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Analysis and Modeling of Expert's Quality Evaluation of Fresh Fish

OL S
O Makoto Nakamura'
'K E KRR K PE SIS R

'Graduate School of Fisheries Science, National Fisheries University

Abstract: This study aims to develop a quality evaluation system by analyzing the skills of experienced auctioneers and
puffer cooks from well-established intermediary fish markets and wholesalers in order to create a models for quality
evaluation. Six kinds of fresh fish and a total of 510 puffers dressed by the cooks (Migaki) were graded into five classes
to determine what aspects of the surface color and meat freshness of the fish the auctioneers and the cooks use for
evaluation. Analysis of the appearance evaluation by them, combined with information on fish coloration and meat

freshness, indicated that the auctioneers and the cooks focus on four colors on the surface of the fish.
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(a) fiEfR [mean = SD]
Species Total length [mm] Weight [g] n
Tilefish 3469 = 24.1 530.8 = 1159 320/40

White chestnut  309.1 + 22.6 450.5 =942  350/45

Striped grunt ~ 304.8 = 29.1 436.2 = 120.7 348/46

Horse mackerel 276.3 &= 42.7 2295 = 78.6  375/54

Filefish 263.7 = 30.9 261.3 £93.8 294/50

J.S. mackerel  468.8 = 33.0 514.5 = 113.7 154/~
(b) 77 HKRX

Species Length [mm]  Weight [g] n

Tiger puffer 2555 £ 14.6 2578 £39.2 80

(natural)

Tiger puffer 246.3 = 16.4 196.3 £ 342 250

(cultivated)

2544 + 281 2326 =750 230
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gg?ﬁf;l g px a* b* Colors
L1-C1 2854 -1.00 1.81 dark gray
L1-C2 2932 -1.19 219 dark gray
L2-CO0  80.43 -0.12 827  yellowish gray
L2-Cl1 67.76 —0.86 10.93  grayish yellow
L2-C2 6954 -1.83 948  yellowish gray
L2-C3  50.03 -3.40 14.35  grayish olive
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L2-Cl1 66.99 -0.38 2.77 medium gray
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Measuring points Indices
Abdominal region (L3-C2) b*
Trunk part (L2-C1)-(L.2-C2) A L*
Dorsal-trunk part (L1-C1)-(L2-C1) A L*
Dorsal-abdominal region (L1-C2)-(L3-C2) A C*ab

(b) V=Y INF

Measuring points Indices
Trunk part (L2-C1) a*
Trunk part (L2-C3) L*
Eye (E) b*

Dorsal-abdominal region (L1-C2)-(L3-C2) A C*ab
() U7

Measuring points Indices
Trunk part (L2-C1) L*
Abdominal region (L3-C1) b*
Trunk part (L2-C2)-(L2-C3) A a*

Trunk-abdominal region (L2-C2)-(L3-C2) A a*
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23 K& 72 IR Ak fgE L CoRv N IE O FH S
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B, 26 S B O (L2-C3) OB L*23 72
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0.01) Z/RL7=. MXT, 1 HEILE 3 FZO
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F4 EBENT T THREDORBE

II;/(I)ci:gzlring L* a* b* Colors
L1-C1  52.664 -0.59 -2.28  bluish gray
L1-C2 5129 -1.06 -4.01  bluish gray
L2-Cl1 54.68 -0.33 —-0.28 medium gray
L2-C2 4980 -0.79 -2.11 medium gray
L2-C3 5249 -0.44 -4.65 bluish gray
L2-C4 27.61 0.15 -132  dark gray
L3-C1  51.851 -1.13 -3.04  bluish gray
L3-C2 5342 -0.63 -2.62  bluish gray
acL3-C1  47.20 -097 -3.60  bluish gray
acL3-C2 51.06 4.14 -1.47  reddish gray

£5 BILT 7T OHBINHET L

Measuring points Indices
Dorsal region (L1-C2) L*
Caudal fin (L2-C4) a*
Abdominal region (L3-C1) a*
Abdominal region (L3-C1)-(L3-C2) A b*
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C*ab = 3.04 L7200, BB 1FENHFALD I TWKE
Z, FIMOBERS TWIKGAEZZEL TS, &
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(L1-C1)-(L2-C1), A L* |/89.3%
(L1-C2)-(L3-C2), A C*ab
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An Approarch for Finding an Optimal Location of Fuzzy Random Weighted Weber
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Abstract: This article considers a new location problem, which is extended Weber problems by adding
fuzzy random weights. It can be formulated as a fuzzy random programming problem. By translating it to
a deterministic programming problem based upon a-level sets and chance constraints, its solution method

is shown.
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Path optimization using multiple cameras for inspecting printed circuit boards
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Abstract: In inspections of printed circuit boards (PCBs), a test probe has to be moved to a number of
PCB wiring patterns in some order. Due to the miniaturization of PCBs, the procedure of “alignment”
has to be done by cameras in order to know the exact position of each wiring pattern before each of
PCB wiring patterns is electrically tested. This paper considers path optimization using multiple cameras
for minimizing a total path length of testing PCBs arrayed on a plane, which is modeled as a kind of
traveling salesman problems with a precedence constraint. In order to solve the problem with a practically
reasonable time, an efficient heuristic algorithm is proposed.
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Optimum Arrangement of Taxi Operation Time

OFA i
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(OTakashi Tanizaki
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Abstract: We propose optimum arrangement of taxi opereation time. In Japan, income of taxi vehicle is
decreasing about 11 thousand yen in the past 15 years. Then some taxi companies are investing to gain
more customers. But there are many small taxi companies that are difficult to invest with much money.
Therefore we have been researching the other method to gain more customers by little investment for
small companies. In this paper, we analyze present situation of the Taxi Company which we research,
research optimum arrangement of taxi drivers’ working hours so as to increase sales amount using
mathematical model, and verify validity of our method with numerical calculation.
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A microarray gene expression data analysis for discovering biomarkers of pseudomyxoma
peritonei
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Abstract: Pseudomyxoma peritonei (PMP) is a rare intractable disease and its rate of incidence is
estimated at 1 per 1,000,000 populations annually. Due to the rarity of PMP, a very few doctors encounter
a patient who suffers from PMP. Therefore, it is very important to discover tumor markers. This research
presents a microarray gene expression data analysis method for discovering biomarkers of pseudomyxoma
peritonei (PMP). A set of probes that are good candidates for tumor markers of PMP is extracted by
using ESTProfile and GO term. The proposed method finds 3 tumor markers of PMP.
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Multiple human detection based on Hog feature and
Statistical learning method
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Abstract: We propose an object detection method that uses Histograms of Oriented Gradients (HOG) feature using two-
stage boosting. There has been done many research works in recent years on statistical training methods and object
detection methods that combine low-level features obtained. However in our proposed approach, low-level HOG features
are combined by using Real AdaBoost to automatically generate features. In his paper, to evaluate the effectiveness of
the proposed method, Three different experiments with different patterns are conducted for detecting humans. Moreover,
a boosting classifier is used to represent he co-occurrence of the HOG features appearance for detecting a pedestrian.

I. INTRODUCTION

In this section, considering the above mentioned points,
let us explain the past research works after clarifying
factors that influence on human detection. The Object
detection is one of the most important problems in
computer vision, and many methods have already been
proposed for achieving it. Image processing real
technologies are required to provide convenience for
people’s life and to realize safety life and society. The
image processing technologies include methodology of
tracking human positions and recognizing human
behaviors. Especially, recognizing a human position is
essential in a pre-processing stage to track humans and
understand human behaviors. In recent years, most object
detection methods use object classification methods with
statistical training methods for the selection of local
features from considerable training samples. For the local
features used by such methods, there are low-level features
such as Haar-like features [1], Edge Orientation
Histograms (EOH) [2] and Edgelet features [3]. For
example, the Haar-like features have been used frequently
in face detection, and it considers adjacent rectangular
regions at a specific location in a detection window, sums
up the pixel intensities in each region and calculates the
difference between these sums. However, Haar-like
features are difficult to use in human detection because the
colors of clothes and the background are not always the
same. So as to absorb such variations, Histogram of
Oriented Gradients (HOG) [4] has been proposed as
possible common information as a feature amount
extracted. Among these features, the HOG has
demonstrated to be robust in changes in illumination and
local changes in geometry to detect a human. However, the
recognition capability is limited in complex scenes with
only low-level features. Therefore, recently proposed
methods[5], [6] that generates features by using statistical
learning algorithms, such as AdaBoost[7] [8] [9], combine
low-level features based on the relations between features
(relatedness) to achieve highly accurate object detection.
As in late 1990s the progress of general computers
technologies enables to process the huge amount of data in
high speed, the main methods in image processing became
to abstract high dimensional feature vectors from images
and discriminate them by using statistical learning methods
[10][11][12][213]. Even though the statistical learning

methods require huge learning samples with class labels,
general purpose classifiers can learn without preparing
previously some rules like a rule base system. In detecting
faces, Neural Network method [11], SVM method [14].
Naive Bayes method [12], AdaBoost method [7] [13] are
representative methods using statistical learning methods
to show highly detecting performance. Especially in 2001
Viola and Jones proposed face recognition methods [7]
[13] with highly accurate and high speed detection. After
then, the method is widely used in object detecting research.
So, the detection target was transferred to human that is
more difficult to detect from face. Human detection took
over the knowledge and technologies derived from several
research works of the face detection, so it was approached
image local features and based on statistical learning
methods[15] [16]. The flow of learning classifier by
statistical learning method is illustrated in Fig. 1.

Human training samples Other Human training samples

Feature abstraction

Statistical learning methods

Fig. 1. Learning classifier by statistical learning methods.

However, the appearance of people image as a detection
target largely changes as compared with face image to be
due to clothing and body type, direction, change of
perspective and change of lighting. Therefore, it is difficult
to extract common feature from many people images, so
accurate human detection becomes difficult. The various
attempts have been done till now to absorb fluctuation of
human images in processing of the classifier and the local
feature image to solve this problem. However the detection
target in a whole-body of person image is larger compared
with a face image, since the clothing, body type, direction
and change of perspective and effects of the lighting are



taken into account. Therefore, it is difficult to extract a
common feature from numerous people images and
achieve a high accurate human detection. Until now, there
has been several attempts to solve this problem by
absorbing the fluctuation of the number of humans that are
visible in the processing of the classifier and the local
feature.

In this paper, we proposed an approach to resolve the
factors that make it difficult to detect a human. From the
next section, we demonstrate the effectiveness of the
proposed method experimentally, using HOG feature and
Real Adaboost of three patterns.

Il. METHOD

A. Histogram of Oriented Gradients

In this paper, the Histogram of Oriented Gradients
(HOG) that was proposed by Dalal et al. is used for low-
level features [17]. HOG features are calculated from the
gradient orientations in local areas that are called cells and
converted into histograms. They can capture the shape of
an object. They are also robust to changes in illumination
and local changes in geometry. The procedure for
calculating the HOG features is described below. From the
brightness | of each pixel, the gradient magnitude m and
orientation 6 are computed with the following equations:

m(X.J’) = \/fx(x'y)z + fy(x'y)z (1)

. hxy)
6(x,y) = tan™?! ) )
file,y) =1(x+1Ly) —I(x— 1,y) 3
fy(x'y)=I(x'y+1)_1(x'y_1) (4)

The brightness gradient orientation histogram of each cell
is generated from the calculation of the gradient magnitude
m and orientation 6 . Then, the obtained gradient
orientations are divided into 20-degree groups to create a
gradient orientation histogram. Finally, the features are
normalized in each block area (Fig. 2) with the following
equation:

v
VEem———  (e=1) ()

Gk, v) +e

where, v is the HOG feature, k is the number of HOG
features in the block, and e is a coefficient for preventing
the division by zero.

HOG feature
vectors

iy ’ |I|
Qqh o

0° 160°
Histograms of gradient orientation

4

Candidate Block .
Gradient Image

Fig. 2.
B. Real Adaboost

Adaboost [17] realized a Boosting method with a
highly accurate classifier by combining plural simple
classifiers. This paper proposes an improved Real
Adaboost to discriminate humans and other objects. Let us
explain the detail of the algorithm in the following where
M denotes the number of samples, and n the number of

Hog feature extraction.

learning cycles. These values are set previously. Leaning
data are denoted as xi(i =1, ...... , n), iis number of
learning sample and the weight of each datumis  Dt(i=1,
...... , ). i is a sample obtained from each frame of stream.
Each xi is given with ye{-1, +1}. y is the class label
associated with a training sample xi. That is, when xi is a
datum with a human, y = +1. Otherwise, y = —1. The
probability density distributions, W. and W- are
represented by one-dimensional histogram that is
generated from the training sample weights Dy(i) with the
following equations:

wl = D, (i) (6)

ijEJAY;=+1

wi = D, (i) )
i:jJEJAY;=—1

where, t is the number of training cycles, i is the number

of training samples, j is the BIN number of the one-
dimensional histogram, and y; is the class label whereyi &
{+1,—1}. Dy is calculated in the same manner as the first-
stage Real AdaBoost. The probability density distributions
Ww/and W/can be generated by calculating the training
samples xi features and applying the training sample
weights Dt(i) to the BIN numbers j of the one-dimensional
histograms that correspond to these feature values (Fig. 3).

Negative samples (W) Positive samples (W.)

01 2
Feature amount ; (BIN)

62 63

0 2
Feature amount ; (BIN)

62 63

Probability of occurrence
Probability of occurrence

Fig. 3. Histogram construction of positive and negative features.
These probability density distributions are used to
obtain the value of z, which represents the degree of
separation between the distributions. Evaluation value:

z=1-3; /WjW_f ®)

A small value of z indicates the separation amount
between the positive and negative class distribution. The
smaller the value is the larger the separation is. Therefore,
the smallest value of z is used to select the weakest
classifier at each cycle (Fig. 4).

If value of z is small. If value of z is Large.

! g !

Correct classification Incorrect classification

Probability of occurrence
Probability of occurrence

Feature amount j (BIN) Feature amount ; (BIN)

Fig. 4. Feature of classification.



Next, the resulting probability density distribution from
W/ and W/ is used to calculate the output h,(x)in the

second-stage Real AdaBoost previously selected classifier.

From the HOG features values, the co-occurrence j can be
obtained from the training samples. Then, the classifier
output  h.(x) is calculated from one-dimensional
histogram BIN numbers j and their corresponding
probability density distributions W/and W/ by using the
following equation:

1 W/ +e
h(x) =Ean+]. e )

where, X is a serial number that represents the number of
combinations of cells, ¢ is a coefficient for preventing the
division by zero s and takes the same value that was used
in the Real AdaBoost, ¢ = 0.0000001. The last classifier H
is consider as the stronger classifier H is calculated:

T
H(x) = sign [2 h.(x) — 0] (10)
=1

where @ is a threshold whose default value is zero. After
determining the value of H(x), If H(x)= &, then the input
data x indicates the presence of a person in the image.
Furthermore, if H(x)< @, then the input data x indicates the
absence of a person in the image. An important feature in
Adaboost is its learning technique that is realized by
increasing the value of the sampling weights in the
erroneous data so the subsequent learning can be focused
on the previous erroneous data.

The detected human can be visualized by using a
rectagular pattern in the image called raster scanning
window. After processing the image by Adaboost, several
number of raster scannning window are generated per
individual. The overlapped windows indicates the zone or
area where a human can be located. Therefore the Mean
Shift is proposed to integrated this windows and have a
positive detection of a human.

C. Mean Shift

In this section, a comprehensive overview of the basic
theory and mean shift applications in object tracking is
provided.

Mean shift is a popular robust framework for statistical
data analysis using kernel density estimation that was
originally proposed by Fukunaga and Hostetler in 1975
[18]. In this paper, the Mean shift is used for the
integration of all the windows generated by the raster
scanning. In the Mean shift, the density function maxima
is located by sampling discrete data from the given
function [19]. Moreover, It helps on the detection of the
density modes. Let be x the initial estimate at the start of

the iteration. The kernel function isgivenby K [l x — x; Il

The weight of the adjecent points are calculated with this
function by re-estimating the mean. Than a Gaussian
kernel is used to determine the distance of the current
estimate with following equation:

Kl x = x; ll= emelxmxl? GEN

where K determines the weighted mean of the density.

Mean Shift Vector:

S,k (1 225 02)

m(x) = —— —x (12)
e (F550e)
Kernel function:
K(x) = c(1=lx1) Txl<1
() { 0 otherwise (13)

There is important to decide radius h using Mean shift. The
optional parameter is only the radius h of the circle area,
even though that it can be expanded the same radius of the
sphere in the case of high-dimensional as shown in Fig. 5.
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Fig. 5. Integration of the detection window

Fig. 6.

Integration of the detection window.



D. Real-Adaboost with Mean shift

Fig.7 shows the detection results with a window raster
scanning over the image. Fig. 6(a) shows the multiple
windows in which the target was detected at multiple times
at different scales. Then, in Fig. 6(b) all the windows are
integrated by using Mean Shift clustering [20]. We can
observed from Fig. 6 that our method can detect individual
objects even if they are overlapped.

v v
Pos Pos Pos NegNeg Pos

Fig. 7. Raster scanning of the detection window.

I1l. RESULTS

To test the performance of our proposed method, we
conducted the following experiments where the detection
of humans is involved.

A. Data Source

The dataset used for our experiment was compiled
with the images taken with different individuals and
different backgrounds. The individuals who participated in
this experiment, differ from one image to another, so not
only the body size differs but also the clothing,
illumination and background. The images that are used in
our database is shown in Fig. 8. One of the most popular
database use for training is the Evaluation Dataset INRIA
[21]. These dataset contains a total of 1774 images where
1671 images do not include only humans but also objects
in the background. The INRIA dataset includes various
kinds of samples from different points of view, colorful
clothing, diverse poses, partial occlusion, sundry
illumination and locations. A negative samples is
considered when the random objects that appears in the
background are selected. However the if the humans in the
image are selected without any error, then it is considered
as a positive sample. The database used for training
contains 2000 positive and 5000 negative samples.

For our experiment, an OpenCV 2.4.9 and Windows
8 Intel® Core™ i7 4790 M CPU (3.60 GHz) computer was
used.

[aRe (s

Fig. 8. Human database.

