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Abstract

o
With the fast development of industry and computer science technology twge
color recognition has been a hot topic. The prior research focus more n%}sﬂ and

hardware based approaches which are not intelligent or convenlent I er, we
present a novel image segmentation combined colo gnltlo m through
boundary detection and deep neural network. The dee ea mg m can largely

increase the accuracy of classification whereas ¢
we adopt the deep neural network and support vg

both in RGB and YUV color spaces. Boundary iet onins change, by contrast, is

e pro&s in tlme consumed,
achl@} ract image features
more global in nature, such as texture, so n

integ he"whole information of the
image. Under the guidance, we modify ﬂ%b‘ ent seg ion methods with boundary
detection technique to serve as th proc ssiyg, step before classifying colors.

Experimental results on synthetic eal ima how that the new algorithm is
effective and efficient, and is r t@ mdepe f this type of noise. Further analysis
is also conducted in the final

Keywords: Color R ition, @ egmentation, Deep Neural Network (DNN),
Boundary Detectio Ad{ m, Inf Srm on Retrieve and Classification
1. Introdu

In recent S, wit urstmg developments in information and communication
processing technologi researchers have discovered the huge potential diverse

based geograph rmation system [1], medical image processing and operating [2],
data guid nstructed human entertainment [3], and online web service based
mformatl ing and servicing centers [4]. Traditional database management system
deagn% alphanumeric data organized into a collection of inter-connected, such

n storage and retrieval can be convenient and efficient. However, this method is
n@able for organization, management, and effective use of multimedia information.
The Titerature review and prior research basis have indicated that in a plenty of practical
real-world applications, accurate and low time-consuming color recognition algorithm for
large-scale image database is urgently needed. There are several search engines which can
undertake the search and retrieval task for information text and graphics. Universal tool,
however, are able to search and retrieval of data is not suitable for special applications.
For this reason, specific methods and system characteristics based on image search and
retrieval of data specific applications are being studied recently. In [5], zimmer designed
an amorphous silicon-based unipolar detector for color recognition which is based on
hardware device. Spectral response curve and linear response of the linear independence
since the photocurrent of the incident light intensity is the prerequisite for the generation
of red, green and blue signals, the influence of light intensity in the color separation
spectral response measurement in different monochromatic prejudice lighting. In [6],

application areash&6 to multimedia science and data analysis such as remote sensing
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Bartlett proposed a novel visual recognition methodology based on image color
recognition and pattern classification. The core algorithm is based on the assumption that
serious construction and time limits in the primate visual system support object
recognition in the early stages of speculation in the brain is based on the hierarchical
structure of the feedforward feature extraction. Moreover, in [7], Rege’s group proposed a
novel 2D geometric shape and color recognition method using basic digital image
processing techniques (DIPT). Their algorithm involved the method of two-dimensional
three-dimensional RGB image black and white image conversion, color pixels
classification object-background separation, based on the size of the filter, and the use of
the bounding box and its property index calculation object. Object index and target value,
it is the shape of a particular object. Identify the shape of the object is by rotation
invariant. In addition, the color of the object is recognized based on the analysis of all
pixels of RGB information within each object. K)
In this paper, due to the index methods using traditional manual note i a%'{s’slow,
@ y all the
cteristics of

labor intensive and expensive. In addition, the text annotations cannot effe
séd on

available information in a given image coding. In additigQ
a large number of pixels of the image data, the concepf of gbmplex cation specific
pattern, domain-specific concept may not be : or sinﬁ*&%}nd effective text
description. Therefore, we propose a novel @u se tation combined color
recognition algorithm through boundary detec.ﬁn and deep ral network. The paper is

organized as the follows. Section 2 provid sic the review on segmentation
based-color space models, and novel st tation m ology is also introduced. In

section 3, we primarily discuss the ture o ep neural network and boundary
detection techniques to serve as th icati prlor segmentation and the future
color recognition task. Sectio nts our entatlon and deep learning combined
color recognition algorithm, e imental sis and discussion is shown in the section

