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Al Drone for Collection Data at a Disaster Scene

* K. Wakiyama, S. Tokitsu, Y. Okazaki and K. Nakayama (Saga University)

Abstract—

The frequent natural disasters in recent years indicate a need for strategies that will allow rapid

information gathering and analysis of victims at the disaster site. Therefore, in this paper, we constructed an
autonomous flight Al drone system that gathers and analyzes the victims by using image processing.
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Fig. 1: Flight plan.
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Path Planning Using Generative Adversarial Networks

3. Ishibashi , K. Izumi and T. Tsujimura (Saga University)

Abstract— In this paper, we propose an obstacle avoidance route of mobile robot using Generative Ad-
versarial Networks. Generative adversarial networks consists of two networks, a generation network and a
discrimination network. The generator learns to generate data that tricks discriminators.Discriminator learns
to correctly discriminate real data and data generated by generator.Learn two network models and output
the desired path by inputting [obstacle map, start point, end point] to the generation network. In addition,
we use the route generated by the RRT * algorithm as learning data. By using the RRT * algorithm, it is
easy to secure a large amount of learning data in deep learning. We evaluate and examine whether the route

generated by the proposed method is the correct route.

Key Words: Generative Adversarial Networks, Path Planning
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Table 2: Parameters of GenerativeAdversalNetwork

Detail
Item Detail
Map dimension 100 x 100 x 1
Path dimension 200 x 2
Start and goal point dimensions 1 x 4
Z noise dimension 100
Batch Size 200
Epoch 6000
Optimization function RMSProp?®
Learning rate 0.00002
Initial bias None
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Toward a Natural Nodding of an Interactive Robot

*H. Yanagi, C. Oshima and K. Nakayama (Saga University)

Abstract—

Generally, interactive robots have a time lag before the next utterance, because the robots need a

little time to understand what a person who is a conversation partner talked. Since the person tries to take back
the turn, he/she is apt to restart his/her utterance despite of overlapping with the robot's next utterance. There-
fore, we think that the robots should nod in response before the utterance of the person ends. In this paper, we
investigated which method is appropriate to make a learning model that estimates a timing of nod using infor-
mation of volume and pitches in the utterance of the person. The result showed that Random Forest Classifier

was an appropriate learning model method.
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scikit-learn % VT, K Neighbors Classifier, Random
Forest Classifier ® 2 FEH OIS 217V, HTESE
BENOAREE T O X A X 2 T ROV HIN T E B D)y
AL, o, EEOEEVLDMEEEZITOX A I
THRHIRTCTX 255, EHLONEGIENIVELT
WD EHINTT 5. I 2 MBI EMAER, A,
HH, FAEA AV %. Random Forest Classifier |28 L
TIE, HEICE AT A—Z IR LTI Y v K —F
Eiio CRIHEN, &b RWIEMSE, #EAeE, Bl
OFHEEHCVD. BEERLE, fIXIX7T7A207EE
FEEFANHELEZLODH S, FEREICZ FA0T
HolebDOOEIGZ T, BBEREIE, FERIZZ T
0 THEHBT—HOHFT, ENETOT—XBIELL 7
TR0 EHES N ERT. £, EREHT
FiEE LT, kK BIRZERGEEZ AT D, k OfEIET
NT10 Tiro7. BELE, BWoE, FEIT —4 %%
HHRTF—2 7 A MT—ZIZ 01 I2pHIL, HL
7.
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4.2 K Neighbors Classifier T8 7 V& 1ERk

9 NDO#ERFE T — 4 % F\ T K Neighbors Classifier
THEM B 21T > 7=, Weights |2 13 distance Z 7% & L,
n_neighbors 1% 5 [Z5%7E L7z, 10 [l DA ZERRFEZ T - 7=
FER OB G, FHLER, FE, EfRAHERE RN Table
LITRT. EfERTE, RESELSEZBHY, 20
ZEIIRKT037 ThD. EMRIZT HIUE, #se
S3 DOFEEE A HEH THFELT % 1213 K Neighbors Classifier
TEDRE DT AL, #ERE S3 DT ~UL 0 D
BREE DL E, 019 L ETHELS 2o TS, Fiz,
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Table 1: The result of the learning models

(K Neighbors Classifier).
K Meighbors Classifier
precision| recall | F-scors | accuracy
51 0| 0359 (.33 0.57 0.60
1 | 074 077 0.76
% 0| 037 I}ﬁ« 0.47 0.60
1| 082 0.37 0.67
53 0| 0.80 019 0.31 0.07
1| 0493 1.00 099
o4 0| 0483 (.63 0.77 0.94
I (.98 0.87
’ 5 7
g5 0| 026 0.51 0.34 0.66
1| 087 060 0.77
A, 2
5 0| 0458 024 D'.J% 0.01
1| 051 1.00 0.93
- -
57 0 I}.l? 0.54 I}._._ 073
1| 0583 077 (.83
5 0| 0383 043 (.43 0.90
1| 0%0 059 (.04
5o 0| 047 031 0.46 0.07
1| 094 1.00 0.93
4.3  Random Forest Classifier TE7 /L& 1ERR

9 NDO#ERF#E 05— # % i T Random Forest Classifier
THE 21T o7, 7V R —F &7 o737 2
—Z % n_estimators , max_features , max_depth @ 3
D ToHBH. n_estimators |% 5, 10, 20, 30, 50, 100,
300 #3%E L, max_features (% 3, 5, 10, 15, 20, max_depth
Tix3, 5 10, 15, 20, 25, 30, 40, 50, 100 %% iE
LTATo7z. 10 [RIDAGERGEZTT - 7ol RO & 5
HHR, FEEZIERENNZ Table2 (29, £/, 7V
v R —F% L7=dD 3 2D/37 A —H n_estimators ,
max_features , max_depth % OHZERHE B D#E R % Table
3ITARY. IEfFRICBIL T, R S9 PR T
BeBR Y 90% & 2 CTE Y, IEMEETRAE K
Neighbors Classifier HIEDEWFEET L THD LW
2 5. BHE, WEE, FEICONT, #ERE 307
~UL 0 BT BN 052 LR E L, pRE
S9 DT~V 0 DA R, FHEERPMbGIRW 2 & 2R
FiE, BRBOREWEEAH TS EWVWE D,

Table 2: The result of the learning models



(Random Forest Classifier)