B. Experiments

The image dataset for the evaluation of our human
detection experiment was taken with a Video camera with
a 12.1 Mega pixels resolution. The parameters for these
experiments are listed in Table 1.

Table 1. Experiment parameter.
Human
Orientations 9(0°~180°)
Patch size (pixels) 64x128
Cell size (pixels) 8X8
Block size (cells) 2X2
Cells 64

We take three different movies that involve the
different subjects, background and camera angles as
shown in Fig. 9. The Patterns that are considered are
explained as follows:

e Patternl: In this pattern a more simple background
(not objects) is considered as shown in Fig. 9(a) &

(b).

e Pattern2: In this pattern, a more complex
background is considered. In this background
objects as trees and fences are interact with the
individual as shown in Fig. 9(c) & (d).

e Pattern3: In Pattern 3 not only objects interact with
the individual but also the human size changes
according with the perspective as shown in Fig. 9(e)

& (f).



C. Experimental Results

Fig. 9. Different results of human Detection.
(a)Simple Background image, (b) Detection Result of (a),
(c)Complex Background image, (d) Detection Result of (c),
(e)Variable human size image, (f) Detection Result of (e).

The detection error for Fig. 9(b), (d), (f) are shown in
Table 2.

Table 2. Detection Result

Patternl Pattern2 Pattern3

Detection Error[%b] 19.0 49.5 38.7

The proposed method can detect a single individual with
simple background our multiple individuals where the
interaction with objects in the background is not involved.
However, if the objects in the background had some
interaction or overlap the human for its analysis, the
classifier would consider as an object. Therefore this will
be considered as a detection error. In the Pattern 3, the
error rate is 38.7 %. That reason is the scanner window
size is predetermined, so when the human body size
change respective with the perspective angle the window
does not change.

IV. CONCLUSIONS

In this paper we proposed an improved object detection
method that combines Histograms of Oriented Gradients
(HOG) feature with two-stage boosting and Real Adaboost
to automatically generate features. Therefore, HOG low-
level features obtained can be used traditional statistical
training methods. To evaluate the effectiveness of our
proposed method we conducted three different
experiments. As shown in the results, we conclude that a
lot of correct samples is required in human detection.
Moreover, our method can overcome the disadvantages of
the statistical methods as the situation demands. In future
work, we plan to accomplish high accuracy human
detection in images.
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Abstract : Brainwaves are predicted with links between spatial distribution of synaptic
activity and temporal frequencies in our body. The electroencephalogram (EEG) signal can be
used for the purpose of recognizing speech emotion. The scalp recorded EEG provides the
estimation of synaptic action at the large scales closely related to behavior and cognition. The
emotion classification system can be used to recognize the support states. In this survey, the
most research works related will be summarized. The discussion in this paper, draws the
conclusion given with some clues for the future works.

1. Background & Motivation

Research in speech emotion recognition is
improving in the field of human computer
interaction. Emotion recognition 1s an
important research area and plays a pivotal
role in handling information of emotion
people can communicate with each other
more smoothly. The emotion recognition
systems 1n speech or facial expressions
include several emotional states such as joy,
fear, sadness, disgust, anger, surprise and
neutral [1]. In recent years,
electroencephalogram (EEG) research has
proven to be useful for a multitude of new
methods of communication such as emotion
recognition besides the well known clinical
applications[2]. EEG wuses an electrical
activity of the neurons inside the brain.
Some areas of the brain are related with the
human emotional behavior: brainstem,
hypothalamus, thalamus, prefrontal area
and limbic system [3]. EEG based technology
has become more popular in games design,
EEG-based technologies were wused in
neurofeedback games and brain computer
interfaces [4].

2. Theory of Brainwave Signals and
Related Technique

The emotion recognition system based on
brain signal or EEG can be applied to many
areas such as education, medicine, gaming,
entertainment and intelligent tutoring
system, an example of EEG based technology
in the field of entertainment is music player.
In this application, the current emotional
state of the user is identified, and a music
related to this state is played. The songs
from the music player are clasified into six
emotion: sad, frustated, fear, happy, pleasant,
and satisfied[3].

W

Figure 1. The mindset device [5]
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The device gives different brainwaves
strengths alpha, gamma and delta along
with the meditation and attention calculated
states. Brainwaves with fewer frequencies
than alpha brainwaves are named slow
brainwaves and the higher frequencies than
alpha brainwaves are fast brainwaves [6].
From all of those data with data analysis we
can try to guess the emotion of the user. The
figure 2 below mentioned waveforms when
the person falls asleep, the dominant EEG
frequency decreases.

Awake

MWW WA WWWWYWA

Light sleep MJWW\FA}M\/\
REM sleep *\MWMW
Deep sleep
Cerebral
death 100

Y [uv]

a0

0-r T T T ]
0 1 2 3 Tirme [3]4

Figure 2. EEG activity is dependent on the
level of consciousness[7] .

In a certain phase of sleep, rapid eye
movement called (REM) sleep, the person
dreams and has active movements of the
eyes, which can be seen as a characteristic
EEG signal. In deep sleep, the EEG has
large and slow deflections called delta waves.
No cerebral activity can be detected from a
patient with complete cerebral death. As the
activity increases, the EEG shifts to higher
dominating frequency and lower amplitude.

When the eyes are closed, the alpha waves
begin to dominate the EEG[7].

Table 1. The Brain states associated with
different frequency bands

Freq. (Hz) | Amp Brain States

1v)

Type

) 0.1-0.3 100-200 | Deepest,
dreamless
sleep,
unconscious

state.

<30 REM sleep,

dreaming,
intuitivity.

30 -50 Relaxed, but
non-sleepy

state.

B 13-30 <20 Sensory and
emotional
influences,
thinking,

alertness.

The table above lists the relationship of
frequency spectrum of EEG and brain states.
The profile of the spectrum can indicate
specific brain state. The brain wave is
changing all the time. It depends on the age,
sex, emotion, activity and so on[8].

3. Theory of Speech Recognition

Research in emotion recognition by speech or
image remains one of the important research
challenge. The various types of speech
recognition can be indicated as [9]:

e Connected Words : It accepts single word
or utterance at a time and allows a
proper pase between the utterences.

e Continious Speech : The users speaks
smoothly and with the help of methods
the utterences is calculated.




e Isolated Words : Accepts single utterance
and word at a time

The performance of speech recognition
systems 1s usually specified in terms of
accuracy and speed.

4. Method and Experiment

EEG database can be used for the source of
brain signal, and the database will be
recorded by using music videos to induce
emotions 1n the participants of the
experiment[10]. The purpose of this paper is
to 1investigate whether i1t 1s possible to
reliably recognize speech based on EEG
signals. The figure below shows EEG signals,
it is possible to differentiate alpha (a), beta
B, delta (8), and theta (O©) waves as well as
spikes associated with epilepsy.
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Figure 3. Some examples of EEG waves [7]

The alpha waves have the frequency
spectrum of 8-13 Hz and can be measured
from the occipital region in an awake person
when the eyes are closed. The frequency
band of the beta waves is 13-30 Hz; these are
detectable over the parietal and frontal lobes.
The delta waves have the frequency range of
0.5-4 Hz and are detectable in infants and
sleeping adults. The theta waves have the
frequency range of 4-8 Hz and are obtained
from children and sleeping adults. The EEG
signals are basically and closely related to
the level of consciousness of a person. When
the eyes of the subject are closed then alpha
waves begin to have a very strong influence
over EEG [11].

5. Conclusions

Brainwave will be used to recognize speech
emotions. The survey evaluated and
attempted to emerge with the EEG signal for
detection. The future research on the speech
emotion recognition and brainwave signal
can benefit for many technologies.
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Abstract: Recent research works show an increasing trend in analyzing agriculture problem because of its good
applicability and usability. Also, the rapid development of mathematical model mitigates the difficulty to solve such
abstract and uncertain problem. In this paper, the questions are discussed about a wine system, which contains some grape
blocks and winery together. In the paper, a bilevel model is developed for obtaining the balance between profits and

production quality.

1. Introduction

Recent research results show an increasing trend in
analyzing agriculture problem because of its good
applicability and usability. In this paper, wine related
issues are well discussed and a profitable model is
developed based on the provided background. In the wine
industry, as grapes are most characterized by its
perishability after harvested, it is a standard practice for
wine companies to develop a system which contains the
grape blocks and winery together to reduce the loss in
transportation process In the harvesting process, the grape
blocks of the same wine company are interrelated and
interdependent, which enables the company to get the best
quality ingredients to pro- duce wine by designing a
favorable harvesting route among the blocks. That is to
say, as the harvest dates differ in blocks, then a favorable
harvesting route will contribute to obtain the optimum
quality in the whole system. As a result, the promising
wine rating can be effected by the harvesting route (the
high rating profits from the appropriate harvesting
date),and also benefited from human intervention if
necessary. A wine unit is defined as “case” in actual
production process. For standard bottle (750ml), one case
contains 12 bottles. The relationship between profits and
quality is not only association but also confliction. Since
it is standard practice for wine companies to develop a
system which contains the grape blocks and winery
together, the set background for this paper is that a wine
system contains two wineries as well as several blocks.

Although several deter- mining factors influence on wine

quality as elaborated in the review part, for the blocks in
the same area, harvest route among blocks still plays the
determinant role. Usually, a good harvest scheduling
among the blocks is due to improve the wine quality and
reduce labor costs in the meanwhile. However, when
taking the capacity of winery into consideration, it is
unwarranted to harvest all the grapes totally on the optimal
harvest date. In addition, if severe weather comes without
expectation, more serious problems will ensue. The core
issue is how to strike a balance of contradiction by using
mathematical methods. In the early 1960s, an optimum
mathematical model called bilevel programming came
studied. Bilevel optimization is a special kind of
optimization where one problem is embedded (nested)
within another. If the amount of profits is assumed as the
upper level, while the wine quality accounts for the lower
level, then the balanced result can be calculated by using
mathematical method. The paper is structured as follows.
In Section 2 we state the formulation of the bilevel model
and discuss how the harvest route is realized. In Section 3
the application is worked out based on the bilevel model.

At last, the conclusion will be drawn on after calculation.

2 . Bilevel formulation
The general form of bilevel programming problem can

be mathematically stated as

min  F(X,y)
X

s.t.  (x,y)<0



min f(x,y)
y

s.t. gxy) <0,

where x € Rnl and y € Rn2are respectively the upper
level variables and lower level variables. Similarly, the
function F : Rnl xRn2 — R is the upper level objective
function and f : Rnl x Rn2 — R is the lower level
objective function, while the vector-valued functions G :
Rnl xRn2 — Rmland g : Rnl xRn2 —» Rm2 are
respectively called the upper level and lower level
constraints. As discussed in the introduction part, the
goal functions of upper level and lower level are
respectively to maximize the profits and maximize the
quality of harvested grapes. For the lower level, the
quality of wine is measured by the deviation from the
optimum date and the penalty for harvest delay. There is a
clear agreement that some deterioration is produced if we
harvest ahead of time. Thus, delaying harvesting seems to

be less dangerous, but it exposes the crop to an increasing

danger of rain (Bordeu et al 2002) [1]
3. Application model

Based on the description in Section 2, we make use

of the following notation de- scribed in Table 1.
Table 1. Definition of Notation Involved
in the Bilevel Model

1.1 sets of indexes
B;  set of blocks suitable for mechanical harvest
B,  set of blocks suitable for manual harvest B =
B, UB,
k  setof harvest modes, k € K = {1,2}

k =1 is manual harvest

k = 2 is mechanical harvest

1.2 model variables

M, set of actual amount of r rating grape harvested
oneday, re R ={1,2,3}

Xjtkp  Kilograms harvest in block j, at period t ,in
mode k, routed to winery b

Yjkp Dinary variable with value 1 when block j
initiate harvesting at period t, in harvest mode k, routed
to winery b, and 0 otherwise.

D;;, the actual harvest nth date in harvest period when
the quality is the best in block i and with destination
winery b.

v, binary variable indicating if there is harvest or
not in block j, during  period t, and in harvest mode
k

Z;jep binary variable that is 1 when an operation
moves from block i to block j in period t and with
destination winery b,0 otherwise

Tjtp  Variable used to eliminate subtours in the MTZ
formulation. It presents the position inside the cycle of
block j, at period t, routed to winery b

wfl  number of workers hired at period t

wf  number of workers hired at period t

Uj,  productive resources used in block j in period t.
It is a continuous variable such that for k=1 it is

machine hours and for k = 2 it is number of workers

1.3 model parameters

p,  price for different wine ratings,r € R = {1,2,3}

a,  wine juice yield for rating r,r € R

B maximum allowable production deviation rate
from planning amount each day; for rating r

¢ym  cost of initial equipment investment for
different factory scalem, m € M = {1,2,3,4,5}

¢, unit cost of productive resource k. For k=1
it is cost per hour of machine and for k = 2 it is cost
per worker

H hiring cost of adding one unit of labor

F saving cost for reducing one unit of labor

T days available to produce wine among one

year




Qj¢ quality cost for block j € B in period t

D;; distance between block i and j,i,j € B

P,; productivity of a unit of productive resource k
in kg/day,j € B

Gjxp  estimated kg of grapes in block j€B
harvest in mode k € K,with destination to winery b

w; harvest window parameter indicating whether
block j can be harvested in period t. It is 1 if possible,
and 0 otherwise

Lip: processing capacity of winery b for grapes
harvest in mode k in period t

Bje,  maximum volume that can be harvested in
block j at time t using harvested mode k

d;, the nth date in harvest period when the
quality is the best in block i and with destination winery
b.

A, machine availability ,in hours ,in period t

M a“bigM” value

My, total planning grape production amount each
year of rating r

R operations relocation cost in $ per kilometer

Vi minimum volume to be harvested from a block
using k harvest mode

A penalty parameter used for the relative balance
between operational and quality cost

N minimum number of  contractors
needed card(B) number of elements in the set B,

number of blocks

Based on the previously defined parameters, the whole

model is
upper level

}:Inal)?( prMya, — Z CrlUjtk — Hz WtH
MrWe We itk S o k.jt t

Vjtks ZijthTjth

_FZWf_R Z Dijzijtb_cm
t

i,j,t.bii#j

s.t. (1— ﬁ,)% <M, <1 +B )M,

( €1, Mp=2000case
¢c;» My = 5000case
=< ¢3, My =10000case
Cysy My = 15000 case
¢cs» Mp = 20000 case

R, (dy —Dyp)? =0,p, = 3.229 x 102$/750ml
={ R, 0< (dy — Dy)? < 784,p, = 2.021 x 102$/750ml
R, 784 < (dy — Dyp)? < 1521,p5 = 1.179 x 102$/750ml

S S
t K

_ H F

Z Ujez = Z Uje-1)2 + Wg — Wy,

JEBZ JEBZ

Z ujtl < At!

JEB1
thz = NthZx

lower level

min Z(dib - Dib)z +1 Z Q]'txjfkb
i

XjtkbsY jtkbDith .
j.t.k,b

S.t. Tjyp = Tyep + 1 — (card(B) — D(1- z,-]-tb),

Vt,b;i,j € By; i # j; Wy # 0; W, # 0,

Zzijtb = Yiyzp, Vt,b,] € B: Wy # O; W), # 0,

J#i

Zzijtb = Yit2p, Vt, b, i € B: Wy # 0,

i%)
Tty = Yieap, VU Wie # 0,VD,
Titp = 2Yjt2p, V), t € B: Wy # 0,Vb,
Tjtp < card(B), Vj,t € B:Wj, # 0,Vb
Zijtbs Vjeio Yjekn € 0,13, Vt, b, k, 0, j

H F P
Wi Wei, Witkr Xtk Tiep = 0,vt,b, k,i,j

Z X0 < Lioes VK, b,

j€B



Zx — Gy, Vi, b, Fenologica: Experiencia en Chile.Topicos de
jtkb — Yjkb- » Mo )y

¢ Actualizacion en Viticultura y Enologia 2002,190-192
QE'
Xjtkp < Gjkp Vjer, VE, b, K, ], B - R
EAMNTERRVVED 2 — 7 —S261
Xjtkb = VieVjew, VE, b, K, E-mail:yuhaiyu@ruri.waseda.jp

Z Xjtkp < Bjtre)

b
Z Yitko < MVjey,
b

Vi < Yiskb»
bsstiW js=1

Yitkb < Z Vjsb
sstiWjs=1

Z Z Yiewo < 1,

b t:th=1

Yiekb < Wi,

Z Xjtken < PrjUjer,
b
In the model, the harvest route is in the constraint part
of the lower level while the promised grape rating criteria
is in the constraint part of upper level. The first constraint
in upper level also gives the limit for daily production

limit according to the annual production planning.

4. Conclusions

Bilevel model was applied in this paper to work out the
optimum result when considering with profits and wine
quality. In the model presented, several methods such as
principal component analysis, routing strategy were
efficiently used to calculate some portions. Upper level
and lower level are well connected by routing strategy and
the evaluation method of wine quality. The final result
shows the real routing and the maximum profits this year

in the system.
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Abstract: With development of the Internet, media lessons has also developed greatly. Recently, student’s
needs is increasing for media lessons, we have to satisfy student's needs. In this paper, we propose a

needs analysis applying Kano model.
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Abstract:

At universities, mathematics lecturers have to change their teaching materials and methods

according to students’ mathematical skills, and also have to make them understand mathematics. In this
paper, we modify the previous questionnaire analysis and apply it in some undergraduate mathematics
lectures for the method of students’ needs analysis using the Kano model, and report the results.
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Abstract: In this paper, we propose an interval UTA method as an intermediate approach between the
conventional and robust ordinal regression methods. The proposed method improves the dependability of
the arbitrary estimation by the conventional ordinal regression and the tractability and estimation ability
of the robust ordinal regression. In the proposed approach, an interval utility function compatible with
given preference information is obatined by solving a linear programming problem. The estimation of
the overall preference relation is done by simple calculations except special cases. The application to a
numerical example demonstrates that the preference relatoion estimated by the proposed approach has an
intermediate property between those by the conventional and robust ordinal regressions.
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(a) UTA method

(b) UTASMS method

(c¢) Proposed method
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Social inequalities in probabilistic labor markets

O "B,
O 'He Chen,

S
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Abstract: As an inequality manifestation, job-matching problems widely exist in today’ s labor markets.
In order to simulate this kind of inequality, we improve the probabilistic model for Japanese university
graduates, which we have introduced in our previous studies. We introduce the concept of feature vectors to
measure the complex selection abilities of students. And by model simulation, we evaluate some inequalities
in labor markets from both micro and macro views, such as acceptance ratio, unemployment, and Gini

index.
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A Simplified Tracking Method based on Compressive Tracking
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Abstract:  The objective of the paper is to develop effective and efficient models for real-time tracking.