research area in the Iast

2. The Color I‘&Qe tion

2.1. The CoI ace
The most widely

5. As the conclusion and@r?spect ® ude the research and finalize our future

olor space is the RGB color space. In this popular adopted
model, a point or pixel is divided and de-composited into three individual
components de as the red, green, blue, respectively. Because there are a large
or spaces, however, it is a useful approach to undertake the classification
ategory of the less of their definitions and property. We could therefore
olor spaces into the following sorts. (1) The main space is based on the
t umes that we can match any color mixing appropriate amount of primary
co Ss! The primary spaces are the real RGB, the subtractive CMY, and the imaginary

primary spaces. The following formula 1 and 2 show the conversion process
between RGB and XYZ. (2) The luminance-chrominance spaces. It is a kind of color
component which represents the brightness and chromaticity color said two components.
The YUV is a sample color space, the conversion formula between YUV and RGB is
shown is the equation 3. (3) Humans attempt to quantify the perceptual space of
subjective color perception through the three measures, intensity, the hue and saturation.
HSV represents the discussed model in which the H denotes the hue, S represents the
saturation and V is the visual intensity. The formula 4 illustrates the transformation
process.
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2.2. The Co odel ia age Segmentation
In this section we f| ine and analyze some prerequisite. Suppose we are given a

large-scale data se ed as: A= al,az,...,an] e R™" | as the following step, we adopt
the normalized Agptacian matrix (NLM) to derivate the time for commuting. The formula

SShowsth\ﬁB. i i
C; =V “e;) L' (e —e;)=vol(e —e;) D*(e —e,
Q@ ) L'(e—e)=vol(e —e;) D™*(e—¢;)

(
eigen-decomposition of A can be formulated as the following:
A=U>V'

(6)
The essential parameters equation can be defined

ass UU'=1eR™W'=EeR™ , % '=diag(o;,0,..0,) in  which
0,20,2..20,=0,pl n.

Gaussian kernel is popularly adopted such as [8-11] to denote the similarity
measurement notation. However, it lacks efficiency and accuracy. Therefore, we will use
cosine function [12-15] which is formulated in the formula 7 and the following steps are
also discussed as the formula 8 and 9.
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Finally, we will use RGB color space to describe the feature vector of any pixel in an
image. The Figure 1 shows the main steps. x) o
Input Initialization image A< R™" and classes k A
Stepl | Design the similarity matrix W AN
Step2 Compute the degree matrix of W and\aﬁu\o? vol»<¢)
T Yy 4
Step3 | Compute the UD'V Q \)
Step4 | Compute the (u EUT — U%T— \,
Step5 | Calculating the v/vo @g A2 le)}mula 9
Step6 Solving the ng@}éctlon |§$§}nd segment the image
Output SegmenteMrlmagesQ‘
Figure 1. TE owch %ur Segmentation Algorithm
3. Deep Ne twor@d Boundary Detection
3.1. Unsupervised Fea earning for Detection

Our network arc i@ure can be conceptually divided into two parts, the first to feature
extraction, and @!cond using the boundary prediction. We rely on the rest of the
characteristics ofyunsupervised learning skills. Detect this change is a challenging
problem, is&%y different from the simple edge detection, edge detection, is a technical
inspectio e low-level image features such as sudden changes in brightness or color.
B d@ detection in sudden change, by contrast, is more global in nature, such as
t% so need to integrate the whole information of the image. For example, may cause
many’ serious deformation on the edge of the area, but there should be no defined border
area. Although the task is difficult, accurate boundary detection is very important because
it helps many visual tasks include segmentation, recognition and understanding. The
mcRBM-model [16-21] is a generative model for images. We consider the allocation of
an energy variation of joint configuration is visible unit v h and hidden units are as
follows:

E:—Zj:hf(dj —Z”sz[K TAV] j

(10)