Random Forazt Clazzifier
precision| recall | F-score | accuracy
g1 1] 0.93 0.93 0.0 0.97
| 0.94 0.97 .96
m
g2 1] 0.96 0.88 0.92 0.96
1 0.96 0.9% 0.97
- S
83 1] 0.80 0.52 0.63 0.3
1 084 1.00 094
54 1] 0.96 0.97 .96 0.97
| 0.97 0.97 0.97
g5 ] 0.83 0.87 0.86 0.05
1 0.97 0.97 0.97
%6 0| 0.38 0.30 (.84 0.7
| 0.98 0.9% 0.93
7 )
g7 1] 0.80 0.76 .82 0.97
1 0.98 099 0.93
%g 1] 0.79 0.7% 0.7% 0.04
1 | 097 0.97 0.97
o] B ;
50 1] 0.20 0.02 0.04 0.81
| 0.83 0.98 (.90
Table 3:Parameter of the learning models
(Random Forest Classifier)
Random Forest Classifier
n_estimators max_features | max_depth
S1 300 20 15
S2 300 20 20
S3 300 20 15
S4 300 20 40
S5 300 20 15
S6 300 20 15
S7 100 15 15
S8 300 20 20
S9 300 5 20
44 EE
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Real-time Recognition of Specified Objects in Multiple Objects by
Projection-based Visual Servoing Method

fi3

«Y. Kou H. Tian X. Li Y. Toda T. Matsuno and M. Minami (Okayama University)

Abstract— The visual seroving has been introduced as an approach to expand the application of the
robot and make the robot to work automatically. Mainly, the visual servoing approach aims to control
the motion of the robot (dynamic system) through vision information that obtained from the stereo vision
system. Therefore, the process of processing the vision information should be as quick as possible in real-
time estimation, especially in an unknown environment, the recognition process needs to be quick enough to
adapt to the changing background and multiple unknown target object. Although many studies have been
conducted, the researchers are still facing the problems to realize the recognition of arbitrary objects and
switch target object in real-time. In this paper, we propose an approach named “projection-based” method
to solve the problem. Among various advantages, the projection-based method does not need preset models
of target objects and taking advantage of the way to establish the model in real-time, the projection-based
method can avoid the correspondence, these features ensured high robustness towards the environment. In
this paper, the experiments towards the specified target object amid multiple objects can demonstrate the

efficiency of the projection-based method.

Key Words: Visual servoing, Projection-based method, 3D pose real-time estimation, Multi objects

1 Introduction

Visual servoing has been introduced as an approach
to expand the application of robots to realize the au-
tomatic works. The aim of visual servoing approach
is to control the motion of robot (dynamic system)
through vision information that obtained from the vi-
sion system. To the visual servoing systems, they can
be generally classified by the number of cameras, cam-
eras’ position with respect to the robot, and the plan
to minimize the error to control the robot. Until now,
the classics approach to achieve visual servoing can
be classified by their control law [1] into: 1) position-
based visual servoing, 2) image-based visual servo-
ing [2], 3) 2.5D visual servoing [3].

To the way to realize the visual servoing, there have
been many studies proposed and submitted due to
its importance. However, the main problem of vi-
sual control law is still remained: the definition of
the target object or the establishment of a model of
a target. Normally, the classic approach of visual ser-
voing methods define the model in advance, this way
can simplify the difficulty of recognition process and
reduce the burden on the system, but it increased
the hardness of the detection of objects that not in-
cluded in the database of models, for more serious
cases, the visual servoing may fail in sudden. Mean-
while, the correspondence problem [4], [5] is seen as
a big problem may lead the servoing to failure. Due
to the established model contained the size, features,
shape information of target object, and the main way
to realize the detection is to compare the features of
model and image of the target object shown in cam-
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era, this problem will occur when the known features
are missed, such as the target object changed its pose,
as well as the vision field of the camera, is changed.

To this facts, the projection-based method is pro-
posed to overcome the drawbacks. Comparing with
other approaches, the projected-based method mainly
has the following advantages: firstly, the prior-
knowledge is inessential, the model can be changed
in real time to achieve the recognition of the arbi-
trary object. Also, in the projection-based method,
the model is established as the point cloud, each point
in the model carried the color information of target
object, no matter how the target changes its pose, the
color won’t change, this form of the model can avoid
the correspondence problem to some content.

Based on the projection-based method, the robots
can perform automatic work in extreme environments
such as deep sea and disaster relief site due to its
feature.

2 Methodology
2.1 Projection-based Method

The main drawback of the visual servoing methods
talked above is that the solution of the corresponding
points problem. Furthermore, one or multiple preset
models are needed to compute the pose of a target,
which may lead to a low flexibility to the whole system
though it can achieve a high accuracy of recognition.
The human can distinguish the distance of objects in
3D space through parallax, that is an advantage of
the stereo vision, by this kind of feature, the human
has the sense of distance with the aid of stereopsis.

PG0011/18/0000-0016 © 2018 SICE



Aroused by the fact introduced above, we proposed a
method that uses image information obtained directly
from the camera, to satisfied the solution of the above
problems. The details of the projection-based method
will be introduced below.

2.2 The advantages
method

of projection-based

Talked about the visual servoing, the main ap-
plication towards the robot is to control the robot
to achieve several operations automatically. How-
ever, when the recognition was operated in a chang-
ing environment or the target object is unknown, it
is hard to determine different objects with a single
given model. To this situation, the method that could
estimate the arbitrary object is considered impor-
tant. For the methods described above, the search-
ing model was made in advance, to switch model in
real time is a difficult task, to realize this function,
the projection-based method is aimed to create the
changeable searching model to satisfy the different
target object in real time. Meanwhile, due to the
model was consisted by points cloud, the correspon-
dence problem can be solved to some content, for this
fact, the projection-based visual servoing system can
be seen as having a high robustness.

2.3 Configuration of the System

In this system, to control the robot with an es-
timated result, a dual-eye cameras configuration is
used. Two cameras were set in the end-effector of
the manipulator, formed the hand-in-eye configura-
tion. Meanwhile, to support the real-time on-line vi-
sual servoing, the speed of recognition is strictly de-
manded. Here, we choose the real-time multi-step ga
as the best solution, to a raw image, the rt-ms ga could
evolve generations during 33[ms|. To this fact, we use
2 PCs to operate the recognition process individually
to ensure the computing speed. The process of pro-
cessing the image information will be introduced in
the next subsection. Meanwhile, to control the target
object’s moving, a robot to hold the target object is
also set individually.

