
The histogram contains 9 bins corresponding to angles 0, 20,
40 ... 160. The operation is done on magnitude and direction
of the gradient of the same 8x8 patch as in figure 6. A bin is
selected based on the direction, and the vote ( the value that
goes into the b in ) is selected based on the magnitude. (See
figure 7).

sJefsfef10[s5]5]9] [40]45]7]15[74]85] 100]85]
Gradient Direction [ Gradient Magnitude

I T N I I
[ 0/20[40[ 60| 80| 100] 120] 140] 160
Histogram of gradients

Fig. 7 : A bin selected based on the direction, and the vote
selected based on the magnitude.

As in [24], If the angle is greater than 160 degrees, it is
between 160 and 180, and we know the angle wraps around
making 0 and 180 equivalent. the pixel with angle 165
degrees contributes proportionally to the 0 degree bin and the
160 degree bin.

The contributions of all the pixels in the 8x8 cells are added
up to create the 9-bin histogram. For the patch above, it looks
like figure 8.
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Fig. 8: The 9-bin histogram

Step 4 : Calculate the HOG feature vector : To calculate
the final feature vector for the entire image patch, the 9x1
vectors are concatenated into one giant vector. The size of
vector is calculated as for each 8 x 8 blocks there are 4
horizontal and 8 vertical position making a total 4 x 8 = 32
position, each 8 x 8 block is represented by 9 x1 vector when
it concatenate all into one gain vector we obtained 9 x 32 =
288 dimensional vector.

1. How many positions of the 16x16 blocks do we have ?
There are 7 horizontal and 15 vertical positions making a
total of 7 x 15 = 105 positions.

2. Each 16x16 block is represented by a 36x1 vector. So
when we concatenate them all into one gaint vector we
obtain a 36x105 = 3780 dimensional vector.

3.4 Brushstrokes Recognition Between

Van Gogh and his Contemporaries
In this paper the Artificial Fish Swarm Algorithm was
implemented in Matlab 7.11 to Distinguish Between Van
Gogh and his Contemporaries.

The artificial fish swarm algorithm (AFSA) is one of the state-
of-the-art swarm intelligence approaches, which was proposed
by Li Xiaolei in 2002. It is inspired by the autonomous
collective movement of artificial fishes (AFs) and their
various social behaviors. Its characteristics of global search,
quick convergence rate, and efficient search are based on
modern elicitation methods. After AFSA appeared, it
offered new ideas to solve the optimization problems in
signal processing, neural network classifiers, data mining
and clustering, multi-objective optimization and PID
controller parameters optimization, pattern recognition ...
etc[25].

As we know in water world, fishes can discover areas that
have more foods, which is done with individual or swarm
search by fishes. In relation to this characteristic, artificial fish
(AF) model is represented by prey, free move, swarm and
follow behaviors. AFs search the problem space by those
behaviors. The location, in which AF lives, considerably is
solution space and other AF’s sphere. Objective function is
Food consistence degree in water area is AFSA. Lastly, AFs
attain to a point which its food consistence degree is maxima
also referred as global optimum [25][26][27].

Supposed the state vector of artificial fish swarm is X= (x1,
x2, X3, ... xn), where x1, x2, X3, ... Xn is status of the fish.
Visual is the visual distance, the artificial fish occurs only in
the inner radius of the circle to the length of the field of vision
various acHts. The food concentration in this position of fish
is expressed as y = f(x) , Where y is the objective function
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value. The distance between the artificial fish is dij = ||Xi -
Xj || , 1and j is a random fish. means the maximum step size
of artificial fish. & is the degree of congestion factor [27]
[28][29].

Fig. 9: Vision Concept of artificial Fish

Supposed X, is the visual position at some moment. Xpey; IS
the new position. Than the movement process is represented
as:

X, = X; +Visual x rand (), ie[0,n] ©)

Xne = X+ ((Xy-X)/ (|| Xy-X]|]) x step xrand ()  (4)
Where rand () produces random numbers between 0 and 1.
The basic behaviors of artificial fish are defined as follows
[271[30].