However, it is difficult due to pose variation, illumination change, occlusion, and motion blur. Traditional
tracking algorithms often update models by using samples extracted from nearly received frames. It is a
weak point that appearance models are data-dependent. Intending to mitigate this weak point, we found

tracking algorithms of an appearance model based on features extracted from the multi-scale image
feature space with data-independent basis. One of these algorithms is named compressive tracking.
Compressive tracking algorithm bases on the theory of compressive sensing. This algorithm I proposed
gives a complete framework to solve tracking problem. The proposed algorithm realizes real-time
performance favorably against state-of-the-art algorithms on challenging sequences in terms of efficiency,
accuracy and robustness. This paper analyzes this method and tries to find out which factor makes this
algorithm perform well, some improvement will be added based on the analyzed results.

1. Introduction

Tracking a moving object in video stream, as an
important application in computer vision area,
has variety of uses in medical imaging, intelligent
human computer interaction, traffic guidance,
and other areas. Traditional tracking methods
usually can be divided into two groups. Based on
their appearance models, one kind is generative
tracking algorithm [2-6] and the other kind is
discriminative tracking algorithm [7-11]. The first
one learns a template to represent the target
object, then uses the template to search for the
video areas. KLT method, Meanshift method, and
IVT method are included in this kind of
algorithms. The second one regards tracking
problems as a binary classification problem.

In Zhang’s paper [1], they propose an effective
and efficient tracking algorithm with an
appearance model based on features extracted in
the compressed domain. The main components of
our compressive tracking algorithm are shown by
Figure 1. Their appearance model is generative as
the object can be well represented based on the
features extracted in the compressive domain. It
is also discriminative because they use these
the target from the

features to separate

surrounding background via a naive Bayes

classifier. In their appearance model, features are
selected by an information-preserving and
non-adaptive dimensionality reduction from the
multi-scale image feature space based on
compressive sensing theories [12, 13]. It has been
demonstrated that a small number of randomly
generated linear measurements can preserve
most of the salient information and allow almost
perfect reconstruction of the signal if the signal is
compressible such as natural images or audio
[12-14]. They use a very sparse measurement
matrix that satisfies the restricted isometry
property (RIP) [15], thereby facilitating efficient
projection from the image feature space to a
low-dimensional compressed subspace. For
tracking, the positive and negative samples are
projected (i.e., compressed) with the same sparse
measurement matrix and discriminated by a
simple naive Bayes classifier learned online. The
proposed compressive tracking algorithm runs at
realtime and performs favorably against
state-of-the-art trackers on challenging sequences

in terms of efficiency, accuracy and robustness.

2. THEORY OF COMPRESSIVE TRACKING
A. Measurement matrix

Random Gaussian matrix R € R™*™ where r;;~N(0,1)



is recently used as typical measurement matrix in
numerous work. However, this kind of matrix is dense, if
use this in our tracking case, it would cost huge quantity
of memory and computational loads. As a solution Zhang
adopts a very sparse random measurement matrix which

is proved by Achlioptas [17].

1
( 1 with probability >3

1;; = V's X { 0 with probability 1 — 5

I 1

\ —1 with probability 75
This type of matrix satisfies the Johnson-Lindenstrauss
lemma with s = 2 or 3. In addition, this matrix is friendly
for computing cause it requires only one uniform random
generator. Especially when s = 3 this type of matrix is
sparse enough that two thirds of the computation can be
avoided. What’s more, Li ed al. show that for s = O (m)
(x € R™)or even s = m / log(m) the random projections
are as accurate as the random Gaussian matrix. So in
consideration of efficiency, CT algorithm sets s=m/ 4.
For each row there are at most four entries need to be
computed. That is to say, only nonzero entries of R can
make sure the accuracy rate, and the computational
complexity is only O(cn) which is very low, the memory

requirement also light.

B. Random projection
A random matrix R € R,y Whose rows have unit
length projects data from the high-dimensional image
space x € R, to alower-dimensional space v € R,
v =Ry 1)
where n > m. Ideally, we expect R provides a stable
embedding that approximately preserves the distance
between all pairs of original signals. The Johnson-
Lindenstrauss lemma [16] states that with high
probability the distances between the points in a vector
space are preserved if they are projected onto a randomly
selected subspace with suitably high dimensions.
Baraniuk et al. [18] proved that the random matrix
satisfying the Johnson-Lindenstrauss lemma also holds

true for the restricted isometry property in compressive

sensing. Therefore, if the random matrix R in (1) satisfies
the Johnson-Lindenstrauss lemma, we can reconstruct x
with minimum error from v with high probability if x is
compressive such as audio or image. We can ensure that
v preserves almost all the information in x. This very
strong theoretical support motivates us to analyze the
high-dimensional signals via its low-dimensional random

projections.

v = E %5
j

1  Graphical representation of compressing a
high-dimensional vector x to a low dimensional
vector v.

C. CT framework

We can learn from the compressive sensing theory,
if we want to compress a high dimensional signal X into
a low dimensional signal through the help of
measurement matrix R, and the low dimensional signal
contain almost all the information of X in the same time.
In that case, we should make sure the measurement
matrix R satisfies restricted isometry property (RIP). So
before tracking, we should find an appropriate matrix R
with RIP, and this matrix should be not dense in
consideration of the memory and computational loads. In
CT, Zhang adopted a very sparse matrix which has

already been introduced above.

srr‘"/

R

Frame(t) Samples

2  Get positive sample at tracking area and
randomly get negative sample around the

tracking area.



Firstly, choose an area or object you want to track.
Then get positive sample of the tracking object which is
in red rectangle and negative samples will be selected
around positive sample which is in green rectangle.

Then we analyze the features of different samples.
After get the image features, we do random projection to
compress the feature data. After compressing, we build a
classifier based on compressed data to check next frame.

Finally, get an area has the maximal classifier
response. That area is the result in this frame. Then do
the same work again, and update the classifier based on
this frame. In the original method, a large set of
Haar-like features are compressively sensed with a very

sparse measurement matrix.

3. MY WORK

A. ORB feature

I recommend ORB [20] features instead of Haar-like
features. The original tracking method do have some
situation of losing the wanted target, especially in these
cases: the camera zoom in or out, the target object has
fiercely rotation and so on.

However, the ORB feature has good quality against the
rotation and shape change of object. What’s more, the
calculation speed is quite well.

This feature is a combination of Oriented FAST and
Rotated BRIEF. Both these techniques are attractive
because of their good performance and low cost. That is

the reason why | choose this feature.

B. Simplified Classifier
Foreachsample Z€R™ v = (vi,..,vn)T €

R™ with m > n is the low-dimensional representation.

Assuming all elements in v are independently distributed.

Then we can build a naive Bayes classifier [19].

[T, plvily = 1)p(y = 1) pluily =1)
Hv) =1 : E 1
(®) ()%(II:;‘[)r |j_“ iy =0) o8 (|,I—U

(2)

In this equation, we assume p(y = 1) = p(y = 0); and

y € 0,1 is a binary variable represents the sample label.

As the random projections of high dimensional random
vectors are nearly Gaussian mentioned before. So the
distributions

p(v;ly=1) and p(v;ly=0)in (1) can be considered

as Gaussian distributed with four parameters where
p(vily=1) ~ N(pj,0}), ploily=0)~N(ui, o) ()

The scalar parameters in (2) are gradually updated

pi A+ (L= A)p!

oh /AL (L= ()2 + AL - Al pud)2 @

where A > 0 is a learning parameter. The above equations

can be easily derived by maximal likelihood estimation.

C. method in pseudo-code

input : image sequences;

output : the output image sequences with a target frame

according to the tracking algorithm

1. Init initiate

2. Gain the random measurement matrix R

3. Sample two sets of image patches. One set is positive

set, the other is negative sample set.

4. Extract the features with these two sets of samples

by the nonzero element of the R to the sample image

pixel values of the weighted sum and update the

classifier parameters according to equation (4)

5. for i = 2 : num(num is the length of image sequence)

6. Sample a set of image patches. Extract the features

with these samples.

7. Obtain a maximum classification score r with a

Batesian classifier using equation(1)

8. perform step 3 and step 4;

9. End for

4. Gonclusion
This paper introduced an improved

compressive tracking method and analyzed

some elements in this algorithm to see how do

these elements effect the tracking result. We

used random measurement directly project the

high-dimensional. we proposed a simple yet



robust tracking algorithm with an appearance

model based on non-adaptive random
projections that preserve the structure of
original 1mage space. A very sparse
measurement matrix was adopted to efficiently
compress features from the foreground targets

and background ones.
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Abstract: This paper presents a popular method called boosted hog features to detect pedestrians and vehicles in static
images. We compared the differences and similarities of detecting pedestrians and vehicles, then we selected boosted
hog features to get an satisfying result. In the part of detecting pedestrians, Histograms of Oriented Gradients (HOG)
feature is applied as the basic feature due to its good performance in various kinds of background. On that basis, we
create a new feature with boosting algorithm to obtain more accurate result. In the part of detecting vehicle, we select
the shadow underneath vehicle as the feature, so we can utilize it to detect vehicles in daytime. The shadow is an
important feature for vehicles in traffic scenes. The region under vehicle is usually darker than other objects or
backgrounds and can be segmented by setting a threshold. Finally, experimental results show that the detection of
pedestrians and vehicles using boosted hog feature and linear SVM combines the advantages of hog feature and
adaboost classifier, and can achieve better detection results than the detector by using conditional HOG features. At the

end, the paper shows its efficiency and effectiveness using to application in real situations.

1. Introduction

Nowadays, traffic accidents are universally decreasing
due to many advanced safety vehicle systems. To prevent
the occurrence of a traffic accident, the first function that
a safety vehicle system should accomplish is the
detection of objects in a traffic situation. Therefore, the
detection of pedestrians and vehicles in image plays a
more and more important role in today's computer vision
science.

The most popular method of detecting pedestrians is the
HOG(Histograms of Oriented Gradients) feature[1]. We
have investigated various methods such as HOG,
haar-like, SIFT(The Scale Invariant Feature Transform)
and DPM(deformable part model)[2][3]. In these
methods, haar-like feature can be easily influenced by
various factors such as illumination and movement of
object. Owing to its low accuracy, haar-like feature can
be only applied to detection of static objects. SIFT
feature has higher accuracy and robustness, but it need
longer run-time to realize computation. DPM is an
advanced algorithm of HOG feature. It has the highest
accuracy in pedestrians' detection area. But training
samples in DPM is difficult than other method.
Consequently, boosted-HOG method was chosen for this
research due to its simplicity and high efficiency.

Although HOG feature achieves excellent detection rates,
the high dimensionality of its feature vector poses as one
of its disadvantages. The large size of the feature vector
limits the number of training samples and increases the
computation cost in classification. To Improve the
accuracy of the research and shorten computation time, a
modified hog feature called boosted hog feature is
proposed[4]. Our method adopts HOG as the basic
feature, takes the advantage of its highly discriminative
power, and creates a much simpler feature with adaboost.

We then train a linear SVM to perform the classification
with the obtained feature. As a result the computation
cost and storage requirement in the SVM classification is
much lower.

For the aspect of detecting vehicles, less related papers
were published comparing with the detection of
pedestrians. We investigated some local features like
Haar-like features[5][6] and control points[7]. Different
local features have different classification abilities. The
HOG feature has been widely used in pedestrian
detection because it wasn’t sensitive to variance of light,
direction, and size[8][9]. Unlike pedestrians, vehicles
could do plenty of scale transformation and rotation
transformation, but hog feature does not work well in
scale invariant and rotation invariant, so we decided to
use the shadow underneath vehicle as the feature in
recognition[10]. The shadow was segmented accurately
by using boosted hog method. The initial candidates
were generated by combining horizontal and vertical
edge feature of shadow, and these initial candidates were
further verified by using adaboosted algorithm. Finally,
linear support vector machine is used to estimate whether
this object is a pedestrian or vehicle.

The remaining content is written as follows: section II
explains the backgrounds of HOG , boosted HOG and
SVM. Section III analyzes the performance and results of
the experiment, and finally Section IV summarizes this

paper.

2. Theory of detection
2.1 HOG Feature

The main method of the Histogram of Oriented Gradient
descriptors is that local object appearance and shape
within an image can be described by the distribution of
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intensity  gradients or edge directions. The
implementation of these descriptors can be achieved by
dividing the image into small connected regions, called
cells, and for each cell computing a histogram of
gradient directions or edge orientations for the pixels
within the cell. The combination of these histograms can
represents the descriptor at last. As shown in Fig.1, HOG
feature can be extracted as the follow four steps:

1) the first step is to compute image gradients for each
pixel, and the gradients are used to calculate their
magnitudes and orientations;

2) the second step is to accumulate weighted votes for

gradient magnitude into orientation bins over spatial cells.

The weighted votes are interpolated bili-nearly between
the neighboring bins in both orientation and position in
order to avoid aliasing. Linear interpolation distributes
the weight into two nearest neighboring bins and
tri-linear interpolation distributes the weight into eight
surrounding bins;

3) the third step is to normalize contrast for each block;

4) the last step is to collect the histograms for all
overlapping blocks over detection window.

Calculate image gradients, and
their magnitudes and crientations

*a.

l

Cell ——»

Accumulate weighted votes into
orientation bins over spatial cells

Block -

Normalize contrast within

Overlap overlapping blocks of cells

of Blocks

Feature vector, /=

Collect HOGs for all blocks
over detection window

Figure 1. Overview of HOG Feature Extraction

2.2 Boosted HOG feature

The resulted HOG feature in each cell contains important
information on how to separate pedestrians and vehicles
from other objects, yet redundant information may also
be included in the feature. Now the adaboost[11] is
applied to learn a new feature from the HOG feature at
hand. For each cell, the set of weak classifiers should be
firstly created. As the HOG is a histogram with bins
indicating local gradient distribution, we compare the
value on one bin with a threshold to determine whether
the image contains the objects. The adaboost algorithm
starts with assigning weights to the training samples. In
each iteration, the weak classifier with the least error rate
is selected, and is given a weight to determine its

importance in the final classifier. Before the next
iteration begins, the weights of those misclassified

samples are increased so that the algorithm can focus on
those hard samples. The algorithm of Adaboost is given
in Table 1.

2.3 Linear SVM training

The output of the adaboost training on each cell is a
strong classifier and the strong classifiers from all the
cells of an input image patch are combined to construct a
feature vector. A linear SVM classifier[12] is then trained
over the feature vectors for the final classification.

The procedure of SVM training for classification is
summarized as follows.

Step 1) Train the adaboost classifier using the training
samples and compute the boosted HOG features.

Step 2) With the obtained features, train the SVM
classifier with all the samples. Test the trained SVM on
the same training samples. Find all the false positive and
false negative samples.

Step 3) Use the false positive samples and false negative
samples to train the adaboost classifiers as in step 1).

Step 4) Combine the obtained adaboost classifiers to
build the feature vector and train the final linear SVM
classifier to classify objects.

The final classifier is constructed as a weighted
combination of weak classifiers selected in each iteration
just work as fig 2.

2.4 Pedestrian-Vehicle Context

A lot of detection of pedestrians are located around
vehicles in traffic scenes, . It is possible to use the
pedestrian-vehicle relationship to infer whether the
detection is true or false positive. For example, if we
know the location of vehicles, the detection above a
vehicle, and detection at the wheel position of a vehicle
can be safely removed. Fortunately, the vehicles are
more easier to be localized than pedestrians[13][14].
After the detection of vehicles, we can check the result of
pedestrian detection and remove some negative result to
improve the detection rate.

3.Experimental results and analysis
3.1 Training Database

There are a lot of training sample libraries in the
pedestrian detection field. We choose Caltech Pedestrian
Detection Benchmark[15][16] as the database.The
Caltech Pedestrian Dataset consists of approximately 10
hours of 640x480 30Hz video taken from a vehicle
driving through regular traffic in an urban environment.
About 250,000 frames (in 137 approximately minute
long segments) with a total of 350,000 bounding boxes



Table 1 RealAdaboost algorithm
1. Suppose S ={(x;,¥,).(%5.¥5):7 . (Xx>Vx)}
as a sample space. where x€ X are feature vecto
rs and y € {—L+1} are labels.

2. D, is the initial distribution

1
D, (n) :?

3.
fort=1 to T do

for m=1 to M do
Compute probability distribution 7, of

weak classfier 7, (x)

wis YD)
i,jeJay;=+1

w!= > D,3)
i, jeJay;=—1

Compute estimation Z
| e
- 1117 J 147 J
Z,=2) Ww:
J

Select the smallestZ ~of the weak classifier
h,=argminZ,

Renew sample weight D, (7)

w! +e

D,y (1) = D, (1) exp[-y;h; (x;)]

4. The final strong classifier is given by

H(x)= Sign[ i h, (.\')J

h(x)=~1n

Adaboost classifier

HOG feature
set

Ofwelght
\ojwelght

Oyweight

Featcure
vectors

uuuuuuuu

Figure 2. The process of the SVM classifier: input
images are divided into cells, each of which corresponds
to a strong classifier trained by adaboost using HOG
features. And all adaboost outputs are combined to
establish the final SVM feature vector.

and 2300 unique pedestrians were annotated. The

annotation includes temporal correspondence between
bounding boxes and detailed occlusion labels.

At last, we choose 100 images in which pedestrians and
vehicles both exist as testing materials.

3.2 Pedestrian Detection

We use Caltech Pedestrian Dataset as the training date.
The training data (set00-set05) consists of six training
sets (~1GB each), each with 6-13 one-minute long seq
files, along with all annotation information. we choose
500 positive image and 300 negative image from the
video and all their size is 75*75 pixels. After training, we
select 100 scenes from testing data(set06-set10). Besides,
we test these images using conditional hog feature, the
result is as table 2.