2.4 Generation of Desired-Trajectory

Fig. 1 shows the relationship between the hand and
the object. Xy is the world coordinate system, and
Yy is the coordinate system fixed on the object. Fur-
thermore, the coordinate system of the actual hand
and its target coordinate system are represented by
Y, Y¥g4. The relative position/orientation relation-
ship between the target state of the hand and the
object is represented by the homogeneous transfor-
mation matrix ©9T),;. And the relationship between
the actual hand and the object is represented by FT,.
At this time, the difference between X and X gy is
expressed as PTgy. And PTgy can be described as
follows.
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Fig. 1: Motion of the end-effector and object

ETpqa(t)

= FTy(t)PTy (1) (1)
(1) includes an arbitrary motion ZT(t) of the ob-
ject represented by Y g and the relative time-varying
visual servo target trajectory F¢Ty,(t) represented by
the arbitrary target position/orientation of the robot
hand Y gq4. ETM(t) is measured by online model
based recognition method combined with a recogni-
tion method [6] that uses the velocity /angular veloc-
ity information of the hand as feedforward informa-
tion and a moving image recognition method RT-MS
GA [7], to recognize moving image sequence input at
video rate. When the estimated object is represented
by Y7, it is general that an error M Ty; exists be-
tween the actual object ¥j; and the detected object
Y.57- Here, we reconstruct the position /orientation er-
ror “Tg4(t) of the hand represented by (1) based on
the object Y57 estimated as follows.

ETpa(t) ETM\(t)M\TEd(t) (2)

When (2) is differentiated with respect to time, the
following equation is obtained.

Efpa(t) = P ()M Tpa(t) + T ()M Tra(t). (3)

Here, MTgy, M Ty is given in advance as the target
trajectory of the visual serving, and ETﬂ,ETﬁ is ob-
served by multi-step GA. ¥Tg,4(t) and ETEd(t) are
the position/orientation error between Y and Ygq
and its time differentiation, which is necessary when
constructing the controller. As shown in Fig. 1, there
are two errors that should be 0 in the visual servo pro-
cess. One is the recognition error between the actual
object and the detected object M T3, and the other
is the error of the motion control given by the target
state of the hand and the actual hand £Tg,.

2.5 Projection and Inverse Projection

As same as the humans’ eyes, the configuration
of dual-eye cameras can focus the sight on one tar-
get. For this reason, the parallax error could give the
stereoscopic effect, which enables human to detect the
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Fig. 2: The process of projection-based method

distance roughly. On the basis of this feature, the
main goal of the projection-based method is to eval-
uate the recognition result by parallax error from the
left and right image.

Shown in Fig.2, firstly, 1) two cameras were set on
the top of support table and formed a dual-eye cam-
eras configuration, the support table is a metal slab
to ensure the two cameras be held in the same horizon
line, 2)then the target object’s images are projected
into the left and right cameras’ lens naturally. 3) For
no preset model, the model to detect the pose is only
created by the center part of the left image, after the
model is established, we inverse project the model into
3D search space by assuming the pose ¢ of the target
object with RT-MS GA. Here, the assumed pose in-
cluded the position and orientation ¢ = [x,y, z, €1, €2].
The 3D search space is a part of the real world that
in front of the camera, we defined the 3D search space
as a limited space where we only inverse project the
model into the inside of the 3D search space. 4) Af-
ter the inverse projection is completed, we project the
model into the right camera’s lens again. Though the
pose of the right camera has already known, the image
information of a natural projected image of the tar-
get object in right camera and the projected image
of the model in right camera should all be obtained.
By analyzing the similarity between the re-projected
result and natural image, we can evaluate the recog-
nition result of this time. In the fig.4, the f1,(¢) and
fr(¢) mean the natural projection of target object,
the position of natural image of the target object can
be given as:

fr(¢) =P -“TTu(¢) - Mr (4)
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fr(¢) =P “tTy(g) - Mr ()

In the Eq.4,5, the “¢” means the true pose of target
object in the 3D searching space. Meanwhile, the P
is the projection transformation matrix.

Then, after recording the distribution of hue value
of the model, the RT-MS ga begins to search the
model’s position in the left camera image, at that
time, the model is a 2D plane image only has the
information about z,y axis in the coordinate of left
camera’s image Y. After the RT-MS ga confirmed
the position of model X7, shown as Fig.9 and 10, the
fr ! means the inverse-projection.

We all know that the projection is a transformation
from 3D into 2D, therefore the inverse-projection is
a transformation of 2D to 3D. In fig.9, the inverse-
projection F L can be given as:

fol(¢i) =M Tep - PH-Thr (6)
In eq.6, the P* is the inverse projection transforma-
tion matrix, and the ¢; means the assumed target
object’s pose by RT-MS ga, and it can be expanded
as ¢; = [ri, i, 2i,€14,€2i), as introduced above, we
can see if the ¢; is completely equal to ¢, the RT-MS
ga assumed value can be seen correctly. For evalu-
ating the inverse-projection result, we re-project the
inverse projected model into right camera image, by
evaluating the overlap degree of re-projected result
fr(¢;) and the natural image fr(¢), we can evaluate
the recognition result. Here, the re-projection equa-
tion of the situation in fig.9 can be given as:

fr(¢i) = P - Ty () Mr (7)
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Fig. 3: The coordinate relationship between the cameras, hand, and target object

Here, in eq.7, the ¢; is the pose assumed by RT-MS
ga of the target object, and the M7 is the position of
arbitrary points of a model in model coordinate ;.
The result can be expected is shown in Fig.4. Here,
fL_1 is the process of inverse projection. In Fig.4(a)
and Fig.4(b), the pose that rt-ms ga is different. In
Fig.4(a), the pose is given as ¢; = [x;, yi, 2, €1,, €2, ],
due to there is a error between the inverse projected
result and true pose of the target object, the recog-
nition result reflected in the fitness is lower than the
Fig.4(b) because in Fig.4(b), the inverse projected re-
sult is completely overlapped with the true pose of
target object. To Fig.4(c), if the ¢ gives the highest
peak in F'(¢) distribution (fitness value distribution),
a problem to find the 3D pose of 3D target projected
in left and right camera could be converted into op-
timization problem, find ¢ to maximize F(¢) in pa-
rameter space of ¢ = [z,7, z,e1, ] in 3D space.