In our experiments we use diagonally-tiled parameter sharing, with 8*8 receptive
fields, stride of two units per site. In the Figure 2, we provide a simplified illustration of
such a diagonally-tiled convolutional MCRBM model instance. Function study our deep

2
a N
) —Zhl (bl +?M|TVJ
|
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architecture development McRBM belief network, extend it there is an additional binary
hidden layer unit. In the Figure 3, we present the traditional deep learning framework
according to the literature review [22-31]. We use the same diagonally-tiled convolutional
function sharing structure the pace of the additional layer of a second floor unit.
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Figure &e General Structure of Deep Neural Network (DNN)

N

3.2.T ervised Prediction

%consider feedforward sigmoidal neural networks for boundary prediction.
Characteristics of aircraft in our network are always the first hidden layer to form
the activation probability of mean and covariance TmcRBM hidden units. The
corresponding serve as the hidden layers is based on this design pattern. In the
feature plane denoted as k given the input X*, activation for the individual unit

z' could be computed as the following:

zf =sig(gk +Z\NiikX:'<J (11)
j

In which, W*denotes the weight matrix (WM), g represents the scalar bias, and sig

1
1+e*)'

the logistic sigmoid functionsig(z) = (
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The output layer has the same dimensionality as the input image and each pixel has a
corresponding contour unit expressed as: u, =z .Its activation interpreted as probability

prediction, pixel is part of an outline. According to the architecture, the output layer
receives input from one or more network in the hidden layer. Importantly we can think of
each stream having two parts: image feature extraction, and hypothesis propagation/read
out. In our network, we use a mirror to connect the two parts of the structure. Add an
extra layer coding and adds another read hidden layer. The one reason is to reduce the
hidden deeper network unit grid position. In these deep flow, the quantity characteristics
of aircraft is also applied to antisymmetric fashion, so the first and the last hidden layer
flow has the same number of aircraft. Multiple streams are motivated by the need to
capture the image multi-scale information and semantic level. Such a network is expected
to only detect very local image discontinuities such as edges. At a deeper level oﬁ%\\/\/yrk
input from the larger area may need to distinguish between discontinuous. Ou sin

line with this view. Due to the sparse space application of filters in the ehtire{ network,
only much coarser scales is expected at a deeper level-scale about th a@ ormation,
and contour website with local is discontinuity cannot ected ively. Compare
with related proposed deep neural network, we the Kigur to show the
computational complex for reference. Q Eﬂ{j
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4. Color Reca@on with Segmentation and Boundary Detection Prior

Fi

4.1. The Xre Extraction Algorithm

@ extraction was based on the automatically segmented regions. For each region
re ting a lesion, in addition to the basic RGB color components, six images were
generated. Color histogram extraction is based on the HSV (hue, saturation and value)
color space, by HSV color component is more related to human perception. Traditional
color in HSV color space quantization separate bins of grey Numbers and the other based
on component, and a divided. The Figure 5 shows the example. To overcome this
problem, the cylindrical HSV space needs to be transformed into a cone. Suppose a
cylindrical HSV point. Usually after segmentation image segmentation to several objects.
The characteristic of each object is composed of three parts. First is the color histogram,
color histogram weighted average of all areas belong to the area of the object. The second
part is the texture feature, this is by wavelet energy. As a result, each texture feature
vector wavelet energy is a 9 elements. The area of the object of texture feature vector
weighted average wavelet energy from all the corresponding area.
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|

Figure 5. The Color Image Feature Extraction

4.2. The Combined Color Recognition and Classification Algorithm

SVM is based on the theory of statistical learning methods. The ideas M is
for the classification of the 2 types of problems for mul —class pro I@ ed to re-
construct the SVM classifier. There are 4 patterns in t arch ployed the
use of cluster analysis in the distance between the cl i
multi-class classification method. We used th ete inar
structure is the inner nodes can be multiple cla ith iple’ classes of split. The
classification principle of binary tree: Sho@ke the mos y to split the class the

first partition. Namely on the upper deck binary node split, in this way can
make the upper of the SVM classificati(}} higher e?mr lization performance, reduce

the fault points rate. When use starti the P e decision function, according to
the value of the positive and ne at CISIOn t node, it goes on, until you reach a
leaf node, this leaf node reg& class |s est samples Category. The Euclidean
distance between class and class €an be forrﬁﬁxted as the formula 12.