Table 2 Performance of the pedestrian detection in traffic

scenes
Feature | Testing | Positive | Negative | Detected
Type Number | Result Result Rate
Conditio 0
nal HOG 100 86 14 86%
Proposed 0
Method 100 75 25 75%

3.3 Vehicle Detection

In the detection of vehicles, The shadow is the main
characteristic for the detection of vehicles. The region
under vehicle is usually darker than other objects or
backgrounds and could be segmented by setting a
threshold. Our work is to detect these shadow so we can
get the contour of vehicles.

Figure 3. Shadow Segmentation in the Traffic Scene

As the Figure 3 shows, we can detect the shadows easily
due to the shadow is brighter than other background in
grey-scale image. After obtaining the shadow regions, we
can generate the initial contour of vehicle by combining
horizontal and vertical edge feature of shadow. The
images of vehicles that are used the experiment are
compiled partly from the internet and partly from the
images in Caltech Pedestrian Dataset. A total of 525
images of the vehicles are collected and 125 of them are



negative samples. These cropped sample images are
resized to 45*45 in the training. We also apply 100
images from the testing set on Caltech Pedestrian Dataset
as the testing images. Some of the samples are shown in
Figure 4.

Figure 4. Detection of Pedestrian and Vehicle on Caltech
Pedestrian Benchmark

4. Conclusions

In this paper we proposed a combined method for
pedestrian detection and vehicle detection in static
images. The original HOG feature is adopted first and we
trained it with adaboost algorithm to obtain the boosted
HOG feature. A linear SVM was trained to accomplish
the detection. Shadow feature underneath vehicle is the
important feature of vehicle detection in road image and
can be used to generate hypotheses quickly and reliably.
HOG feature and SVM has good generalization ability
and can remove the non-vehicle regions such as
buildings, clouds, flowers, fence presuming effectively.
The detection has limitations that it can only work in
daytime and we can't solve the overlapping problem
because we detect the vehicles using the shadow
underneath vehicles. The experiments on Caltech
Pedestrian Dataset showed our proposed method has
advantage in detection accuracy comparing with
conditional HOG method. In the future, we will propose
some new methods to help us detect pedestrians and
vehicles more accuracy based on the relation between
pedestrians and vehicles in traffic scenes.
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Abstract: Panoramic image mosaic is a technology to match a series of images which are overlapped with each other.
Panoramic image mosaics can be used for different applications. Image mosaic has important values in various
applications such as photogrammetry, computer vision, remote sensing image processing, medical image analysis and
computer graphics. Image mosaics also can be used in moving object detection with a dynamic camera. After getting
the panoramic background of the video for detection, we can compare every frame in the video with the panoramic
background, and finally detect the moving object. To build the image mosaic, SURF algorithm is used in feature

detection and OpenCV is used in the programming.

1. INTRODUCTION

Nowadays, in our daily life computers and
cameras become cheaper and more widely used, and
we are now using digital image almost everywhere.
Panoramic image mosaic acts an pivotal role in this
large use of digital equipment. A panorama is a single
wide-angle image of the environment around the
camera. However, as the size of a single photo and a
single frame in a video is limited, image mosaic may
be necessary in getting a panoramic background. With
a panoramic background of a video or a series of
images, we can get a complete image of the scene or
get some help in object tracking with a dynamic
camera. Image mosaic has important value in
applications such as photogrammetry, computer vision,
remote sensing image processing, medical image
analysis, and computer graphics. Image mosaics also
can be used in moving object detection with a
dynamic camera. After getting the panoramic
background of the video for detection, we can
compare every frame in the video with the panoramic
background, and finally detect the moving object.

We can use various methods to build the image
mosaicking. Even though there is some difference in
several steps, the general process is the same.

After image acquisition, we should do the
preprocessing, such as the geometry calibration and
denoising. Then we do the image registration. Image
registration is to find the corresponding position of the
template or feature point in the
reference image with some matching algorithm.

Image fusion, or image stitching and image
mosaicking, is the process of combining relevant
information from two or more images into a single
image. After detecting the pairs of corresponding
points, their coordinates can be used to calculate the
transformation matrix, get the transformation

relationship between the two frames and build the
image mosaicking at last.

Image A

v v

Geometry calibration
Denoising

v

Image registration

¢ { Image mosaicking }

Image fusion

Image B

{Image preprocessing }

Figure 1 Steps of image mosaic

2. Image transformation

In image acquisition, the state of the image will
be affected by the motion state of the camera.
Generally speaking, the movement of the camera can
be divided into the following basic movement:

Translation: While focal length is fixed, the camera
only moves in the direction parallel to the imaging
plane.

Zooming: Focal length is changed, that is to say, the
distance between the camera and the imaging plane
has been changed.

Panning: The camera is rotating around the y axis
(vertical axis).



Tilting: The camera is rotating around the x axis
(horizontal axis).

In general, while taking the video, the camera is not
always on a tripod. For example, we may hold the
camera in our hands. So the movement of the camera
can not be described by only one of the above moves.
Considering the movement of the camera in handheld
shooting is very complex and the uncertainty of
translation, zooming, rotation, the movement is
always the composition of the motions above.

To deal with this and achieve image mosaicking of
the image sequence in a same scene, we should
determine the spatial relationship of the frames in the
video. This is also the main work of image stitching.
To determine the corresponding relationship between
images, we should first know the corresponding
relationship model and then the problem is changed to
determining the parameter of the model. The most
commonly used relationship models are rigid
transformation model, affine transformation model
and projective transformation model. Figure 1 shows
the relationship transformation models.

O

Rigid transformation

[~

Projective transformation

[

Original image

[/

Affine transformation

Figure 2 Relationship transformation models.

We know that a transformation model shows the
relationship between two pictures and we can get the
general information from the following two situations:

<1>. The two images are known, and we know that
they are related. Then our job is to find the matrix M

<2>. The original image and relation matrix M are
known, and we want to obtain the image after
transformation. In this case, we can use Equation 1 to
do the transformation easily and it can be clearly
expressed by the matrix M or using the geometric
relationship between the points in the two images.

We use Figure 3 as an example, the three point A, B

and C

triangle even though the shape is not the same as

is one-to-one mapping, and they still form a

before. We can find three such pairs of points to
calculate the transformation, and then apply it into the
images.

A

BEN )

Figure 3 Image transformation

We can use homogeneous coordinates to describe
the above relationship models with matrix model.

The function of every parameter in matrix M is as
follows:

Table 1 Function of parameter in matrix M

Parameter Function
my horizontal displacement
ms vertical displacement

mo, m;, m3 m4 | scale and amount of rotation

me, M7 deformation in horizontal and
vertical directions
Using the coordinates of some pairs of

corresponding points we can get in the following parts,
parameters in the transformation matrix can be
calculated.

In OpenCV, functions related with affine
transformation generally refer to warpAffine and
getRotationMatrix2D. The function warpAffine is
used to realize some simple remapping and
getRotationMatrix2D is used to get the rotation matrix

A. warpAffine

The function warpAffine is to do the affine
transformation of the image according to Equation 2.

dst(x, y) =
sre(M11x+M12y+M13, M21x+M22y+M23)  (2)

The function prototype is :



void warpAffine(InputArray src,OQutputArray dst, Inpu
tArray M, Size dsize, int flags=INTER LINEAR, intbo
rderMode=BORDER _CONSTANT, const Scalar& bor
derValue=Scalar())

The first argument src is the input image, the source
image in other words.

The second parameter dst is where the calculation
result after the function call is stored. Same size and
type as the source image is required.

The third parameter M is a 2 x 3 transformation
matrix.

The fourth parameter dsize represents the size of
output image.

The fifth parameter flags is the
interpolation method.

The sixth parameter borderMode is the boundary pixel
mode and the default value BORDER CONSTANT.
The seventh parameter borderValue is the value while
boundary is constant and the default is value Scalar (),
that is to say, 0.

identifier of

WarpAffine requires that input and output images
have the same data type, great resource cost and the
output portion of the image can be unchanged

B. getRotationMatrix2D

The function getRotationMatrix2D calculates a
two-dimensional rotation transformation matrix and
the transformation will map the rotational center to
itself.

Mat getRotationMatrix2D(Point2f
center, double angle, double scale)

The first argument center means the rotation center
of the source image.

The second parameter angle is the angle of rotation.
While angle is a positive value, it indicates the image
rotates counterclockwise (coordinate origin is the
upper-left corner).

The third parameter scale is the scaling factor.

The function calcuates the matrix below :

{ aﬁ(l - a) -center.x — 3 - center.y }

— pof - center.x + (1— ) - center.y

Where
o = scale - cos angle,

L = scale-sin angle

3. Feature point detection algorithm

C. SUSAN corner detector

SUSAN is an acronym standing for the smallest
univalue segment assimilating nucleus. SUSAN
places a moving circular mask on the image. We
compare the gray level of each pixel inside the
circular mask with the centroid of the mask. If the
difference of gray level between one pixel and the
centroid pixel is less than a certain value, we consider
that the pixel and the centroid has the same (similar)
gray level and area consists of pixels satisfying this
condition is called Univalue Segment Assimilating
Nucleus (USAN).

P

Figure 4 Relationship transformation models

As Figure 4 shows, when the circular mask is
completely in the background or goals, USAN area
gets its maximum; when it moves toward the edge of
the target object, USAN area becomes smaller; when
the centroid is at the edge of the target, USAN area
becomes very small; when the centroid of the mask is
at the corner point, USAN area gets its minimum.

Therefore, by calculating the USAN value of every
pixel and comparing it with the set threshold, if the
USAN value is less than the threshold value of the
pixel, then the point will be considered as an edge
point.

D. Harris corner detector

Harris and Stephens improved upon Moravec's
corner detector by considering the differential of the
corner score with respect to direction directly, instead
of using shifted patches.

The corner is the most obvious and important
feature of an image. For the first derivative, the angle
change in each direction is the largest and the edge
region of a significant change in one direction only.

The basic mathematical formula is as follows:

E(u,v) = Zw(r,y)[l(x +u,y+v)—I(x,)]?

xy



Where W (X, y) represents a moving window, I (X, y)
represents the intensity of the pixel gray value range
of 0 to 255. According to Taylor series, calculate an
order to N order partial derivatives, eventually getting
a Harris matrix formula:

I II
A= Z Z w(u,v) [I ?y py}
u v T y

Calculate the eigenvalues according to the Harris
matrix, and then calculate the Harris angle response
value:

R = detM — k(trace M)?
detM = /11/12
traceM = A,+4,

Where K is the coefficient value, typically in the
range that between 0.04 to 0.06.

E. SURF feature detector

SURF, Speeded Up Robust Features in other words, is
first proposed by the Bay in 2006. SURF is the
speeded up version of scale invariant feature
transform algorithm (SIFT algorithm). In general, the
standard SURF operator is much faster than SIFT
operator and has better stability while using multiple
pictures. The most important feature of SURF is the
use of harr features and integral image, which greatly
speeds up the running time of the program. SURF can
be applied to object recognition computer vision and
3D remodeling.

4 . Analysis of OpenCV source code of
SURF
In OpenCV, SURF algorithm is often related to

SURF, SurfFeatureDetector, SurfDescriptorExtractor
classes.

We can find such two definitions:

typedef SURF SurfFeatureDetector,
typedef SURF SurfDescriptorExtractor;

That is to say, SurfFeatureDetector class and
SurfDescriptorExtractor class which we often use, in
fact, are both SURF class, the three are equivalence.
The further relationship is shown in Figure 5.

What’s more, we use the function drawKeypoints
for drawing key points:

void drawKeypoints(const Mat&image, const vector<

KeyPoint>& keypoints, Mat& outlmage, constScalar
& color=Scalar::all(-1), int flags=DrawMatchesFlag
s::DEFAULT )

The first argument src is the input image.

The second parameter keypoints is the feature point
we get from the source image; it is an output
parameter.

The third parameter outlmage is the output image.

The fourth parameter color is the color of key point
and it as the default value Scalar :: all (-1).

The fifth parameter flags is feature identifier in
drawing key points and it has the default value
DrawMatchesFlags :: DEFAULT.

‘ surfDescriptorExtractor

/ezluivalmce class

l public inheritance

‘ surfFeatureDectar

equivalence :1%

SURF

Feature2D
public inheritanpe/ \public inheritance

FeatureDetector

DescriptorExtractor

virtual inheritande, o virtual inheritance

Algorithm

Figure 5 Relationship between the classes about
SURF

5. Image mosaicking

While we need to stitch two frames, we first
choose one corner point X in the reference frame. In
the target frame, around the same coordinates as point
X, select a rectangular area of certain size as the
search area. Then we compare X with all the feature
points of the next frame in the search area.

Here X’ is one of the feature points of the target
frame in the search arca. We use the following
equation to compare the two points:

iill(u +i,v+ ) —E)I'W' +i,v'+ j)—Ex")]
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\/ZZ“(H +i,v+ ) =E@) P +i,v' + j)—E(x"]
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iill(u +i,v+ )]

E(X) ——n_=m
2n+1D)(2m+1)

Where I (u, v) is a gray level of (u, v) in the frame
E (x) is the average value of gray histogram at point X
(u, v) and p (x, x’) is the coefficient correlation of x
and x’.

The value range of coefficient correlation is usually
[-1, 1]. If the coefficient correlation is larger than the
given threshold, the two feature points would be
detected as corresponding points.

After detecting the corresponding points, we can
use their coordinates to get the transformation matrix.
There are four methods for image mosaicking: frame
to frame mosaicking, frame to mosaic mosaicking,
mosaic to frame mosaicking and mosaic to mosaic
mosaicking.

5.1. Frame to frame mosaicking

In this method, we first work out the transformation
matrix of adjacent frames and then use these matrixes
to work out the transformation matrixes of any two
frames. If we choose one frame as the reference image,
other frames in the image sequence can be
transformed into the reference coordinate system
using the previously calculated transformation
matrixes and then we can do the image mosaicking.

RSP Moz s s
Figure 6 Mosaicking transformation

5.2. Frame to mosaic mosaicking

In this method, every image frame for stitching is
transformed into the same coordinate as the
mosaicking image and the current frame image is used
to update the mosaicking image. If there is lager
displacement between the current frame and
mosaicking image, we can use the transformation
parameter of the previous frame and mosaicking
image as the initial value to do the registration.

5.3. Mosaic to frame mosaicking

Mosaic to frame mosaicking uses the current frame
as the reference coordinate. Use the mosaicking image
to register with the current frame and the same
transformation matrix as the one from the previous
frame to the current frame. Because in this method we
always use the current frame as the reference frame,
the coordinate is always changing. As the current
frame that is being transferred does not need any

transformation, this image mosaicking method is
particularly suitable for Real-time video transmission
and stitching of dynamic image.

5.4. Mosaic to mosaic mosaicking

Mosaic to mosaic mosaicking is a tree-structured
image mosaicking method. In this method, image
sequence is segmented according to certain rules,
stitched and we get sub images and at last get the final
image.

6. Example

(a) Image 1

(b) Image 2



(c) Image 3

(d) Panoramic image created from image 1 to 3.
Figure 7 Example

Figure 7 (d) is a panoramic image stitching by Figure
7 (a), (b) and (¢)

CONCLUSIONS

This paper introduces some methods of feature point
detection and panoramic image mosaic using OpenCV.
To do the panoramic image mosaic, after image
acquisition, preprocessing is necessary so that the
following registration and fusion are easier and more
accurate. As the camera is moving, transformation
becomes necessary in stitching and to get the
transformation matrix of two images, corner points are
detected first, and then do the comparing so that some
pairs of corresponding points can be found and finally
we use their coordinates to get the transformation
matrix. After establishing a good background model,
by comparing the current image with the background
we can get the foreground and track the moving
object.
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Performance evaluation of image interpolation using on differential histogram
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Abstract: An interpolation of image by using fuzzy inference is one of techniques suitable for keeping the edge
features of the image. The mean square error (MSE) has been widely used in evaluating the performance of the image
interpolation. However the mean square error is inadequate as performance evaluating for level of preservation of edge
features in the image.In this paper, a measure using a differential histogram for evaluating the preservation level is

proposed.
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Figure 1 Process of performance evaluation on an interpolation
of image.
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Figure 2 Evaluation of entropy from a differential histogram of
target image.
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Figure 4 Top left: an original image; top right: the image
after interpolation by using Fuzzy inference; middle left:
histogram of the original image; middle right: histo
gram after interpolation; bottom left: a differential hi
stogram of the original image; bottom right: the diff
erential histogram after interpolation.
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Table 1 MSE of interpolation images

Iilr?(le:ar cige Cubic FUfzy Carrato
Airplane 215.2 101.2 242.9 123.4 137.6
Barbara 357.0 264.2 338.2 245.6 247.3
Boat 151.9 66.7 152.9 70.7 76.0
Girl 71.2 321 58.3 374 41.8
Bridge 413.0 310.3 317.1 378.5 327.0
Lena 172.4 63.7 73.3 130.9 80.9
Mandole 247.4 154.2 227.8 167.1 178.5
Average* 264.7 163.5 230.3 170.7 181.6

Table 2 DFE of interpolation images(Prewitt)

Origi Bi- Bi- Cubic Fuzzy

. Carrato
nal linear | cube 1

Airplane | 5.680 | 5.200 | 5520 | 5.528 | 5.526 | 5.417

Barbara | 6.700 | 5.794 | 6.027 | 6.139 | 6.111 | 5.859

Boat 5.865 | 5.124 | 5480 | 5.592 | 5.555 | 5.499
Girl 5475 | 5.020 | 5.167 | 5.244 | 5.310 | 5.334
Bridge 6.699 | 6.124 | 6.145 | 6.161 | 6.211 | 5.975
Lena 5694 | 5313 | 5.619 | 5.631 | 5.706 | 5.449

Mandole | 6.671 | 5.666 | 6.172 | 6.219 | 6.222 | 6.027

Average* | 6.049 | 5.486 | 5.763 - 5798 | 5.59%

*Average is values for all of 13 images.
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The calculation method of the yellow degree of the ginkgo using a hue expression
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Abstract: The authors proposed a simple observation method to grasp the state of microclimate of suburban area, using
the plant indicator. Yellow leaves of gingko that is one of the season’s indicators, serve as environmental barometer. We
observed the yellow leaves of ginkgo which was planted in the suburbs of Tokyo. In this observation, we represented the
degree of yellow leaves using the sense of human. In this study, from an image obtained by photographing the ginkgo
leaves, we extract the RGB components, and then it was converted to the hue. In particular, we focus on the Hue
component of the color. Then we quantitatively extract the Ginkgo's leaves from the image of Ginkgo tree. Finally, we
can calculate the degree of yellow from the Hue component of leaves of Ginkgo. It is also possible to process in a short
time a large amount of data by applying this technique to a moving image.