2.6 Evaluation Method

After the model created in the left image and the
searching model re-projected into the right image, we
use the fitness function to evaluate the recognition
result. The fitness function is constructed to calcu-
late how much degree that the projected model de-
fined by its pose ¢ matches with the captured image.
Mainly, the fitness function can be given by the fol-
lowing equation:

Fr(9)

Z (") +

TRy, €SR in(P)

>

TR, €SR,out(P)

ages, the fitness value that calculated by fitness func-
tion is designed to have a maximum value. Therefore,
the fitness value distribution for all models will be
shaped with a peak that represented the real pose of
the target object. The concept of the fitness function
in this method can be said as an extension of the work
in [10] in which different models including a rectan-
gular shape surface-strips model were evaluated using
images from a single camera.

Since evaluation functions for left and right cameras
are the same and total ftness function is average of
them, let us explain the contents of Eq.(8) here only
in the case of left camera. The evaluation of every
points in the input image that lie inside the surface
model frame and outside area of the model frame are
represented as Lr; € S i, (¢p) and Lr; € S oui(P)
respectively. prin(PX7;) and pr ouw(17;) are calcu-
lated by following equation:

2,if (|Ha ("Fri) — H("Fry)| < 20)
—1,if([Ha ("Fri) — Hi("rs)] > 20)
9)

Py (try) = {
[ 0L if([Ha () — Hy ()] < 20)
- { 2, i ([ ("Fr) — Hy(Fry)]| > 20)
(10)
where S7, i, is the space of coordinates on the surface
area of the model, S7, o is the space of coordinates
on the outside area of the model, Hy(*Fr;) is the
hue value of the 2D model at the point ¢ — th in the
Sr.in and the Hy('Er;) is the hue value of the cap-
tured image at the ¢ — th point. This kind of fitness

PL,out(ILTi)

/(2 X NR,in +0.1 X Nrout) (8Function has a high robustness towards illumination

If the projected 2D model completely coincides with
the captured target object in the left and right im-

19

variation. Egs.(9) and (10) are designed to provide a
peak in fitness value distribution by reducing noises.
The evaluation values are tuned experimentally.
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Fig. 4: The recognition result based on different pro-
jected model. (a) there is a error between the inverse
projected result and the true position of target. (b)
the inverse projected result is completely overlapped
with the target object. (c) the detection reflected in
the fitness value

Here, detailed explanation on Egs.(9) and (10) is
presented.

In Eq.(9), if the hue value of each point of captured
images, which lies inside the surface model frame
SL,in, is similar to the hue value of each point in a
model, i.e., the difference be less than 20, the fitness
value will increase with the voting value of “+2.” The
fitness value will decrease with the value of “—1” for
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Fig. 5: Gene information

every point of target in the left camera image that is
similar to the value of the background. Similarly, in
Eq.(10), if the hue value of each point in the left cam-
era image, which is in S, ou¢, is the same to the hue
value of background with the tolerance of 30, the fit-
ness value will increase with the value of “0.1.” Other-
wise, the fitness value will be decreased with the value
of “—2.” The detailed explanation of fitness function
is discussed in [9] and [10].

2.7 Genetic Algorithm(RT-MS GA)

By using a fitness function, the problem that
searching for the pose ¢ of an object can be trans-
posed to the problem that searches for the maximum
of a fitness function F'(¢). In this research, we use GA
to get the maximum fitness value in the consecutive
input dynamic image sequences by video rate. The
gene information showing the position/orientation on
the individual in this research is shown in Fig.5. The
position/orientation of the individual gene shows the
pose of the solid model in the model-based matching
method. Top 24 bits with every 10 bits of this gene
express the position coordinate of a solid model, and
remainder 24 bits with every 14 bits expresses the ori-
entation of the solid model, where the orientation is
defined by the quaternion. Less bit number assigned
for position and orientation of genes, requires the less
evolving time of RM-GA, enabling the repeating time
in one video input period, 33[ms| increase. However
the rough in bit member assigned of pose induces in-
correct estimation. Therefore the bit assigned length
and the performance of RM-GA conflict each other.
The length of a gene has been determined empirically.

Next, each individual gene gets a fitness value from
the fitness function F'(¢) using its assumed pose infor-
mation ¢. Evolution processing is performed based on
the superiority or inferiority of this value, and a set of
possible solutions of pose ¢ for the next generation is
modified through GA’s process. At this time, the pose
whose fitness value was high in the former generation,
that is, it approaches toward the maximum neighbor-
hood of the fitness function that represents the target
object. By repeating this process (change of genera-
tion), GA discovers the maximum value showing the
true pose of the target object. However, normal GA
needs to wait for convergence for a definite period
of time. When a fitness function shows a value high
enough and estimation of object is judged to be com-
pleted that means matching with the solid model into
the target has been done, the GA is thought that it
has found the best result to present the pose. Since
usually, a time has passed before the GA’s conver-



Evaluation

Initialization /
(Random creation of population of pop (Caleulate fitness value of each
sizes individuals) individual)
—_— i
Sort

(Sort individual based on their fitness
value)

Obsolete

(Obsolete based on their fitness value)|

Output !

(The best individual)

Recombination

1

‘ Crossover and Mutation

L

Fig. 6: Real-time multi-step GA
: .3 2 e x 2 e

(2). Octopoda
Thickness : 38[mm]

(1). Clownfish
Thickness: 35[mm]

(3). Coelacanth
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Fig. 7. The 3 different target objects in the experi-
ment

gence, there is a possibility that the surrounding sit-
uation may be changed a lot, that means the target
object may have turned into a very different pose.
Therefore we use RM-GA (Fig. 6). RM-GA is on-line
estimation method [8]. Its evolving speed to optimize
the fitness function should be faster than the target
object’s moving speed, then we can obtain the best
gene at each time point of video rate. And by using
the best gene, the recognition of the target’s position
and orientation can be realized online.

Utilizing RM-GA with reasonable performance in
one loop and increasing accuracy with repeatable abil-
ity within real-time video rate is our approach strat-
egy comparing to others that may provide powerful
accuracy but also with the computational burden and
time-consuming [11].

3 Experiment

To the feature that the projection can detect differ-
ent target objects without the preset model, in this
experiment, we prepared 3 different sea creatures to
conduct an experiment to examine the recognition ac-
curacy. The 3 different target objects are shown in
Fig.7. All of these models are the plastic model of
sea creatures, for this reason, the size may have a big
error to the real one.