-1

X =—» X \Q (12)

NS N

This article thi eft handﬁ%\;ement, imagine the right hand movement, masseter

click, massetg i ovements of sample set respectively marked as Al,

Al,A2)and (A3,A4) to obtain SVM1 by clustering in the
completing the SVM training, we can get the svm multi-
classification surface ension reduction space. Can confirm the boundary surface is
effective by texti the course of the test sample belongs to which class should start
from SVM1, dri n until the sign function is positive so far, to get classes. Finally,
deep Iearnl\%l’qorithm introduced in the previous section will verify the accuracy of the
classificati sult.

E%Q’imental Analysis

5.1. The Simulation Set-up and Environment

SVM training process.

In order to verify the effectiveness of the proposed method above, we took some
experiments and simulation. The simulation environment is as the follows. Six physical
machines equipped with 4 TB hard disk and 16 GB of RAM, and the simulation software
is installed on Windows Win7 platform and Intel core 4 quad core 3.6 GHz and 6 GB of
RAM. The testing images are gathered through google image search engine and Flickr.

5.2. The Experiment for the Segmentation Part

In this section, to better simulate and test the effectiveness of our method, we describe
the experimental results on one synthetic image and one natural image with different
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types of noises. We compare our method with some other state-of-the-art algorithms. The
Figure 6 and 7 show the result. In addition, to demonstrate the efficiency of our method,

we draw the time-consuming curve in the Figure 8.

TIT

Figure 6. Our Algorithm (g) Compar@? rs Under Noise
e

Environm

\ ® (2
Figure 7. OL@&‘rithm (g) Compared with Others Under Natural Scene

5.3. The @&iment for the Color Recognition Part

t@section, we verify the combined algorithm for image color classification. The
e ental images are downloaded from google image search engine, we take shoe

images as the example for the reason that the shape and structure of shoes varies largely,
and therefore, we could show the effectiveness and robustness of proposed methodology.
The simulation result is shown in the Figure 9. The recognition accuracy data is stored in
the table one.
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igure me xperimental Image Dataset

<
Algorithms

a?"b“ Bayesian Graph-Cut Ours
Te 75.33% 85.17% 93.47%
?%T'estz 65.20% 90.75% 91.73%
@Q Test3 83.12% 88.73% 95.33%
Test4 69.74% 81.97% 90.76%
Test5 66.84% 92.33% 91.33%
Test6 80.33% 83.69% 90.61%
Test7 81.75% 92.12% 96.31%
Test8 78.61% 77.89% 96.35%

Table 1. Experiment Result for Color Recognation
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6. Conclusion and Summary

Deep learning has become one of the hottest research topics in the machine
learning community. In this paper, we propose a novel image segmentation
combined color recognition algorithm through boundary detection and deep neural
network. The results reported in this paper show that DNN based classification
method is an effective approach to constructing a robust image color recognition
algorithm. Furthermore, the improved algorithm introduced a re-formulated
boundary detection technique, with the application to the original algorithm.
Compared with its preexistences, it is able to incorporate the local information
more exactly. In addition, SVM is also adopted to verify the result of our proposed
methodology. In our experiments, we test the proposed algorithm on nati¥al and
noise based image sets. The experiment results show that the proposed thm
obviously improves the performance of color recognition, asQS as the

robustness to the type of noises and shapes. In the fGture, w do more
research on deep learning algorithm to boost the efficiency ofq) algorithm.
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