Keywords: plant indicator,ginkgo, yellow leaves, Hue, image processing
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Abstract:

The authors measured electroencephalograms (EEGs) from subjects on recognizing and on

recalling 13 types of playing card images (from Ace to King) presented on a CRT. Each presented image
card is the club. The canonical discriminant analysis was applied to these single trial EEGs. Four
channels of EEGs at the right frontal and temporal were used in the discrimination. They were Fp2, F4,
C4 and F8 according to the international 10-20 system. Sampling data were taken from 400ms to 900ms
at 26ms intervals from each single trial EEG. The number of variates is twenty one by four chanels; so
the data are eighty four dimensional vectors. The number of external criteria is thirteen, from Ace to
King, and a number of explanation variates is thus eighty four. Results of the canonical discriminant
analysis by use of so called jack knife method were more than 90 % for three subjects. We could perform a

playing cards magic without a trick.
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b NIMEEREIZBI T Dk & ZeFRIC K B &, R
BT BE T B ALE 3R BETE TIT b, ERALEL DR
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(CE AR EN T 2 0 R 9 2 TS Eh O LE Bk D #E
£, ERPOv—7 TR THHZ (X 1), £
T2 R O AR BEAVER 23 FRlfEE[e CHEHP T 5 Z & & f
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1 Compariso; between ERPs in imaging
Right- ward (Upper) and Leftward (Lower) in
case of Kanji.
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7% 1 Result of the discriminant analysis for play-

ing card recognition (Discriminant ratio 92.31 %
Subject YI)
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%% 3 Example of result of the discriminant analy-

% 2 Example of result of the discriminant analy-
sis for playing card recognition (Discriminant

ratio 92.31% Subject YT in case of Datal)

sis for playing card recalling (Discriminant ratio

92.23 % Subject YI)
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% 4 Example of result of the discriminant analy-
sis for playing card recalling (Discriminant ratio
93.20 % Subject YT in case of Datal)
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Discriminant Ratio: 96/103 = 93.20
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GA-rough sets approach to fuzzy time-series based

forecasting model

Zhao Jing', Junzo Watada’

"?Graduate School of Information, Production and Systems,
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Abstract: Fuzzy time-series (FTS) has been applied to handle non-linear problems, such as enrollment,
weather and stock index forecasting. In the forecasting processes, fuzzy logical relation (FLR) plays a
pivotal role in forecasting accurately. Usually FTS uses an equal interval to obtain forecasted values. But in
this paper, we use Genetic algorithms (GA) to optimize the interval at first. Based on this, then rough sets
(RS) method is used to recalculate the values. In the empirical analysis, Japan stock index is used as
experimental data sets and one fuzzy time-series method, as a comparison model. The experimental results
showed that the proposed method is more efficient than the FTS method.

Keywords: Fuzzy time series; Genetic algorithm; Rough set; Forecasting; Stock Index

1. Introduction

FTS analysis consists of the fuzzification, the set of
fuzzy relationships, and defuzzification. Some
studies only focus on the fuzzification or setting the
fuzzy relationships, since they are not relevant in
forecasting. Therefore, in this paper, a setting of
fuzzy relationship will be proposed. On the thesis
Darwin’s evolution theory, GA proposed by
Holland will be used in the model. Besides, RS
method will be used to analyze FTS data [1][2].The
RS theory is proposed by Z. Pawlak to acquire
rule-based knowledge from a set defined with
plural attributes [3]. The main objective of this
paper is to forecast the stock closing price when
analysing the trend of the stock. We could identify
trends of similar patterns from stock data to predict
development of new data in the future.

II. Method review
This part briefly reviews fuzzy time-series, genetic
algorithms and rough set method.

A) Fuzzy time series

The main difference between the fuzzy time series
and conventional time series is that the values of
the former are fuzzy numbers while the values of
the latter are real numbers [4] Let U be the universe
of discourse, where U={u,uz, -~ up }. A fuzzy set 4;
of U is defined as A;=fy; (u/u;)+fy (ux/uz)+-+fy
(up/up), where fy; is the membership function of the
fuzzy set A;, f4i(ul)[1[0,1]. u, is an element of fuzzy
set A;, fa(uy)is the degree of belongingness of
U t0A; f4i(ug) 1[0, 1]and1<a<b.Y(t)=(t=---0,1,2,---)i

s a subset of a real number. Let Y(?) be the universe
of discourse defined by the fuzzy set f; (¢). If F(t)

consists of f; (1)(i=1,2,--+), F(t) is defined as a fuzzy
time series on Y(¢)=(t=---0,1,2,---).

If there exists a fuzzy relationship R(#-1,t), such
that F(2)=F(t-1)xR(t-1,t), where X represents an
operation, then F(z) is said to be caused by F(z-1).
Let F(t-1)=A; and F()=A4;, The relationship
between two consecutive observation.F(¢) and
F(t-1), referred to as a fuzzy logical relationship
(FLR), can be denoted by 4,—A4;, where 4;is called
the left-hand side(LHS) and A; the right-hand
side(RHS) of the FLR[5].

B) Genetic algorithms

In genetic algorithms, a population consists of
chromosomes, and a chromosome consists of genes
[6]. There are three basic operations of genetic
algorithms, including crossover, mutation and
reproduction [7-9].

1) Crossover: The system randomly selects two
chromosomes from a population and randomly
generates a real number between zero and one
comparing it with a user defined parameter
called the crossover rate [CR] between zero
and one to decide whether the two selected
chromosomes  perform  the  crossover
operations.

2) Mutation: The system randomly selects a
chromosome from a population and uses a
predefined parameter called the mutation rate
[MR] between zero and one to decide the
mutation  probability of the selected
chromosome. The system randomly generates
a real number between zero and one and
compares it with the value of MR to decide



whether the selected chromosome performs the
mutation operation.

3) Reproduction: A genetic algorithm performs
the reproduction operation according to the
fitness value of each chromosome. The
chromosomes with higher fitness values will
be reproduced, and the chromosomes with
lower fitness values will be abandoned.
Through the reproduction process, the selected
chromosomes will become members of the
next generation. If the number of chromosomes
selected by the system is smaller than the
number of chromosomes of a population, then
the system randomly generates some
chromosomes and lets the  selected
chromosomes and the generated chromosomes
form the new population of the next generation
[10].

Procedure of genetic algorithms:

Step 1: Randomly choose two chromosomes
from the population for performing crossover
operations and randomly choose a crossover point.
After performing the crossover operations, if the
values of the genes of a chromosome are not in an
ascending sequence, then the system sorts the
values of the genes in the chromosomes in an
ascending sequence.

Step 2: Randomly select a chromosome from the
population and randomly select a gene from the
selected chromosome to perform the mutation
operation. If the random number generated by the
system is smaller than or equal to the mutation rate,
the mutation operation mutates the selected gene of
the selected chromosome.

Step 3: Calculate the MSE value of each derived
chromosome obtained from Step 2 based on the
algorithm presented previously.

Step 4: Select 20 chromosomes from the
population that have lower MSE values, and put 10
chromosomes randomly generated by the system
into them to form the new population of the next
generation, In the same way, after repeatedly
performing Step 1 to Step 4 to evolve 300
generations, the chromosome that has the lowest
value of MSE is the best solution to be used to
forecast the stock index of Japan [10].

C) Rough sets

A rough set is especially useful for domains where
the data collected are imprecise and/or incomplete
about the domain objects. It provides a powerful
tool for a data analysis and data mining of
imprecise and ambiguous data. A reduction is the
minimal set of attributes that preserves the

indispensability relation, that is, the classification
power of the original dataset [11]. The rough set
theory is a very useful method for decision support
systems, especially when hybrid data, vague
concepts and uncertain data were involved in the
decision process [12]. In the biggest advantage of
using rough set method dealing with uncertain
problem is that it doesn't need to advance or
additional information about the data. The attribute
reduction and rule extraction are an important
application in rough set theory in data mining.

Let I= (U A) be an information system
(attribute-value system), where U is a non-empty
set of finite objects (the universe). 4 is a non-empty,
finite set of attributes. So that a.u— V, foreverallA.
V,is the set of values that attribute a may take.

The rough sets theory denotes such rough
representation as approximation. This is a
knowledge acquisition method. There are two
kinds of approximations: one is an  upper
approximation to take an element of a rough set
into consideration from possibility points of view
and the other is a lower approximation to take
an element of a rough set from
viewpoints of necessity. The visual
illustration of upper and lower approximations is
shown in Fig.1 [3].

X
sl ) s2 s3 s4 ‘ s4
56 (57 58 B s10
sl s12 sl4 sl5
516 e 518 519 520
s21 s22 s23 s24 s25
Fig. 1: Uppeer and lower approximations
It is named “reduction” It is possible to

decide a decision table, if features of a set can be

divided into two subsets of condition
features and decision features, respectively.
The decision table can be understood as

decision rules that correspond a value of
conditional feature to a value of decision feature.
For instance, a decision table shown in Table I
illustrates a decision rule for sample x1 [3]. If a=1
and b=1 and c=1 then d=1.

TABLE I Actual closing price(Nikkei Index Data)

Decision Feature
d

Conditional Feature
L)

Sample
x1
x2
x3
x4

[ I e )

[ ) I ]
19| —|

1
1
1
1




This decision table has 5 samples features and 3
conditional. It is possible to derive 5 rules with 3
conditions. But the decision rules have redundancy
in the conditional portion. By employing a
reduction method in the rough set theory,
it is possible to derive the minimal rules required
for expressing the same decision rules.

In the case of a decision table shown
in Table II, rules illustrate the decision feature
d=1 as follows: If a=1 then d=1, If b=1 and c=1
then d=1. It is possible to derive decision rules for
decision class=2 in the same way [3].

TABLE II: Decision matrix

A¥(d = l:ll,v'rd =2 x2 x4
x1 alcl al.bl
X3 cl bl
x5 al al.bl c2

1. Proposed method for forecasting stock
index with FTS based on GA and rough
set
In FTS forecasting method, FLR is one of the
critical factors that influence the forecasting
accuracy. For improving the forecasting processes,
and many advanced algorithms such as Neural
Networks, PSO are applied to mine FLRs from
time-series. In this paper, we provide another
approach, which uses GA and RS methods to deal
with this issue. The flow chat is shown as Fig.2.

Define the universe of discourse

‘ Partition the intervals H Use GA 1o partition the intervals |
[ Establish fuzzy sets for each observation ] | Choose two chromosomes |
{ Establish fuzzy logic relationships ] { Perform the mutation operation
’ Extract FLR by employing rough I | Calculate the MSE |
’ Dufuzzify to non-linear forecasting ‘ [ Repeatedly performing |
\ Apply a linear forecasting model to ‘

produce
\ Evaluating performance by RMSE

Fig. 2: Proposed method flow chart

1V. Proposed algorithms
In this section, we present a new method for
forecasting stock index using FTS GA and RS.
From Table III, we can see that the minimum D,,;,
and the maximum D,,,, of the Japan stock index
are13885.11 and 17869.74. We let the universe of
discourse U=[13880,17880], which D,;, €U,

D,... €EU. The universe of discourse U can be
dividedintonintervalsu , u,, us g us, ..., u,whereu;=[1
3880,)6]],ng:[X1,X2],u3:[X2,X3], ...,un=[x(,,_1), 1 7880],
andx;<x,<x3<:**<X(.1). Each chromosome consists
of n-1 genes are showed as Table IV. The
algorithm  (called Algorithm-GA) for forecasting
and calculating the mean square error (MSE) based
on the above chromosome is presented as follows.

TABLE III: Actual closing price (Nikkei Index Data)

Date Closing price
2014/01/06 15864.44
2014/01/07 15784.25
2014/01/08 15906.57
2014/11/04 16720.99
2014/11/05 16778.28
2014/11/06 16725.45
2014/11/07 16824.08
2014/11/10 16713.37
2014/11/11 16855.30
2014/11/12 17170.00
2014/11/13 17099.95
2014/12/10 17308.82
2014/12/11 17043.46
2014/12/12 17298.19
2014/12/15 17037.21
2014/12/16 16714.83
20141217 16672.94
2014/12/18 17136.41
2014/12/19 17471.60

TABLE IV: Chromosome consists of n-1 genes

X X2 [ Xa [ [ Xn-1 ]

TABLE V: Optimized chromosome
13880 [ 13942 | 14016 | ...

[ 17482 | 17613 | 17482 |

Step1: Construct the membership functions
corresponding to the genes x;, x5, X3, . . ., X,; of
a chromosome. For example, assume that there is
a chromosome shown as Table V.

Step2: Partition the universe of discourse into fifty
intervals. In this paper, the universe of discourse
U=[13880,17880]. And the equal intervals
ui,us,u3,us,Us,...,Uy,

Where u = [13800, 13960], u =[13960,14040],
u1:[14040,14120],...,121 =[15880, 15960],
" =[15960, 16040],...;16 =[16920,17000],
"= [17080, 17160],...,1319 =[17720,17800],
u:z:[17800,17880]. v



Step3: Define the universe of discourse and the
intervals for the observations. Fuzzify the
observations shown as equation (1).

Al = 1/u1+0'5/u2+0/u3+0/u4+0/u5+"'+0/u50
Ay = 0'5/u1 + 1/u2 + 0'5/u3 + 0/u4 + 0/u5 +t O/uso
Az = O/u1 + O'S/uz + 1/u3 + 0'5/u4 + 0/u5 +ot O/uso

Ago = 0/u1 + O/uz + 0/u3 + 0/u4 + 0/u5 +--t O/u47
+ 0/u43 + O/u49
Asp = 0/u1 + 0/u2 + 0/u3 + O/u,,, + O/us +t 0/u43
+ 0/u49 + 0/uso
(1)

Step4: Obtain the fuzzy logical relationships. In the
FTS method, different Japan stock index values can
be fuzzified into corresponding fuzzy sets.

For example, the 2014/11/06 was 15864.44, which
is fuzzified to Ajps, 2014/11/12 was 17170.00,
which is fuzzified to A4,. The fuzzification process
is depicted in Table VI. Some fuzzified Japan stock
index for the year 2014 are listed in Table 2.But
when we use GA to optimize the intervals, the
fuzzy sets have been changed obviously. For
example, the 2014/11/06 was 15864.44, which is
fuzzified to Ase 2014/11/12 was 17170.00, which
is fuzzified to A4 The fuzzification process is
depicted in Table VII.

TABLE VI: Fuzzified closing price calculated by FTS (Nikkei Index Data)

Date Closing price  Fuzzified price ¢
2014/01/06 15864.44 Azs
2014/01/07 15784.25 Agg
2014/01/08 15906.57 Azg
2014/11/04 16720.99 Aas
2014/11/05 16778.28 Agy
2014/11/06 16725.45 Aazg
2014/11/07 16824.08 Aar
2014/11/10 16713.37 Aazg
2014/11/11 16855.30 Aag
2014/11/12 17170.00 Ay
2014/11/13 17099.95 At
2014/12/10 17308.82 Aga
2014/12/11 17043.46 Aago
2014/12/12 17298.19 Aga
2014/12/15 17037.21 Az
2014/12/16 16714.83 Aag
2014/12/17 16672.94 Aas
2014/12/18 17136.41 Agy
2014/12/19 17471.60 Ayn
Step5: Divide the derived fuzzy logical

relationships (FLRs) based on the current states of
the closing price of fuzzy logical relationships.In
the FTS method, the fuzzy logical relationships of
the closing price can be obtained from Table VI
which is shown in Table VIII. But the fuzzy logical
relationships of the closing price used by GA have
been changed, too. We can be obtained from Table
VII which is shown in Table IX.

TABLE IX: Fuzzy logical rlationships calculated by GA

Ass = Azs  Asz = Aar Azl = Ao Azo — Azs Azs = Ang
Ay — Azs Azs — Aar Ar = An Al — Aaa Agr — Ade
Adgs = A7 Aar— Ade Ade — Ags Aaa — Az Aaz — Age Ags — Aar

TABLE VIIIL: Fuzzy logical relationships calculated by FTS

Ags = Azs Azq— Aze Azl = Ao Aza = Als Al — Al

Ale = A1z A= A Al — Al Al = Ale Aagz = Ao

Ago = Agz  Ags— Ayzs Ay — Agg Az S Ags  Ags = A Aa = Ags

TABLE VII: Fuzzified closing price calculated by GA (Nikkei Index Data)

Date Closing price  Fuzzified price
2014/01/06 15864.44 Aas
2014/01/07 15784.25 Aag
2014/01/08 15906.57 Aay
2014/11/04 1672099 Agq
2014/11/05 16778.28 Agq
2014/11/06 1672545 Agq
2014/11/07 16824.08 Ada
2014/11/10 16713.37 Agq
2014711411 16855.30 Ags
2014711412 17170.00 Asge
201411713 17099.95 Age
2014/12/10 17308.82 Ay
2014/12/11 1704346 Ass
2014/12/12 17298.19 Agr
2014/12/15 17037.21 Age
2014/12/16 16714.83 Aga
2014/12/17 16672.94 Aga
2014/12/18 17136.41 Age
2014/12/19 17471.60 Agr

Step6: Divide the derived FRLs into groups based
on the current states of the closing price of fuzzy
logical relationships. In FTS method, we can be
obtained from Table X, while we used GA, we got
Table XI.