3.1 Experiment Environment

Figure 8 shows the experimental layout and the
coordinate systems of the system, i.e., the hand co-
ordinate system X, and the target coordinate sys-
tem X,s, that are used in the experiments, respec-
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tively. The target coordinate system Xj; is set at
(x = O[mm],y = 0[mm], z = 550[mm]) with respect
to the hand coordinate system (Xz). Figure 7 shows
the 3 different target objects (No.1-No.3), each has
different colors, sizes, shapes, and thickness, used in
this experiment.

Fig. 8: The coordinate of target and end-effector of
robot

For this 3 target objects, the clownfish was set
at (x = O[mm],y = 0[mm],z = 550[mm]) repre-
sented to the hand of manipulator coordinate .
The octopoda was set at (z —14[mm],y =
8[mm],z = 550[mm]) and the coelacanth was set
at (z = 13.5[mm],y = 8mm],z = 550[mm]) rep-
resented to the X g. The experiment duration is 60
seconds, during the duration, the target to detect was
changed twice, the sequence of target objects to rec-
ognized is set as “clownfish—octopoda—coelacanth”.

3.2 Experiment Result

The result of the whole duration of the experiment
is shown in Fig.9. In Fig.9, the detection results of
3 objects in z,y, z axis are shown as blue, red and
black lines. The dot-dashed line means the moment
that the target to recognized was switched into a new
one.

The Fig.10,11,12 shown the detection accuracy of
3 different objects, in these figures, the dot lines
mean the desired result of detection, which also means
the real position of target objects represented to the
Sigmag, same as Fig.9, the detection results of z, y, z
are also be represented as blue, red and black lines.

Due to the feature of the projection-based method,
it is expected that the error of understanding will fluc-
tuate depending on the target object. To the clown-
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Fig. 9: The detection result of 3 targets during exper-
iment

fish, target 1, the detection result is shown in Fig.9,
according to the result, the detection error in x,y, z
axis can be less than 50[mm], and when the target
object is switched, the recognition of new objects can
also be converged within half a second. When the
target object is switched as octopoda, the detection
error in y axis became larger, though the detection
error in the other two axes is still small. To the last
target, the coelacanth, the detection error in x,y axis
are both became larger, the error in the x axis is up
to 100[mm].

4 Conclusion

The projection-based method was proposed to
adapt the detection towards arbitrary objects in un-
known environments without pre-set models and aims
to realize the automatically work. From the experi-
ment, we can figure out the recognition accuracy of
different objects, and the time consumed to switch
the target have been proved short enough to adapt
the real-time target change.
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Displaying Images Regarding Words from a Conversation Using an

Autosuggest Functions
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Abstract— | >
generate new idea. Especially, peop

It is reported that disPlaying images may be more effective than only language to
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per, we presented a system called SWISS (Search Websites” Images using Search Suggestions) that
searches images for brainstorming activities. SWISS searches Webpages using participants’ utter-
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an experiment that
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function. The result showed that a participant could come up with a new idea from unexpected im-

ages displayed from SWISS.

Key Words:
plete function.

1 [FL&HIC

INET, < OFRMIESCHBIAE T AT L VDI
OMBIRE SN TCET-. RETIIH A, W T AT T
WX AN BT ZB LTl L EB 2 T
L. TAT T HERTEICIL, TAEGHEN O
RIERITH E VRS nbing D 7, ¥
ICE - T, HWERENERICTAT T 2RETEDA
YIALDE—T T AT TERT T v N T — L%
FoTWnWa d Zokoe, 74T T7OEEET 5=
WIZ, SHEREREZNEL LS T2

Wang'O%, 7477 ZAIHT 2EMEC, HEifga il
I LI, EREEES L0 b, KRR TIE ARV
EIRARTWND,  “IdeaExpander'V” (%, BEEAF/RT 5
LIS TT VA VAN VT Y R— T 5
— LV ThbH. WHTESEREERLT Fryy M
ol VA VA= T ORT, TAT T 25| &
H ¥ —U— RZ&HH L, Flickr IZ&fESN-5E%
MRS D, [ TATT7OEHEONT IR, bEVE
WIS TWARWET I Z2ETemiIE, ARSnT
AT T DENEEBRA D DITHLD 0] L), o
FV, LA VA= T DEE, BINENTTIC
RS LIHRE X" OBWET TR, BIOEEE Y
DOEWRLETEBIL, ZMEDOT A T 7 OERKE LT
THEEZEZOLND.

FZTARTIE, METOT LA A =3 S h
D, BIMFEOFFE DI L7-HEEO AR/ BT, 4 —
hFY = X MERER I L GBI SN2 HEEO M H 12
ST, BREFERTHY AT A “SWISS (Search
Websites’ Images using Search Suggestions) ~ & #2437
B, A— T A MERRIL, BEIHEPDPRE L
HEEDOW N2 FRT 5, OFD, BINEOFRETENSHI
H L72HRE S D OB E A R HEE L W2, SN
IZRM X252 5BBOMBRIOeND. iz, 4—
Y = A MEREIZ X 2 HEE & OMAS DRI, Wi
DORMRFBFRER T 2272 5 TR .

24

Idea generation support system, Speech recognition, Image retrieval, IBM Watson, Autocom-

2 VRTLEH

Table 1lC7 77V 71— a2 > OFSEEREE, Fig. 112 &
T LOREK AT R AT AL, Android A~ — k7
+ v ETEWET S, AVAT AEEEIL, FHEHRO
FHHIRRBIZ R o e A~ — T+ V&, TLA VA R—
LU BINEOFK S DNIGTE HGPTICERE LT
T 5.

2N O % 5 13X Android ® & 7 i API T & %
Android Speech Recognizer |ZAJ) &3, T F A MMIE
BIhs.

TXANT—HXIL, BingDWBET YU E2FH LT
API'C® % Bing Web Search APIIZ AJ]Z41%. Bing
Web Search APIIE, 7% A b7 —# ZffiH L TWeb-<
—VERBL, RBHIEOLFIZH 5 Web—T D
URLZ 5.

IBM Watson®Natural Language Understanding (LA T
Watson NLU & BESY) 1, WebX—T&H L, D~
— VO AR T4 OO HGEE T 5.

45 @ HL§E (X Bing Autosuggest APIZ A ) &4,
AutosuggestBHEIZ L U, FHEEIZ 1 DT D HEEA BT
5.

%12, Bing Image Search APIiE, Watson NLU|Z X
S T SN 724 >DO K HiGE L, Bing Autosuggest API
IZE-TH V=R D ENTAODOKHGER, 15 Off
AL CTHgRARET 5.