1. Prey behavior
This is a basic biological behavior that tends to the food.
Supposed the state of artificial fish is X; , Select a state X;
within its sensing range randomly. If X superior to X; , then
move to X; ; on the contrary, selected randomly state X; and
determine whether to meet the forward conditions, repeated
several time, if still not satisfied forward conditions, then
move one step randomly.
X;=x; + Visual x rand() (5)
If Y; <Y, it goes forward a step in this direction.
X=X+ (X - XY/ ([|%5- X)) x step x rand ()
(6)
2. Swarm Behavior
Supposed the current state of artificial fish is X; (d;j <Visual ),
number of artificial fish is ng, if nf < & indicates that the
partners have more food and less crowded, if Y better than Y;
,then go forward toward the center of the direction of
the partnership, otherwise prey behavior.
X=X+ (X=X /([ Xe- X)) x step xrand () (7)

3. Follow Behavior

Supposed the state of artificial fish is X;, explore its optimal
state X max from Visual neighbors , the number of partners
of X nax IS N T, If nf < & indicates that near distance have
more food and not too crowded, further move to the front of X
max position; otherwise perform foraging behavior.
X=X+ (X=X 7 (|%5- X |[) x step x rand () (8)

The artificial fish swarm algorithm is shown as:

Algorithm 4: Artificial fish swarm algorithm

1. Initialize the parameters of artificial fish, such as Step
,Visual , the number of exploratory try_number, maximum
number of iterations ,and randomly generated n fishes;

2. Set bulletin board to record the current status of each fish,
and select the optimal value recorded;

3. Implementation of prey behavior, swarm behavior and
follow behavior;

4. Optimal value in bulletin board is updated,;

5. If the termination condition is satisfied, output the result;
otherwise return to step 2.
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The following steps specific how to distinguish between Van
Gogh and his contemporaries by using AFSA

1. 1. Initialize AFSA parameters, artificial fish
swarm size (N = 160), Number of maximum
iterations = 160, the visual field of artificial fish
(Visual = 3) and the congestion factor (8 = 1.6).

2. Set the initial iteration number=0, generate (N =
160) artificial fish individuals in the feasible domain
of control variable and form initial fish swarm.

3. Set bulletin board to record the current status of
each fish, and select the optimal value recorded by
Calculate the food concentration (FC) of the current
position of every fish individual in the initial fish
swarm. Compare their FCs; record the maximum
FC in the bulletin board and assign this fish to the
bulletin board. Log of Euclidean Distance (LED)to
be used in objective evaluation (food concentration
(FC)). WrJere

LED = /ST (a@ - 50O

4. Every artificial fish simulates and implements
follow and swarm respectively. The artificial fish
with bigger FC implements the behavior in practice
and the default behavior is forage.

5.  After every artificial fish acts once, compare its FC
with that on the bulletin board and if it is better than
that on the bulletin board, replace it.

6. End condition judgment: judge whether num has
reached the set-top maximum iterations number. If
it is, output the optimal registration parameter set;
otherwise, make number+=1 and turn to Step (4).

4. EXPERIMENT RESULT

The experiments is performed on 20 painting to compare van
Gogh’s paintings with his contemporaries using the ten
paintings, 5 of which, referred to as van Gogh’s, are by van
Gogh and the other 15 referred to as non- van Gogh’s, (3
Contemporaries painting for each Van Gogh painting) , see
figure 1 and figure 10.

o —

|

Fig. 10: a : van Gogh’s painting b: non- van Gogh’s
painting
All 20 paintings are preprocessed, extracted features before
recognized as van Gogh’s non- van Gogh’s painting, results
are displayed in table 1

Table 1: Recognition rate of an automated distinguish
brushstrokes between Van Gogh and his
contemporaries system

Edge Detection Recognition Rate

Canny Edge Detection | 91.14%

Ant Colony | 94.51%
optimization method
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On comparing Canny Edge detection approach with Ant
colony optimization method approach for Edge detection, it
is found that:. The average recognition rate of Ant colony
optimization method is better than that of Canny Edge
detection. Therefore, it can be said that the effectiveness of
Ant colony optimization method in finding the optimal edge
detection compared to Canny Edge detection compensates its
computational inefficiency.

5. CONCLUSION

In this paper, an automated distinguish brushstrokes
between Van Gogh and his contemporaries system was
performed by applied Artificial Fish Swarm Algorithm  as
recognition algorithm. It was found out that the Artificial Fish
Swarm Algorithm  can be integrated into evolutionary
computational algorithms to provide a better for
distinguish brushstrokes between Van Gogh and his
contemporaries. Finally, it is believed that the two edge
detection (Canny Edge detection and Ant colony optimization
method ) may be useful to edge detection for the
development of distinguish brushstrokes between Van Gogh
and his contemporaries.

For future work, it can used anther swarm algorithms to
segmented  brushstrokes of Van Gogh and to distinguish
brushstrokes between Van Gogh and his contemporaries.
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