TABLE X: Fuzzy logical rlationships groups calculated by FTS

Groupl Al = Ay Al — Az

Group2 Az — Az Az — As A2 = Aa
Group3  As — As Az = Ay

Groupd Ag— Ay Ag = Ag Ay = Ag
Groups As = A, A; = Ag Az > Ag A; 5 Ay As;—> Ay Az — Ay
Groupdd  Agq — Az

Groupd3  Ags — Ags  Aas — Aur Ags — Aszo
Groupdé -

Groupd7  Ay7 — Aso

Groupd8  Ags — Asg

Groupd? Ay — Agq  Ago — Az

Group3)  Aso — Ags  Aso = Aso  Aso — Aso

TABLE XI: Fuzzy logical relationships groups calculated by GA

~GroupT Ao A AL Az
Group2 Ap = A,y Ay = Ag Ay = Ay Ag— Ag
Group3 Az — Az Az — Ay
Groupd Ay — As Ag— As
Groups Az = Ay Az = As Az — As Az = Ao Az = An
Groupdd Ay — Agy Ay — Ay Ay — Ags
Groupds Ay — Age
Groupds  Age — Aqa Ade — Ade Ads — Aur
Groupd7  Agr — Ags AT — Ade At = Aur Agr — Ass

Group48 Ags = Ao
Groupd9  A4q9 — Aso
Groupsd  Aszg — Agr  Azp — Az

Step7: Establish fuzzy relationship groups based on
RS theory. Assign trend weights. The FLRs are
grouped into the trend to which they belong. For
example, 4,—A,will be grouped into the “up
trend,”4;— A; into the “no-change trend,” and
A>,—A,;, into the “down trend” as Table XII listed.
These weights should be standardized to obtain the
weight matrix w(t)=/w;,w,... ,w;/.The standardized
weight matrix equation is defined as equation (2).
The rule extraction based on rough set is listed in
Table XIII which employed by FTS, and Table
XIV employed by GA.



w(t) = [wl,wz, wj]

_ Wy w2 Wi
j ] ] T ] )
Lp=1Wk Xj=y Wk =1 Wk
(@)

TABLE XII: Assign weights to different trends

FLR Trend Weight
(=1)A25 — A24  Downtrend  Assign weightl
(=2)A04 — Asg Up trend Assign weightl
(=3)A26 — Ass Down trend  Assign weightl
(=4)A05 — Ay Down trend  Assign weightl
(=5)A24 — Ajo DP\\“M trend  Assign weightl
(=6)410 — Assign weightl

Az Up trend

TABLE XIII: Rough set rule induction Japan stock index of year 2014
based on FTS

Values  Recumence Decision rules

A 3 o= (A A
Az 5 Az — {A2(2]. As[1]. A4[3]}

As 2 As = {As[1], A4[1]}

Ag 6 Ag = {A2[1]. Ac[4]. As[1]}

Az 7 Az =+ {As[2], Ac[2]. A7[1]. As[1]. A0[1]}
Aus 2 Ags = {AT[1], A1)}

Age - -

Agr 1 Agr = {A50[1]}

Age 1 Ags = {A50[1]}

Ag 2 Agg — {A ], Az001]}

o s Ay — A1, A4001], Az0[3]}

TABLE XIV: Rough set rule induction Japan stock index of year 2014
based on GA

Values  Recumrence Decision rules

rn 3 T = (A A
Az 5 Ay = {Aq[1]. Ag[1], A4[2], A5[1]}
As 3 As — {Aa1], A4[1]}
Aq 4 Aq = {A3[1], As[3]}
Az 6 Az = {AL[1], As[1]. Ac[3]. Ao[1]. A1 1[1]}
Aus 2 Ass = {As6]2])

_ Ass 7 Ase — {A4d[1], A46[1], A4T[1]}
Aar 10 Az — {AB[1]. A46[5], Aa7[3], A45[1]}
A ) Aas = {A50[1]}
Ago 1 Ago — {A50[1]}
Ao 4 Aso = {A47[1]. A50[3]}

Step8: Calculate the forecasted outputs using
equation Forecast(t)=Ly(t-1)-W,(t-1). Ly(t-1) is
deffuzified matrix, W,(t-1) is weight matrix. In
the same way, the Japan stock index of year
2014 can be forecasted. The mean square error
(MSE) of a chromosome can be calculated using

equation (3) as below.
MSE

RMSE =

/Z;’:l(m’tuul, — de fuzzification(t))2 )

n

TABLE XV: Rough set rule induction Japan stock index of year 2014

Date Actual closing  Forecasted closing Forecasted closing
price price by FTS price by the proposed method

2014/11/21 17108.20

2014/11/25 17600.00 17237.63
2014/11/26 17360.00 17237.67
201411127 17253.33 17084.67
2014/11/28 17330.84 17360.00 17237.67
2014/12/01 1747427 17621.67 17237.67
2014/12/02 1747642 17676.50
2014/12/03 17696.36 17586.75
2014/12/04 17813.01 17810.00
2014/12/05 17759.36 17810.00
2014/12/08 17869.74 17810.00
2014/12/09 17773.30 17810.00
20141210 17308.82 17093.33 17237.67
201412711 17043.46 17280.00 17084.67
20141212 17298.19 17093.33 17237.67
20141215 17037.21 17093.33 17084.67
201412716 16714.83 16840.00 16772.00
201412117 1667294 16640.00 16632.00
201412718 1713641 17520.00 17123.00
20141219 17471.60 17626.67 17237.67

RMSE 217.64 11216

v.Empirical analysis

This study used the Japan stock index as the
forecasting target. The data from January to
October were used toper form the estimation while
those for November were used for the forecasting.
For comparison purposes, we calculated the RMSE
which is shown in the Table XV. Comparing the
performance of proposed model with that of
conventional model we found that the RMSEs from
our proposed model is better than the conventional
model. We can see that our proposed method
achieve a higher forecasting accuracy in Fig.3. In
the future, we are considering improve the heuristic
algorithm calculation affective.

VL. Conclusions
In this article, we have presented the new method
to forecast the Japan stock index based on fuzzy
time series genetic algorithms and rough set. The
year of 2014 Japan stock index was used as the
forecasting target. The empirical analyses showed
that the RMSEs in the case of proposed model are
all smaller than FTS model. That is, the proposed
method can achieve a higher forecasting accuracy

2 . .
m, (ForecastedClosingPriceoneari - ActualclosmgPriceoneari) rate than the existing methods.

3)

Let the value of MSE be the fitness value of the
genetic algorithm, where m denotes the number
of historical data. The system will choose
chromosomes with smaller MSE values for
evolution. For example, from the experimental
result, we can see that the MSE value of the
chromosome.

Step9: Evaluate the performance. The RMSE is
used to evaluate the forecasting performance.
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Abstract—Sensitivity Analysis is a method to evaluate
the influence of each variable change. In portfolio selection
model (PSM), it is essential to evaluate the sensitivity of
each stock or security return rate in investment decision
making. Investors look for selecting stable stocks or
securities. For this purpose, sensitivity analysis should
play a pivotal role. Under consideration of the sensitivity,
risk (stability) and return of each selection, this paper
proposes a new portfolio-selection model called the
sensitivity-based portfolio selection model (SA-PSM).

Keywords: Sensitivity analysis, portfolio selection mod-
el.

I. INTRODUCTION

Portfolio selection model has been well develope-
d based on a mean-variance approach proposed by
Markowitz [2]. More than 50 years have been spent
to study the portfolio under uncertain environment
random selection development. The key principle
of the mean-variance model is to use the expected
returns of the portfolio as well as the investment
risk in decision making. Each asset’s monetary value
may affect the risk and reward ratio of the portfolio
and is referred to as the asset allocation of the
portfolio. When determining a proper asset alloca-
tion, we target to maximize the expected return and
minimize the risk. It is impossible to simulate the
influence of all factors well. Therefore, in today’s
stock markets, it is not reasonable to evaluate future
security returns only based on the historical data.
In order to forecast more accuracy, the expert’s
opinions from related fields need to be considered.
The model SA-PSM is mainly used in the stock
market, analyzing and finding the balance between
the value and risks. In finance, security returns
in conventional models are always determined by
historical data. However, such data are not always
available. On the other hand,securities are always

affected by infinitive factors.It is impossible to sim-
ulate the influence of all factors well. Therefore,
in today’s stock markets, it is not reasonable to
evaluate future security returns only based on the
historical data. In order to forecast more accuracy,
the expert’s opinions from related fields need to
be considered [4]. The model SA-PSM is mainly
used in the stock market, analyzing and finding the
balance between the value and risks.

The sensitivity analysis has been used in a range
of purposes [3]. Including (1) Testing the robustness
of the results or the uncertainty of the system
(2) Increased understanding of the relationships
between input and output variables in a system
or model (3) Reducing the uncertainty: identifying
model inputs (4) Searching for errors in the model
(by encountering unexpected relationships between
inputs and outputs) (5) Model simplification-fixing
model inputs which have no effect on the output,
or identifying and removing redundant parts of the
model structure (6) Enhancing communication from
modelers to decision makers (e.g. by making rec-
ommendations more credible, understandable, com-
pelling or persuasive) (7) Finding regions in the
space of input factors for which the model output
is either maximum or minimum or meets some op-
timum criterion (see optimization and Monte Carlo
filtering). For example, in a decision problem, the
analyst may want to identify cost drivers as well
as other quantities for which we need to acquire
better knowledge in order to make an informed
decision. On the other hand, some quantities have
no influence on the predictions, so that we can save
resources at no loss in accuracy by relaxing some
of the conditions. However, the sensitivity analysis
cannot analyze the uncertainty and the instability.

In this study, proposing a new portfolio-selection
model (PSM) called the Sensitivity Analysis based
on portfolio-selection-models (SA-PSM). This mod-



el use both types risk measure methods: variance is
utilized to evaluate the portfolio stability. So this
model can improve the stableness of the capital
allocation. Therefore, the obtained selection result
could be more helpful in decision making.

The remainder of this paper is organized as fol-
lows. Section 2 provides some basic mathematical
preparation on portfolio selection model. In the
section 3, we explain the method of sensitivity
analysis and sensitivity-based portfolio selection
model. Section 4 illustrates a numerical example
and Finally, conclusions are drawn in Section 5.

II. PORTFOLIO SELECTION MODEL

Sensitivity analysis plays a pivotal role in uncer-
tainty quantification and propagation of uncertainty.

This paper introduces two steps of the sensitivity
analysis. Let us define the portfolio selection model
before discussing the sensitivity based portofolio
selection model (SPSM).

Model 2.1: (Portfolio Selection Model)

In order to construct the sensitivity, let us con-
sider the following models.

max F'(x) (= zia;}
i—1
min G(x) {(=>> w0 25}
i=1j=1
Subject to le =1z;>20. i=1,2,---.n
i=1
ey

III. SENSITIVITY ANALYSIS

In order to minimize the sensitivity, let us con-
sider the following values.

Let us define the sensitivity of the linear function
O(z) of two objectives F'(x) and G(x) at variable
x; in the following, where F,, and G, denote
the partial differentiation of the objectives F'(z)
and G(x) by variable x;, respectively. Then, the
sensitivity of O(z) by t can be calculated as

Definition 3.1: Sensitivity

The sensitivity T'S of the objective functions
O(z) = wpF(z) + weG(z) at x; can be defined
as follows:

TS — dO(x)
dt
& 90() du;
N 12:21 Ox; dt
B dF(x) dG(z)
T e T
g OF (z) 0G(z), dz;
= Z(wpai+wg220ijxj)— (2)
i=1 j=1 dt
where
82@-%
_ _ =1
i sz N 8@
= (3)
aZZO’ijﬂfin
o __i=lj=1
= QZaijxj (4)
j=1

and wp, wg denote the weight of the objectives,
respectively and wrp = wg = 1.

That means, the total sensitivity is calculated
using «;, ; and the change of return rate per time.

After processing equations Equations (2) we can
get the sensitivity of each objective function, which
are defined as F,, Gy,

Note that from here wg, wg are set to 1.

Take this ten stocks as the return, we can calculate
out the sensitivity of each variable, and also, we can
calculate the total sensitivity which will be shown
below:

Table II shows the result of sensitivity analysis.

Then we can understand which variables are more
sensitive and which variables are more stable. But
we would better select portfolio with more stable
investment, that is, less sensitive variables (stable
stocks). Then we formulate the problem including
the sensitivity in the objective, The total sensitivity
TS is defined as Equations (2).



TABLE 1
DATA EMPLOYEDFROM NYSE [4]

Stock STV CNEP CNTF CBEH CHL ACH CAST DANG CNAM CBAK
X1 T2 xs3 T4 x5 Te xr7 xrs x9 Z10
a; -0.01503 | 0.00380 | 0.01031 | 0.02711 | 0.00371 | -0.00903 | -0.00118 | -0.01145 | -0.03755 | -0.02906
1 -0.9505 | -0.5349 -0.756 -0.5535 -0.3448 0.2036 -0.8166 -0.6358 0.6679
-0.9505 1 0.3157 0.5492 0.7762 0.6183 -0.3065 0.8517 0.6734 -0.8331
-0.5349 0.3157 1 0.9504 | -0.3257 | -0.4419 0.6381 0.5863 -0.2216 -0.1812
-0.756 0.5492 0.9504 1 -0.0977 | -0.2783 0.3737 0.6746 0.0917 -0.296
o(i,7) | -0.5535 0.7762 | -0.3257 | -0.0977 1 0.9609 -0.5993 0.5361 0.6883 -0.8017
-0.3448 0.6183 | -0.4419 | -0.2783 | 0.9609 1 -0.4833 0.4668 0.4863 -0.7962
0.2036 -0.3065 | 0.6381 0.3737 | -0.5993 | -0.4833 1 0.2212 -0.8821 0.0197
-0.8166 0.8517 0.5863 0.6746 0.5361 0.4668 0.2212 1 0.1862 -0.9011
-0.6358 0.6734 | -0.2216 | 0.0917 0.6883 0.4863 -0.8821 0.1862 1 -0.2832
0.6679 -0.8331 | -0.1812 -0.296 -0.8017 | -0.7962 0.0197 -0.9011 -0.2832 1
TABLE 11
COMPUTATION RESULTS
Stock STV CNEP CNTF CBEH CHL ACH CAST DANG CNAM CBAK
T T2 z3 T4 T5 T6 T7 T8 z9 10
PSM
Capital
Allocation 50.4% 40.8% 9.0%
PSM
Total
(T'Sz,) 0.0004 0.0001 -0.0004 | 0.0111 | 0.0717 0.0001 0.0001 0.0065 0.0005 -0.0007
SPSM
Capital
Allocation 32.7% 31.2% 27.9% 8.2%
e} 0.0004 0.0001 | -0.0004 | 0.0010 | 0.0002 | 0.0001 0.0001 -0.0001 0.0005 -0.0007
Bi -0.1475 | 0.1658 | -0.0459 | 0.0201 | 0.1754 | 0.1382 -0.1769 0.0732 0.2072 -0.1018
do.
CZZ -0.0250 | 0.0311 | -0.0345 | 0.0352 | 0.0437 | -0.0094 | -0.0575 0.0053 -0.0142 0.0253
SPSM
Total
(T'Sz,) -0.0479 | 0.0001 | -0.0004 | 0.0072 | 0.0491 0.0001 0.0001 -0.0001 0.0005 -0.0091

IV. BUILDING SENSITIVITY-BASED PORTFOLIO
SELECTION MODEL

Using the definition 3.1, we can define the
sensitivity-based portfolio selection model as fol-

lows:
Model 4.1: (the sensitivity-based portfolio selec-
tion model)

n
dai=1 ®)
=1
z; >0 1=1,2---,n )

where wp, wg are given as a weight for each
objective function. In this discussion, let us set them
to 1

dz; :
Let us approximate d—xt by the following:

dr;(t)  z(t+At) —a;(t) ozt + At) — zi(t)
Return max Z T;a; (®)] 7 ~ Ty - = AL (10)
, ) dx;(t .
Risk mmzz% Titj © " This value ﬁ can be approxiamtely evalluted
by regression analysis or Change rate of return
Sensitivity min Z{al o —1—22 U” dt z;)} (7) B :(:Z(t) - gner — gpmin where o and xmm e

Subjectto

dt J
the maximum and minimum values in a week.



The calculation can be performed based on Table
II. We may useing regression analysis dprepare the
T

changing rate of return rate z;,that is, i

V. ILLLUSTRATIVE APPLICATION

Let us analyze the stocks of NYSE in December
2011. Table II shows the result obtained by the
portfolio selection model 2.1 and the sensitivity-
based portfolio selecgtion model 4.1. In the portfolio
selection model 2.1, CBEH and CHL were allocated
50.4% and 40.8% of the total investment.But in the
sensitivity-based selection model 4.1 these are rather
high sensitiive variables with 0.0072 and 0.0491,
respectively comparing with other stocks. Therefore,
these stocks are not stable.

The sensitivity-based portfolio selection model
4.1 changed the allocation for stocks STV, CBEH
and CH with 32.7%, 31.2% and 27.9%. So the
total investment allocation is distributed to the less
sensitive stock STV with -0.0479 as well.

VI. CONCLUSIONS

In this paper, we have introduced a sensitivity
analysis for the portfolio selection model, which
shows both the sensitivity of each variance and
the total sensitivity of the model. To the existing
PSMs, the approach is more acceptable for general
investors, so the calculation of the sensitivity will
be quite necessary. To calculate out sensitivity of
each variance and the total sensitivity, we have
improved the basic PSM models to get the definition
of sensitivity which can be expressed in a more
clear mathematic way. Also from the experiment
result we can find out that, to the PSMs, different
variance has different sensitivity which will make
influence to the analysis of the whole model, to the
total sensitivity, it will show a overall description
of whether the model is stable or sensitive. To the
proposed PSM, the proposed sensitivity analysis is
proved useable, for calculating out both the sensitive
variances and the stable variances. In the further
research, we will introduce the proposed model into
some other applications, and also, we will do some
more analysis not only in the value of sensitivity
but also the relationship between different variance’s
sensitivity .
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Abstract— Game theory is applied widely to solving
various problems to get optimal decisions. This
paper analyzes the Stackelberg behaviors between a
manufacturer and two retailers. As the market
demand used to be uncertain, in order to describe
the market demand fitting to real situations, this
paper applys fuzzy variable in the two echelon
supply chain problem. Then, numerical examples
are used to illustrate the result in comparison
between fuzzy variable and crisp number. Fuzzy
variable and crisp number are compared with mean
absolute percentage difference rate of fuzzy demand
( MAPDR-FD).

Index Terms— Two-Echelon Supply Chain , Fuzzy
Variable, Optimal Decision, Stackelberg

. INTRODUCTION

GAME theory becomes more and more common in
the research on two-echelon supply chain and plays a
pivotal role in optimal decision making.

We used to face how much amount to assign each
of branches or of sections as a target amount in their
region. The most important is the whole company’s
selling volume but on the other hand we have to
encourage each of branches or of sections to work
hard and obtain the best result.