Fig 2l 9 &k 912, MRRER & R DL, A~—
R 74 IZTHAVRIZIER BN TRREND. £
7o, BRI =V &7 5 HEEA i L ICRR LT
5. TEEIS, IEOHFEC OV T ORI L 72 2
BaoE T 5. B, 102 LictvEbY, 4
KFOHFET X TOEBER T LEZ D L, EH D
FRFRIREEICR 5.

PG0011/18/0000-0024 © 2018 SICE



Y Android
Speech
Recognizer
User
Bing
IUEEEY Image Search
API

Bing Web URL of

SR WM A Web page
Natural
Language
Understanding

Bing

Autosuggest

API

Fig.1: System searches images with two words, which are extracted from a brainstorming and selected from candidate
words with the autosuggest function.

Table 1: Development Environment.

Classification Specific
OS Android7.1.1
Terminal Nexus 5X
Integrated development Android Studio
environment
Development language Java

MEXT

computer technology®

Fig.2: An example of result of figures.
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Stable embedding property of neural networks with ReLLU activation
and its relationship to generalization

xY. Furusho and K. Ikeda (NAIST)

Abstract— Model size determination is important in machine learning since a larger model leads to overfit-
ting, that is, a small training loss and a high test loss. Surprisingly, a multi-layer perceptron (MLP) with the
Relu activation function has a smaller training loss as well as a smaller test loss as each layer gets wide. The
gap between the two losses is related to the distance-preserving property of the transformation/embedding
in each layer. To elucidate the mechanism, this paper theoretically derives an upper-bound of the gap for
a random network and shows a wider MLP has a smaller gap. Our numerical experiments confirmed the
validity of our analysis and the applicability to more general cases.

Key Words: neural network, wide network, generalization ability, isometry
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Pregnancy examination of cow using deep learning
* Yuta Ide’, Koichi Nakayama®, Osamu Fukuda®, Kenichi Yamashita® (Saga Universityt, AIST I)

Abstract—

This research aimed to estimate whether breeding cattle become pregnant or not on the day

about 14 after artificial insemination. We constructed a classifier to estimate the cattle's pregnant based on color
doppler ultrasonography(CDUS) images of the cattle's corpus luteum. In the experiments, we prepared
two-class dataset which includes the corpus luteum images of non-conception/conception cattle. A framework
of the deep learning, TensorFlow, was adopted and trained by these images to construct the classifier. In the
experimental results, over 90% accuracy rate was obtained with the test images randomly selected from the da-
taset. However, the accuracy rate decreased in the cross-validation test, in which the test images of the specified
cattle were not included into the training dataset. More data will be required to improve estimation accuracy and

verify validity of the proposed method.

Key Words: Deep learning, Cattle, Pregnancy
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Fig. 1: Network architecture in this research

3. ERTRVWEGFER

3.1 EEREIE
FLHAOBERIC AN TEFE 21T 5. AN TA2R% 10~18
H(14 HRIZ)GERS T, TOMEEOEED T — Ry
7T — Wi ERET D, BEANT— Ry 7T —EBO
FERICOW TR, KRETCIRAT 5. ATz 40 Bt
W T, FOEEOITIROME R+ 5. NL%
K% 14 ARTEPROERS COBHRD T — Ry 77—
&, 40 BB COMIROK S Z 1 5 1 THES

35

T5. MO LI b OEHmEm G E L TIUET 5.
BHEAOFIZBWNT, BEEO N TREZITY, BT
AT JO AR BN A AU T D IEE LT3R
Wit 4, FE R EAEG LT 2 S R EARES O 2 FE
WZHEIT 5. FEAREERRIE, BRI DR
A& TR 5B BT T NV EERT 57200 b D
THDH. T A NHEEERIE, 8RS0
HREBTHY, ENIETIEMICERORA 2508 T
XDMEMRT DT-DDOREEBTHD. LLTD 475
MEOEREITD .

< EBR1  2EEERICE D98

TR DR % 5038 L= WL A4 0238 s IREE b
T, ETCOEKEBREZHAVCEREZITY. T742b
B, SHELZWVILAEMBEICERE L CWEEA0HE
Rl &, IR L TR o T2 5E O BRI 25 0
THERR L7l 8e 7 v, 7 A MAEERE# S
ENIETIEMES 40 HFSERE S TOMIED RS % 458
TE D ERIET 5.

< EBR 2 : HERNREEUAOREKERIC L D58
TR DA % 088 L=\ WL A 05238 A B IR A3
FAERT, RISEOILAFOEREG O RFIET D58
BEHELZEREZITH. T72bb, AL 1EHSO
ETOHREEGEZ T A NHEEE G E L, ZAL4O
B TOFOENREG 25 H AR EREG E U TERT 2
BT T VN, ENTEITIEMEIC 40 HRGEEETO
HROKGZ D TE 50 EREET 5. 7 A bAEK
G & EE AR AEGRE ANE X e S, WA OR
KGR, 2 TOHRITONT 1B DOT A - F A
BEind X DIy IET.

- EBR3 : B2 BEOBRGEEEBII L D08
TR DERAT % 5038 U T2V S ISR 70 B 2R D R IR
Ei{g L WA EEE LEEEREZITY. T72bb,
E5 1 THWEHAFO 2SR Z2 VW CTER L7
EESEHETAERANT, OB ZWASONT
Z iR 13~15 H(14 HETE)ROERE RIS T D F A
s, PN ERMEZ 40 B RGEIE S COMIRO RS
B TE A ERAET 5. WHEOT 2 b SR
B2 NWEZ 2055, 2 TORBFICBWT, RAEL
ETOERBEBGNTNTN 1 ETHOT A b RS
L7 FE TR IR

- EBR 4 1 HOLZOEFERIC L 5558

TR DRRAT % /038 LT WELAZE 1 B o E O HEIR
i L2 WA EE LE-EREITH. T72bb,
F9°, LHAFOA 55 55 OFREHE AR IKEIZ 55T 5.
ST BT 1 B OBEERBERIZINT, 1RO AR
BE7 A N AEEER S L, ZLISOERER ST
ARG E T 5. R AEEE G AT
BOHET NVEMER L, 7 A NARKEBROEKRD Z
— Ky 77—l s GrriEd, 70L& HHEE5.
Nk, ZOEEROETOREKERIZBNTITY. T