In this paper, let us make a problem simplified. We
have the manufacturing section M and two retailing
sections 1 and 2. These three sections build a supply
chain.In this case, there is a competition between the
two retailing sections 1 and 2. In game situation,
these two retailers 1 and 2 are Stackelberg situation.
Therefore, when we give a leading position to 1,
Section 2 will follows section A’s initial decision. The
objective here is to obtain their own best result in the
Stackelberg situation. Then,according to the best results
of the two retailers got before, The manufacture can
know the decision made by retailers and decide the
optimal assignment of price, amount, etc.

In order to solve this problem, let us consider the
uncertain situation such as uncertain demand. This
situation resulted in building a fuzzy two-echelon
supply chain model. In this paper, fuzzy variable is used
in building model of two-echelon supply chain.

The remaining consist of the following sections. In
Section 2, past research works will be shortly reviewed
and Section 3 provides prerequisite mathematical
preparation for building a fuzzy two-echelon supply

chain model. In Section 4 we define fuzzy two-echelon
supply chain model and its solution based on
Stackelberg game. Then, Section 5 discusses the
numerical real-life  problem of the strategic
decision-making of how to obtain the optimal
assignment for each of the two retailer sections. At the
end in Section 6 we summarize the paper as
conclusions and explain the remaining problems.

II. PREVIOUS RESEARCH RESULTS

In two-echelon supply chain, quantity, cost and price
are key factors in order to get optimal decision. For
example, Pui-Sze CHOW, et al. [1] analyze the effect
when taking a minimum order quantity (MOQ) in a
two-echelon supply chain. Govindan KANNAN [2]
uses multi-objective models in a two echelon supply
chain to optimize the total cost. Ilham SLIMANI and
Said ACHCHAB [3] concerned with the optimization
of the inventory and transportation in a supply chain.
Y.A. HIDAYT, et al. [4] analyze an inventory problem
with only a single-supplier and a single-buyer. Cai
Jian-hu and Wang Li-ping[5] analyze the influence of
providing adequate pricing incentives before demand
information is revealed. Geon Cho, et al.[6] take a
quantitative model when there is a partnership in supply
chain. Daogang Qu and Ying Han [7] consider a single
manufacturer and a single retailer model which has dual
distribution. Longfei He and Jianyong Sun [8] consider
a single vendor and a single retailer originated from
China market background. CAI Jian-hu, et al. [9]
proposed an inventory model in a two-echelon supply
chain. Yihong Hu and Jianghua Zhang [10] consider
that

when there is a price-only contract to a retail, how
will be the manufacturer” s reaction to a newvendor.
Fangxu Ren and ZhongYuan [11] analyze pricing and
advertising model under equilibrium. Tiezhu Zhang and
Longying Li [12] consider some contracts in order to
get the win-win situation. Huilin Chen and Kejing
Zhang [13] take the fullreturn coordination mechanism
in consider. Fangxu Ren [14] considers the relation
between the size of slotting allowance with the
members’  co-operation in a two-echelon supply chain.
Moreover, there are also many researches studying the
demand function. Junping Wang and Shengdong Wang
[15] study the effect to the chain members when the
different forms of demand function are used. Jiang
Meixian, et al.[16]consider a model of coordinating
pricing and express that the market demand is effected
by retailer price and promotion expenses. Lau and Lau



[17] analyze the difference of the optimal decision
when facing the different demand curve in Stackelberg
game situation.

IT11. PREPARATIONS

As the demand of the market is always uncertain.
This paper takes the demand of the market as fuzzy
variable so as to make the value more close to real
situation. To illustrate the difference between the fuzzy
variable and crisp number, Mean Absolute Percentage
Different Rate of the Fuzzy Demand (MAPDR-FD)
will be used.

A. Fuzzy Variable
Fuzzy Variable is defined as a function which has a

possibility space( ® , p(®) ,Pos ),where the O is a
non-empty set, p(®) is a power set of ® ,and Pos is a
possibility measure. The possibility measure satisfies

the following conditions:

(1) Pos{@}=0

(2) Pos {@® }=1

3) POS{UZI A, }=sup,.,., Pos{ 4;}

By taking the triangular fuzzy variable D=(a,b,c), the
membership function will be given as follows:

xX—a
b—a;a<x<b
H(x) e ; b<x<c
c—b
; otherwise

Supposing A is the complement set of 4 , then the
necessity measure of A can be given as follows:

Nec( A )=1-Pos( A° ),then the credibility measure is
denoted as

Crid} = %[1 +Pos(A)—Pos(4)];

Cr{d} = %[POS(A) + Nec(A)]

Let D be a fuzzy variable. The expected value of D
can be give as follows:

E[D]= ]ECI’{D > ridr— ICr{D <rydr ;

—00

When D is a triangular fuzzy number(a,b,c)

E[D]:a+2b+c

B. Model Assumptions and Notations

This paper is to analyze the behavior of a supply
chain with a manufacture and two retailers.The
assumptions and notations are given as follows:

Q,: quantity ordered by retailer i, (i = 1,2);

c: unit cost of manufacturing ;
w: the wholesale price per unit ;

D; : the sale price set by retailer 7, (i = 1,2);
D : the demand of retailer i if prices are zero.
IT. :retailer s profit (i = 1,2);

IT,, :manufacture‘s profit;

H:.F :retailer i°s maximum profit (i = 1,2);

* .
IT,, :manufacture‘s maximum profit.

The downward-sloping demand function is defined as
follows:(McGuire and Staelin(1983)and Ingene and
parry(1995) have used this type of demand curve with
ai -1 successively). In this paper will also let a;- 1. So
the demand function is:

Qi :(Di_pi +@j)

i,j=12) (D

@ is the degree of substitutability between retailers.

IV. TWO-ECHELON SUPPLY CHAIN MODEL
BASED ON STACKELBERG GAME.

In this Stackelberg game, we assume retailer 1 as a
Stackelberg leader and retailer 2 as a Stackelberg
follower. Then the profit function of retailer 1 and
retailer 2 will be given as:

IL,, =(p,—w)Q, =(p, = w)(D, — p, +tp,) (2)

IT,, =(p, —w)Q, =(p, —w)(D, — p, +&p,) (3)
The reaction function of the retailer2 will be given as

dil,, =0):
dp,

_ (D, +w+6p)
- 2

follows(obtained by solving

“4)

2

Then retailer 1 knows the reaction function(4) of
retailer 2 and substitute it into his profit function. Then
the profit function of retailer 1 can be given as follows:

n. = (p] _W)(le +HDz _2p1 +€2p| 'ng)

rl (5)
2



To get the optimal price of retailer 1,setting

rl

dp,

= (0 ,the function can be given as follows:

. (2D, +6D, +2w+6v—0’w)
P 22-6%)

(6)

Then the maximum profit of retailer 1 can be given as

o - (2D, + 6D, + O+ 0*w—2w)’
! 8(2-6%)

(7

To get the optimal sale price and the maximum profit
of retailer 2, the optimal sale price of retailer 1 can be
substituted into reaction function of retailer 2. Then the
function can be given as:

. (26D, +4D,— & D, +4w+20v—G'w—'w)
P = 4(2—(92)

®)

_(0°D,—2D,—AD, +4w—20v—3F w+ &Fny’
- 162—-6")

I, ©)

The profit function of manufacture can be expressed
as:

I, =(w=c)(Q +05)

I, =(w—c)[D,+D, —(p, + p,)+6(p, + p,)]1(10)

Then the optimal price can be obtained by solving

aly g

dw

«+ ¢ B

w =—+—, (11) where
2 2J

B=2[0+2(D,+D,)]-A-2D,+6’D, +0(2D, + D,)]

J=(8-40-70"+20°+0%

So the maximum profit of the manufacture can be
given as follows:

o (8440430 -6°)(c—cO-D,D,)
. 16(0-1)(2-6%)

(12)

V. NUMERICAL EXAMPLES
The numerical examples let us compare the
difference of results between the fuzzy and non-fuzzy

data sets. Setting & = 0.5 represents the moderate
degrees of competition between two retailers.

TABLE I

ASSUMED PARAMETERS
¢ 0
2 0.5

A. Mean Absolute Percentage Difference Rate of the
Fuzzy Demand (MAPDR-FD)

To find the difference between fuzzy and nonfuzzy
data sets, the mean absolute percentage difference rate
of the fuzzy demand is introduced. The formula is
expressed as follows:

0 n
MAPDR — FD = 100% ‘
1

1
noic T, ‘
where 7[,1{ is the non-fuzzy value and 72';,{ is the fuzzy
value. Where 1=1,j,M and k=1,2......n.

B. Fuzzy Variables
Let X, be a fuzzy variable of demand faced by

retailer].Assume D, =(9,19,32)

Let X, be a fuzzy variable of demand faced by
retailer2.Assume D, =(7,18,28)

The possibility distribution of the triangular fuzzy
variable are written as:

x-9
10 ;9<x<19

32X 19 <<
13

Hp (x) =

; otherwise

0
x=17
11 ; 7<x<18

B-x g <r<o8
10

Hp,y(x) =

;. otherwise

According to the possibility, necessity and credibility
measure,the expected value can be calculated using

following equation.

a+2b+c

Elg]= 2



TABLE II
FUZZY DEMAND OF MARKET FACED BY
SUPPLIER 1 AND 2

Fuzzy Triangular Expected Value
D, (9,19,32) 19.75
D, (7,18,28) 17.75

C. Comparing The Results Between Fuzzy and
NonFuzzy Data Sets.
TABLE III
THE DIFFERENCE BETWEEN FUZZY NUMBER
AND NO-FUZZY DATA SETS.

Fuzzy Data | Non-Fuzzy | MAPRD-FD
Set (x10%) | Data Set
(>< 10? )
H*l 0.483 0.481 +4.3%
I, 0.393 0.451 -13.2%
Hju 2.653 2.588 +2.528%
pl* 0.200 0.248 -19.2%
p; 0.187 0.240 -22.1%
Ql* 0.09 0.06 +45.6%
Q;‘ 0.09 0.07 +42.2%

From Tables 2 and 3, it is easy to find that by using
fuzzy data set, the profit of manufacture is higher than
the one without fuzzy data set. The quantity ordered by
retailers using fuzzy number is more than the one using
crisp number. On the other hand, the saleprices setted
by retailers 1 and 2 using fuzzy number are lower than
these using crisp number. When the fuzzy demand is
less than crisp demand, the profit of retailer with fuzzy
variable is lower than that without using fuzzy data set.
On the other hand, when the fuzzy demand is greater
than crisp demand, the profit of retailer using fuzzy data
set is higher than that without using fuzzy data set. In
addition, the MAPRD-FD shows the difference
between the fuzzy data set and crisp number data set.

As a result, in this situation, when the retailer
sections are competitive with each other, the retailer 1
and 2 can get the optimal price and amount based on
the stackelberg game analysis. According to the result,
the manufacture can also decide the optimal assignment
of target price and amount. As the market demand is
uncertain, we emloyed fuzzy variables in this
calculation. Then we got the result that the quantity
ordered by each of retailers 1 and 2 should be 0.09. The
optimal profit of retailers 1,2 and manufacture will be
0.483, 0.393 and 2.653. Then the profit shown in Table
3 each section can get the price and amount.

D. Real Life Problem

The data of Coca-Cola firm is analyzed to explain
the different profit by using fuzzy and crisp number
data sets.

Let X, be a fuzzy variable of demand faced by
LanZhou market. D, =(11736,20979,52689)

Let X, be a fuzzy variable of demand faced by
XiNing market. D, =(5844,15741,22140)

Then the possibility distribution of the triangular
fuzzy variable can be written as:

x—11736
22%33 ;11736 < x <20979
5 -X
xX)=¢————;20979 < x < 52689
U (X) 31710
0 ;otherwise
x—5844
22913%7 ; 5844 <x<15741
-X
X)=q4—————;15741<x<22140
Hpy () 6399
otherwise
0

The same as above, according to the possibility,
necessity and credibility, we can get the expect value.
the results are shown in tables 4 and 5.

TABLE IV
FUZZY DEMAND FACED BY LANZHOU AND XI
NING MARKET
Fuzzy Triangular Expected
number (x10%) Value (x10%)
D, (1.174,2.098,5.269) 2.660
D, (0.584,1.574,2.214) 1.487

TABLE V
THE DIFFERENCE BETWEEN THE FUZZY
NUMBER AND NO- FUZZY NUMBER

Fuzzy Data | Non-Fuzzy | MAPRD-FD
Set (x10°) | Data Set
(><106)
H*1 97 60 +60%
I, 28 34 -16.1%
ij 300 251 +19.7%
P 0.29 0.32 -8%
p; 0.24 0.29 -18.1%
Ql* 0.092 0.038 +142%
Q; 0.053 0.020 +162%




From TableS, we can get a conclusion that by using
fuzzy number the profit of the manufacture is higher
than using crisp numbers. When the fuzzy demand is
less than crisp demand, the profit of retailer using fuzzy
variable is lower than use crisp numbers. On the other
hand, when the fuzzy demand is greater than crisp
demand, the profit of retailer using fuzzy variable is
higher than use crisp numbers.

The saleprices setted by retailerl and 2 using fuzzy
data set are lower than these using crisp number. On the
contrary, under the fuzzy demand environment, the
quantities ordered by retailers] and 2 are more.

From the stackerberg game analysis, we can get the
optimal assignment of price and amount. As the
demand is not certain, we employ fuzzy variable to
describe it. It is easy to find that though saleprices
setted by retailers using fuzzy data set are lower than
these using crispe number, the quantities ordered by
retailers under fuzzy demand enviroment are more than
using crisp number. As the profit by using fuzzy
data set is higher, it is more benifit for manufacture to
use fuzzy data set. We can also find that the the more
the profit is, the bigger the difference between using the
fuzzy data set and crisp
number.

To simplify the real problem, this paper analysis the
behaviors in a duopolostic situation. The result showed
in the table is not affected by other manufactures. So
this result is different from the real environment, but we
can surely know that by using fuzzy data set , the profit
of manufacture is more than using crisp number.

Moreover,according to the MAPRD-FD, the degree
of difference by using the fuzzy number and no-fuzzy
number can be calculated.

In conclusion, we regard retailer 1 as the leader and
retailer 2 as the follower, after doing the analysis based
on stackelberg game, then we can get the optimal
amount and price shown in table 5. The quantity
ordered by retailer 1 and 2 should be 9,214 and 2,027
respectivly. Also, the optimal decision of manufacture
can be got. As the market demand is uncertain
mentioned before, fuzzy variables will be employed in
this real life problem. Then we can finally get the result
that the profits of retailer 1 2 and manufacture are 97,
28 and 300 million USD.

VI. CONCLUSIONS AND FUTURE WORK

In this paper, the competitive between a manufacture
and two retailers are shown. The stackbelberg game
always be used to solve this problem in order to make a
best decision. By using the fuzzy variable, the profit of
the manufacture will be higher than the one which use
crisp number.

This paper analyze a manufacture and two retailers.
As the future work, to analyze the market more
accurately, there are more retailers need to be
considered. Facing the market demand using fuzzy
variable, the best decision of the manufacture and
retailers should be discussed.
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Developing a Position Prediction Model Based on SIRMs for RoboCup
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Abstract: In this paper, a prediction model is developed that estimates the position of RoboCup soccer players using
Single-Input Rule-Modules (SIRMs) fuzzy systems. The purpose of the paper is to propose a prediction model that
estimates the position of players mainly from the ball information. SIRMs fuzzy models are used to predict the position
of opponent players. SIRMs fuzzy models reduce the number of fuzzy rules and parameters compared to common fuzzy
systems even if the dimensionality of the problem is high. In the proposed method, training data are generated from the
field information such as the position and the velocity of the ball, the position of the nearest opponent, and the expected
cycles that the ball is intercepted by the opponent team. The SIRMs fuzzy models are trained after the first half using the
data of the first half. Players use the trained SIRMs fuzzy models to predict the positions of opponent’s players. A series
of computational experiments are conducted to examine the performance of the proposed method.
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A Study on Marking Assignment in Set-Plays for RoboCup
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Abstract: A marking assignment method in set-plays of RoboCup is proposed in this paper. The marking
assignment is formularized as a transportation problem where the effort for marking is considered as a cost,
which is to be minimized. The transportation problem is solved by first constructing a cost matrix, and then
converting it using Hungarian method. Different cost functions and assignment methods are considered
and their performance is examined through computational experiments.

1 EC®IC

ARFXTIE, RoboCup ¥y #—>Ialb—vav
2D UV —=2IzBi 5, HFEMey T LA RO —2
EPYTFEERET 5. BEMKZEDTWEF— LT
X, FIREDNFEECHELZBROKLTEY b TLA
TOWRSGDMEZRELTWS, HTEF—L & O
DI A2 T UEBR ST OALE ASE Y] T AW ATREME DS B B
720, AEHIZHFEF — LIS U 2k EFORE
ETARENRDHSL. TIT, HNMEEME, O
BEHMWCY—2%280 Y TEHIE2ER 5. BUHE
ek, v —27EYFEOMREEZHRET 5.

2 RoboCup

RoboCup i%, BARY M T#e ATHIEEOHKEL HIW
U Ta Y 27 bTH O, BED) — 7 DEFE
T 5. RI@XTIE, RoboCup ¥y 1—r3Ialb—va
V2D T ERIIEDORGE TS, Yy - Ialb—
vavoD ) =T, av¥a—RRNICHEINE"
PO PR 2 Ay =74 =L R& L, HEOT—
Vv vbheETLAVe LTy h—gE RS, e
AT 3000 Y1 2V DEEE 6000 B ZIVh 5
5. 191427001 ek hTnwad., LA
Yk, TNFhHNLi-—Yz b L TCTus s
LEINTHY, HIRINZEE - BEREER» ST
RETS.