A N HEREGSE ANE 22N DFERT D, Ik,
TR {5 D FS FEBR OO B 2 il 7o S 2RO (R RS D
s 1 O BHE RO 53 SEOFLAFICH LT T
J.
32 ERPEETIVOERETR FOEHDT—
5 #lm
321 HEGFAEBELES)
HLAFOER, SF 0 FEE2ETHRREICE > Tk
WL, HERD T — Ny 77 —EBEETDH. HKD
T— Ry 7T —mip L, BEEREICLST, HE
JEL & Z OEZIBT B IR D5 & 1 O EHRIZE:
LizbDTHDH. WHET LD, NIk 14 HAE%
oS CoOMEKEE TH D, Fig 2 1%, EBRICRE
SNEHED T — Ry 7T —wmgThHDH. ABRTES
NTCWDBEEOEITIC, HIKEZ DL NG S
TWb., BT7— Ry 7 I—LMINd FECZEL-T,
BRI HRAL TV 2 MR O 7 A0S $ [RIRFIC T S
NTW5. RO m=CmEfEIE, Fig 3 (2BWT, il
BMTHDLDATWDOESO LS, ALtEFERINTND
A DOHEETRINT NS,

Fig. 2: Example of color doppler ultrasonography image
(dairy cattle)

Fig. 3: Visualized luteal blood flow by color doppler
(surrounded by curve line)
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Fig. 4: Example of color doppler ultrasonography image
(beef cattle)
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Table 1: Percentages of correct answer rates by labels after
five trainings and their average (unit :%)

1.2 3 4 5 Average

Non- 94 96 94 90 92 932
conception
Conception 90 96 90 94 94 92.8
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Table 2: Correct answer rates when data of dairy cattle are
used as test data each (number of images unit: sheet, correct
answer rate unit: %)

Individual number 381 423 427 430 431

Number of images

_ 0 3 0 0 O
(conception)

Number of RS 13 4 12 30
(non-conception)

Collect answer rate . 588 - . ;

(conception)

Collect answer rate 100 46.15 75 25 93.33
(non-conception)
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Fig. 5 : Average of correct answer rates on all dairy cattle
individual when data of dairy cattle are used as test data
each (unit: %)
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Table 3: Correct answer rates when data of beef cattle are
used as test data each (number of images unit: sheet, correct
answer rate unit: %)

Individual number 3252 6833 6877 8187 8189
Number of images
(conception)
Number of images
(non-conception)
Collect answer rate
(conception)
Collect answer rate
(non-conception)
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Fig. 6 : Average of correct answer rates on all beef cattle
individual when data of dairy cattle are used as training data
(unit: %)
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Fig. 7 : Average of correct answer rates on 1404 dairy cattle
data when each data of dairy cattle individual are used as
training data and test data (unit: %)
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How human feel the melodies generated with deep convolutional generative adver-

sarial networks

Yuta Takagi and Kanta Tachibana (Kogakuin University)

Abstract—

Research on deep convolutional generative network (DCGAN) is popular as a method to gener-

ate fake patterns similar to the input patterns. In this study, DCGAN was learned for each work based on the

main melody (17 to 20 pieces for each work) 4 works of the same genre. 4 fake melodies were generated for

each work. Have the subject listen to the generated 16 songs, asked to the SD method to evaluate the

4-adjective pairs in 5 levels, and examine how people feel.

Key Words: DCGAN, generation of melodies, human impression
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Robust Learning Methods against Missing Values
in the Case where a Training Data Set without Missing Values is Available

xTakuya Fukushima, Taku Hasegawa, and Tomoharu Nakashima
(Osaka Prefecture University)

Abstract—

This paper presents how to tackle with missing data in the prediction by a trained machine

learning model. We assume that the training dataset is complete without any missing values, however, there
exist missing values in the feature values during the course of prediction. Thus, the task in this paper is
investigate how to train a machine leaning model that robustly predict for incomplete input information
with a minimum error. We propose an intentional substitution during training a model where a feature
value is replaced with a certain value with a specified probability. After giving some theoretical analysis on
the optimal substitution value for an ideal situation, a series of computational experiments are conducted in
order to evaluate neural networks that are trained with the proposed method for synthetic tasks.

Key Words: machine learning, incomplete data, regression, neural network
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Fig. 4: Voltage variations from sensors for four types of odors

1 N
2: 2

ZDEE, NRFZEHIES dB L0 2z e 5.

AR WRIRIR SRR B & A S T B T U 72 fE
EZHWTHERZ175. AFETIEEHRAL UT Adam
EHWS T,

3 ERER
3.1 HBIBDIRSA—YBRE

AHiClE, EBRORWYEZFHTLILIcLD 2.1
I TN L= B0VERR S AT LA OMREEHE 2175 . A
WMIETIEATIE 1, e 2, HhkE 1 EoRE
NN Z2FHT 5. ZDO3xy T —=2IZTHERT AN
T A—ZPE% Table. 1 1IZRT. 772U, AAfDO=v
FMUIAD T =R OWMGTEBTCIREES NS, £/, AD
F—RELUT22HICBWTEHAL 2R 27 -7~ 8
JEDZALET — X 2T 5. ADRTEIZFEE T —
RE UTHATARMTHREI NS, FIZIXMHEHAT S
% 100(s) & L7z8&, 520k Ihof/ons
F—RIZDWT 5x100=500 IR TTDT— R L7125,
3.2 AR

BWIE (/) 2 F—=), VT7EF)L, 7Tha—)l) B
FOERIZOWT, EETF—RE L THHAT 5%
AL THBEREZIT 72, HHT 208 0E NI
X BHAEDZEA Fig. 5 1TRT. ZOMIZBWT, #
HiXHE A U 72508, Mt =Th 5. AL TIE
5 N ENZEEMETE R WV THNEZEH L 7.

56

Table 1: Parameters for neural network
Number of units in hidden layer 1 500

Number of units in hidden layer 2 100
Number of units in output layer 4

Maximum number of iterations 30000
Tolerance for the optimization 0.001
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Fig. 5: Classification rates with respect to duration
used as learning data
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Table 2: Confusion matrix of classification result with
respect to each duration for learning data, where N,
D, A, and O denote Nonenal, Diacetyl, Alcohol, and
Odorless, respectively
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Performance evaluation of deep learning for tumor with difficulty to diagnose
between benign and malignant in mammography
* Noro Kyohei (Tohoku University), Xiaoyong Zhang (Sendai National College of Technology),
Kei Ichiji, Yumi Takane, Satoru Yanagaki, Hiroki Takano, Tadashi Ishibashi, Noriyasu Homma
(Tohoku University)

Abstract— The purpose of this paper is to investigate the performance of deep learning against a special type of
mammographic masses to which even an expert doctor strongly needs a computer-aided diagnosis for accurate
diagnosis of breast cancer. In fact, it is still not clear that how deep learning is effective for such difficult cases.
To go beyond image diagnosis, we used biopsy results, instead of mammographic diagnosis, to train a deep
neural network. Experiments were conducted on Digital Database for Screening Mammography database, in
which 1,066 benign and 954 malignant mammograms with biopsy results were used in our experiment. Ex-
perimental results showed that it achieved 66.4% accuracy; it is remarkably more accurate than radiologists.