3 Ty MNTLAICEIFEZY—JEILHE
Ty bR, —ET-LERIEOR-A Y
MNENIRETHBETZ LI THE. KX T,
XY I A TERIMF—LDFy I LUTHES LY b
TV DOARRO TS, BHEMAFELTVWEF—LiZBWN
T, ¥y N LA TOWRGEFOAEITEEDEF —
LOEE % E LICFHTRHEZIToTWVWS., TDY,
FFED MM 2 2 U 72854, ARZRDUZ I 2 el
Db, £ T, HFEOEMIZEOEEEZ AT
AT BB H B,

4 REFZE

REFIETE, v~—2#HYE2ARL—va vy X )P —
FIzB T 2EYSMEICERNM TS, F—2RKA
IT—VxVb2p(i=1,2,...,10), FAUL F—r %k
W =YY R 0;(j = 1,2,...,10), RFT—
Vb p T =Yz b0, EY—27§HDITH
LRAA & ¢ £T5H &, A MMTH

€11 €110
C pr— ... clj “ e (1)

€10,1
EROEPYMEAME 22 T A MID~— T Y
GBI KD, aA N UT, BENERR EH
Ezond., BIEERTIX, 4203 AM2E2 5.

€10,10



5 HIERRKR
5.1 EERRE

3, HELIOS2014 & W##HTF 4 57— 24 (KUBOST
(2012), YuShan(2014), Oxsy(2014), Gliders(2014) )
EDMAHFIZTEE L2y b T L A BRI O AL E T
F— LT L2100 MEAR S 5. ZOMEEHRLE v
b &> THMEERZ 1TV, REFIEROVEREZHFHND.

Y — 7 REDE, BURED AITEED SPGE & L8k
WL BREEZE XS, BIRED A SRETIE, 4
HETRUEIYIED I A MY 2Bl O ATHEL,
ZORREONTZE Y 2R TL2EDTH L. L8
RTE, BY 1 Z7VELMEE R EBREDOEY 2E X
EBRIZE O - DEL 2 ERX L. ALY —
IPEDMAGDEE L 1ITRT.

#% 1: Combination of assignment and cost
Assignment || Marking assignment | Cost

1 Current state 1
Current state
Current state
Current state

Majority decision

Majority decision

Majority decision

Majority decision

oo| <3| o] or| | wof N
| ool | = k| ol b

Cost 1 : BIEDIKSALIE & BIAE DL E & D P

Cost 2: R—=NWIZEBHRGD T A —A =V avhiEL
BTE D ELE & D FREE

Cost 3: IRIEDEFAE & R —ILh & Tl U 7= ifi &
& D

Cost4: R—NWIZXBHFDT A —A—a U fiEE
A=V h S TR 7= & & o PRk

7272L, #1244, 8132 U TH D -OBUHFEERTIX
HM R AEMET, FL T XTERAENRE TS,

5.2 ERER

AR U772 100 FEOEBRAT — X%, K1 OHEMF
FEZLIZ20 [MEET 5 2 CTEYSFEOMEE AL
U7z, ZOB, WRHEFOS— 273 50RFUE 138 Y
A INTHHD LT B, HE L MREREIE, TR
FOBEHH, K- VEREHTHS.

v b7 U A BBRE O G ET OALE & R — VAN
SNDEEDOERTFOME & OO 2R G EFOS
HEKGETFOBBEH Y 5. WETOBIIEM
D1y N4 DOVEEK1IZRYT. K1 &0, #
M3, 71X, BEEHEI DN 2N b2 5. 2N,
BOEFOBINMNEZ FHLE LY Z L TWEbY—72
BRI NI E BERTH L EZ SN,

® Assignment 1
W Assignment 2
M Assignment 3
m Assignment 4
M Assignment 5
H Assignment 6

Moving distance (Teammates)

" Assignment 7

KU _BOST  YuShan Gliders Oxsy

1: Moving distance (Teammates)

WHEFRR—LE2E S 1Y M40 OEH[M
BeF—LZ IR LETTTE2F2ITRT.

80

L 70
H
E 60 m Assi 1
E 50 W Assignment 2
=
K H Assignment 3
5 40 m Assignment 4
e
230 B Assignment 5
.5, 20 W Assignment 6
ﬁ = Assignment 7
10
0

YuShan

KU_BOST

Gliders Oxsy

2: The number of ball intercepts

M2 &b, Oxsy AMADF— LTI, #1243, 7DE
EED LN Z Db nd. HY 3, TIHEFOBEHD
BN ENBERTHDEEZOND.

6 BbbYIC

AKX TIE, Y T AI2BWT Y — 27 E)Y Tk
ZEAL, £y b TL A OEEERLSIAMILS
MEREZ L EFAE L. SBOMEE LT, ioax b
DOMFR TV A Y OEE DFBIRENEITFSNS.

N
[1] BILZEA, RoboCup vy h—¥Ialb—vav
2D s A R, FHIT AT L, 2006.

2] 7=/ VK- Ao 73y, aR—)b-74—)b [FE]
BrRaE, Mgk [BR]1 OR ~DfE, U4t
1972.

B
Hr
PN USRI 21

E-mail: sho.tanaka@cs.osakafu-u.ac.jp



MBI —ILERICE TS 1 DORBIERAIZDINT

One problem for association rule generation in data mining
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Abstract: This article considers a problem in association rule generation, which we faced with in the
analysis of the actual table data sets. If we obtain an implication 7 : As[A;, val;] = [Dec,val] with higher
criterion values, the criterion values for another implication 7’ : A;[A4;,val;] = [Dec,val’] (val # val’) will
be lower. Even though this seems trivial, if we are interested in the decision [Dec,val’] we do not obtain
7’ in the standard data mining. In this paper, we consider this problem and describe our current solution.

Key words: Rough sets, Table data analysis, Major rule, Minor rule
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Parallel Extraction of Generalized Dynamic Reducts in Rough Set
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Abstract: In this paper, we discuss a parallelization of extracting generalized dynamic reducts (GDRs)
in rough set. We have proposed a method for extracting GDRs from large-scale data, however, it takes
high computational costs. We implement a parallel extraction method for GDRs and evaluate the method

by experiments.
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Fuzzy Integrals and Fuzzy Reasoning Methods
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Abstract: There are close relation among fuzzy integral models and fuzzy reasoning methods. Fuzzy
switching functions are essentially 3-valued logic and interpolate the 3-valued truth table. To interpolate
a 2-valued truth table, we introduce Choquet integral model instead of Sugeno integral models that are
max-min calculations. Fuzzy reasoning methods are also interpolate calculations among fuzzy rules using

gravity calculations.

The gravity calculations have properties similar to probability calculations.

We

show the Choquet integral type fuzzy reasoning method which use Choquet integral instead of gravity

calculations.

Keywords: Choquet integral, Sugeno integral, Fuzzy Rules, Fuzzy Reasoning, Gravity Calculations
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A Consideration on the Ordinal Sum of BCK-Algebras
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Abstract:

In this research work, the ordinal sum method for totally ordered semigroups is extended to the case of

partially ordered semigroups in order to apply it to a family of bounded BCK-algebras. The authors try to construct the
ordinal sum by reforming BCK-algebras to semigroups via ajointness property and then applying the method. In a
conventional way, the ordinal sum has been constructed by applying the method and then reforming it to a semigroup
via ajointness property. As the main result of this work, it is verified that the above-mentioned two kinds of ordinal sum

are coincided.
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Abstract: A Hopfield network is a good tool for solving combinatorial optimization problems. But it

is well-kmown that as the task size becomes bigger, the performance becomes poorer.

Then, in order

to overcome this problem, a search method to find out an optimal solution through dividing a large-scale
problem into several regions by bottlenecks, such as a railroad crossings, is tried. In this study, the proposed
method is applied to the task with two bottlenecks. As a result of computer simulations, it is found that

the proposed method is effective.
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Vocal Signal Separation by a Layered Neural Network
—Variety of Developed Separation Matrices—

ODOD ooo ooog oo o0 oo
(O Kensuke Kukihara, Hiroshi Wakuya, Hideaki Itoh
oooad
Saga University

Abstract: Independent component analysis (ICA) is a signal separation technique inspired by famous psychological
phenomena called “cocktail party effect”. Its basic idea has been applied to various kinds of tasks by a lot of researchers
so far. In our previous studies, a vocal signal separation task by a layered neural network with structural pruning was
tried, but all trials to extract only source signals was not completed successfully. Because relationship between the
separation matrix and the mixing matrix have not been examined yet, some computer simulations focused on three
points are also tried in this study. As a result, a signal separation is completed succesfully, and correspondence between
the separation matrix and the mixing matrix is confirmed analytically.
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Decision support system for interpreting the DEA's results
using visualization technology
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Hiroshima Institute of Technology

Abstract: Data Envelopment Analysis (DEA) is a well-known technique for relatively evaluating the
performance of Decision Making Units (DMUs). This study proposed the decision support system for
interpreting the DEA's results using visualization technology. Through the case it's possible to illustrate
the DEA's results with a few input/output data, this study picked out following important matters: (1)
efficiency value, (2) diversity index, (3) index about the DMU which competes, and (4) the score of the
feature the DMU has. Proposed method has consisted to express these indexes using a bubble chart.
Numerical study has shown how the proposed method works.
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Analysis of Lifestyle-related Disease using Fuzzy Regression Model

N B2
Yoshiyuki Yabuuchi
RTINS
Shimonoseki City University

Abstract: In 2012, 15.13% of the total fiscal medical care expenditure was for lifestyle-related health care
costs, which was approximately 179 billion yen. Lifestyle-related diseases are not only the biggest factor
in reducing healthy life expectancy but also have the most significant impact on the national medical
care expenditure. In addition, lifestyle-related diseases can be prevented by moderate daily exercise, a

well-balanced diet, and not smoking.

Our fuzzy robust regression model is used to analyze factors concerned with life-style disease.
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Strategic Analysis based on Fuzzy Theory
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Abstract:

The strategy of business management, which is an external and internal environment

analysis performed under the corporate philosophy, vision and then we make a comparison for
evaluation of the present management strategy. Then, a new management strategy is developed, and to
perform its management strategy. In order to manage the strategy making process, an external and
internal environment analysis will be called the strategic analysis. In this paper, we apply the fuzzy
theory to the strategic analysis, and discuss the possibility of more effective of management strategy.
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Analysis of Collecting Regional Information for Tourism retrieved from the SNS
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Abstract:

Recently, people are collecting regional information from the Internet. Also, visitors are

information dissemination using the SNS and blog the experience. It has become possible to disseminate
information easily by the development of information technology. Describing personal experiences "word
of mouth" information has become important. In this study, to collect local information from the big data
that exists on the Internet. We focused on Twitter that can transmit information easily breaking
property is high. Our objective is to acquire knowledge regional information by analyzing the Tweed.

1. [FL&HIC

LA, MU E S S 5\ IBDE - ATRIE R A IS
HEREEE LT EADN Web _X—U M HINET HHN
ML 725 TETND,

o, BOLHIAZ S NI Y T OISR - A%
blog K> SNS 72 &% filfio THWHEE LT 5, H#
HORBIZED . T E TITHAEHICHE# AR
BT 52 ENRBIZR > TE Y, HADORRZ Lk
L7z TH= X)) HRBAFAE - KBRED [HEow)
ELTEMASND LT T2, 2D, BH
1 - MR B 21T 9 7291213 Web L TOREHIELE -
THHRNENRAIRTH D,

AKIFZETIE, Web FICHEET AR T — 2D,
BOCHEEC U IR BL 72 & CIE AT 572012 [ FEY
(B MR 70 & O MBI R A IS L, 2 HUlsl O %F
WEMET2FEZEMNE LTS, Fhorld, Hricl
WD E <, FRICHBIEE 2N THe72 Twitter (255
H L7z, Twitter 7> 5788 SNV A G WA INEE - £ -
ST HZ LT, A AR AL LA AME L
T3,

2. TXRAMRAZ=2YT

A2 =%y b FITRFESNLTND T —FZ DKES
FETHFANT—=FTHY, ZNOLDOT—F %508
LEo R, 7FAM~A =0 7 LTINS T
EERWDLZ L2 d, TXA M A =0T E0F,
/NG - TR - Web =V EOXEE MR LETHT
— BN CH D, THEA A= T EAND
HIZ, KREICTFETDLTXARNT =X OHND,

FFEDT —~ZMHT 252 &0, XEOHEEITD
ZEOITHY | BRx R T TN D, TF A
N =X ORENRD R TFIUE, 2B a—X &2 fH
EFICHTEITO L bR TH LN, 4 F—%
v N EICREENTWD L) BRRET — X 00T
LA, RERAIRZERTHDL VA D, EEE
WZkE &2 22T — M T TR, A V¥ —F
; EIZH1F D blog 1A s34 L, BIReME - B IMEA
EWESR A 38159 5H 72 blogger # AT 5729
D2l £ v H—F v N BT — R L E R
ST D Web ¥4 MR F—T — Fafhiti LT,
BRALZAT O BBl 72 EAM T TV %,

3. g - BAIFHRDINE

IHNET, HIRIEERSCBOEHRICT 782452
CIIRG T e o2, EFEFA ¥ —F v b
—EAMNFEEL, blog X° SNS 72 ST O =
WMPEZAEND LR oT. 2O, Kif%k
TiE Web 706 #illk - BUETEHROIEZ BIgL L,
Twitter ZFWIRIZT 5. blog ITHFED X 5 e
Lo TN HT-DIFREITEE THHN, 4T 5
Web ~X— % RLoF 7, Web 1 = 7 D7z
OOMBERFH R E A BET H T —FRAOKISR L
T D OITBEN TRV, Twitter [ X 140 X7
LURND A > t—2TC, A4 NNORBIZHIRILH 5
H DD blog & A_NIET — X IVEITNEHTH 5.
IO, ARHFTETIE Twitter O FE X AL G M
- BOCHERAINET D22 L1127 5.
SHIZIZRD 2 >DF — 2 st & L.



1) B¥I7—% 2018347 H 9 H~2014 4 4 A
15 H (56461, VYA —h EET)
2) BT —#:2014%3 A5 H 14K~3 A 6 H
14 R§(1,478 14, V> A — hE&ip)

EMT =280 87477 A0OMAEEDEIX
129,870 Th o7z, ZHIZIE Ny 2 ¥ T, BT
REMBHEENTEY, ZHEIYERWIZEED
AT 3 LLEICRIULE 3,320 Le o7,
Fv N =7 KiFH — b 7 — K, SLEORTE% SR
ZIm, HEREROKSTERRATSH. £/7, Fv
NT— 2138 — LA DOBEATHIN OAERT 25, 2D
BEEEATHIII0, 1N K 0 A Y ZoRdm. X 113k
50 LI LOMATEDOHRHNIZ T T 7 ThD.

BT —2ICB T D NT7A4 77 AOMBEDEIX
17,150 ThoTo. Ny v a ¥ 7, TR EZRY
BRI DR A EEITIEE 3 BL RICRALIT 462 T
bbH. T, L% 20 U EOMHAGDEDOR
EERLEZ T 72K 27T, FIA 7 TL00
Ao ERIZA XU N, NT 77, ABKET
bo. BT —4TCbARRBIEHST=R, T 7
TRANY MIRE T BT

-
136
137
L ]
36 ¥
-~ R
¢ gt
it Rttt .;; B
f*Sm-sg 136
™ WL HE T
e g s P 1 2
o 6 5" 6 gy
.A,:Lm LA L ZRABF
28 §
e m{g:&' 136
s ME .
e 4 o : )2
* £ o

=3~z 6l1
d’ PR

M1 Xy h—2R (REIT—%)

M2 xyb—2K (BHT7—%)

4. fEH
AWFFETIZ, A v ¥ —3 v b EpD ORI - Bk
BHRNEL, IEE LT — 2Tk L TOir 2470,
TOHERMERF Lz, 4% —3 vy b EICFET
DR IT — 2 O n, HllCBEICET 27 —
B A L, BUEHEE - HIBRBLC IO E 9 h
DIRF AT 572,
SRR, B#IT—42 (2013 4 7 H~2014 4 7 H)
CHEHT—% (20143 H 5 H) @ 2 FEHIZOW
THTo T BT —ZIZHOWTIE, AKX - s
fif - FERKE L Vo T E OB WEE OB H O
ZLEEN TV, BT — X2 oW TiL, £k
HWOA N MERLBOCE® - 7 71T 28350
£ < oz,

S & XAk
[1]Manabu Nii, Shota Miyake, Kazunobu
Takahama, Atsuko Uchinuno, Reiko

Sakashita, "Consideration about Utilizing Text
Architecture for Making Feature Vectors in
Classifying Nursing-Care Texts”, IEEE
International Conference on Systems, Man, and
Cybernetics, pp.1817-1821, 2013

2] R fEA M— R BE HET o,
fErE s, TEZE 7 blogger ¥ /.2 AL L7- blog
ALy FRMTFIE] . AEE & . Vol.19, No.2,
pp.156-166, 2007 4F

(814 Wt 75 #5K, A b - F—=TU—F7
7 7% iz Web = —H o Bk o flit & BLFEAL | Jn
BE & 4. Vol.18, No.5, pp.701-710, 2006 4

BRI
TRITNIR I E R R
WAL

E-mail:matsumoto@shimonoseki-cu.ac.jp



#HERY FT—I00MICKD (T EXOATHEERICET 52 —FFH

Visualization of Core Rigidities of ICT Companies by Social Network Analysis
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Abstract: Japanese ICT companies still have been struggling with poor performance in
spite of various management reforms since collapse of the bubble economy in the early 1990s.
Therefore, we recognize the necessity to understand issues of their technology innovation
strategies. Specifically, this paper discloses and analyzes patent strategies and core rigidity
of human resources of Japanese large ICT companies in smart phone market.
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Research on the Desirable Degree of Self-Participation to the Determination of Medical Services

for Ordinary People

Hiroki Okuda

Kinjo University

Abstract: The purpose of this research is to examine the desirable degree of self-participation for
ordinary people in determining the contents and the methods of medical services from medical
service workers. The research participants are 100 ordinary Japanese people. 50 of the participants
are university students and 50 are elderly people. 39 evaluation items are divided into three groups
consisting of the same number of items according to the participation level of patients in the
determination of the contents and the methods of medical services. The three groups are called low,
medium, and high degree self-participation item groups. The participants were asked to assume
three cases of mild, moderate and serious illnesses or injuries. In all of the three cases, the
participants were asked to evaluate the degree of desirability of each item on the 7-point scale. The
mean scores of the medium degree self-participation item group were higher than those of the other
two item groups in all of the three cases. In the serious case, the medium degree self-participation
item group showed the highest mean score. These results suggest that there are many people who
think it desirable to carry out a medium degree of self-participation as patients in selecting and
determining the contents and the methods of the medical services.
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