Key Words: Deep convolutional neural network (DCNN), Computer-aided diagnosis (CAD), Mammogram,
BI-RADS category
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Fig. 2: The AlexNet in which the last fully-connected layer (fc 8) is replaced with two neurons

corresponding to the benign and malignant
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Table 2: Experimental data (Number of ROIs)

Cate- 0 1 2 3 4 5
gory

Benign 139 0 94 346 | 476 11
Malig- 31 3 1 87 430 | 402
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Table 3: Result of 6-fold cross validation

CV Sensitivity

1 54.9%

2 73.2%

3 74.6%

4 67.6%

5 66.2%

6 62.0%
Average 66.4%
Medical Doctors 48.0%
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(a) Images classified as benign
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-
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(b) Images classified as malignant

Score : 0.96

Loss

Fig. 4: Images and score
(Score is a probability of malignancy)
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FMRFTIVT 1 REUEZBA LESELIC L BHIHM = KBk
OWWMMIT (EEHLRY) BT (REBEHEAS)

An Equivalent Penalty Coefficient Method for Constrained Optimization
by Differential Evolution

«T. Takahama (Hiroshima City University) and S. Sakai (Hiroshima Shudo University)

Abstract— The penalty function method has been widely used for solving constrained optimization prob-
lems. In the method, an extended objective function, which is the sum of the objective value and the
constraint violation weighted by the penalty coefficient, is optimized. However, it is difficult to control the
coefficient properly because proper control varies in each problem. In this study, an equivalent penalty co-
efficient (EPC) method is proposed. In the EPC method, a new solution is compared with the old solution
and the EPC value, which makes the two extended objective values of the solutions the same, is obtained
for the new solution. If a small EPC value is selected as the penalty coefficient value, a search that gives
priority to optimizing objective values will be performed. If a large EPC value is selected as the penalty
coefficient, a search that gives priority to optimizing constraint violations will be performed. Furthermore, a
method to select an appropriate EPC value by using the ratio of feasible individuals, which realizes adaptive
control of the penalty coefficient, is proposed. The proposed method is introduced to differential evolution.
The nature of the proposed method is shown by solving several constrained optimization problems.

Key Words: penalty function method, penalty coefficient, constrained optimization, differential evolution

1 @L®IC L iiEAl (Particle Swarm Optimization, PSO) [4-6]

WZEWT, HlfEME LR WEERSERGL, B0

BIRON & RORICIIIL 5% 5 h A0 FORmm o o or SRR L8 TR B, T
Wh BT BT DS, 0TI RN & o

R B AL R R SE A S BRI (T BT 2 B B i
HLFETH 5. HIFIM & R B TR FE D fif ik &
UTIE, BIR2IRGIHETE, Sk, — i/ ik 7z
EDMBRLTTEMFET S, LrL, ThoDFE
(3 H BB D 153 v B ME X IR R 0D (T 7 &R RE IS
HUTEOPORMEZRKELTWS. LizdioT,
NS DHIEERRABRITIZE T BMBEICLLEAT S
ZEIINETH S.

Zhuzk LT, BWEBOMEZ T ZFAL THD
IRV IERR G BB L & R 9 5 HIEPMRE I T
5. ZOHEFEEERIE (direct search method) &
X, RR4 REICEA T2 Z N TE 5D, HiK
SV B2 B 223 TE . K
HZETIE, EBERERE & GIRAT & FERUP ol kR
BT 2 HIEIZDWTHERT 5.

HilFIAT & mRow AL 2 EEERRIR I & o TR S BRI
&, BB Tldm<, —BICEBOEIR® i
b2 BENH 5. HFN SREDDIZIE, HIY
B# oD AL & I D s Al & v S 2 FEEEH O s 4k A3
BENDID, 2 DOFRECDNT ¥ A% EYNITHS
LD, filRE RS IR, FRICR#EL
THHRHOEIZEDE, UTFTOLSITHMHTE 5.

(1) HHBEE D & % Btk 9 % ik

il 2 i it 9 % — D LA L DERR A2 MR & U T HE
U, 2ty 2HEROAZHZEL TP I LT
D, HRNORHELZ BT 5 5IETH D, death penalty
EEBIFENS. HROBRE TR S N7z mlhM I % i
RUBWGEIZIE, BHICESEI NS, 6l 2 e
ToE5IBETNS. HIAIE, BEHTLIY XL
(Genetic Algorithm, GA) IZBWT, Hilf% e U 7= #
KR SRU T ZmE L e WERREZEBET 54
ERREINTVD [1-3]. 7z, N—=T 4 IV A*—
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% (7. 0o O FEIZHF SIS BRI WSS
AHTHB. UL, FEERIZIZHFIOM L WHED %
<, FuzEAffz & OMETIE, IR ZHEML -
DR EBIES 5 Z LIFARATRETIE.
(2) HABIE  HIF MR (constraint violation) O fif
HH% BE{bd 5 Sk

BEOFIRIZM: 2 M AG DY THIFRREZEEL,
H B & HIRR L DATERZ KD, ZDOMEMD—
HiBRE bf#E e U TR HEETH 5. HilREsiEIZH
FUBEEUZ BRIV T4 EEX 6ND T2, ZDT5ik
E TV T 1 BAEUE (penalty function method)
CIFEH,  H R & HIRGRBEE o fif BRI ARER H R
# (extended objective function) & MEENT WS, X
FOT « BEE T, HIREBEORE 2T 57
HDFTETDH B RFIVT 1 R (penalty coefficient) %
HUNEIRT B AW TH L L WS HERDD 5.
RINVT A FREDBKRE N, GlFELT DHIEES
nsn, HHNEBROBELA 20D, HoEsn
fefssd Z EDPNEEIZ D, WITRF VT 1 REAHVN
S, HWBEBIER@ELE NS DY, HfDmaE bA
R3320, FAT e ES5 2 L DREIC s, X
FTIVT 1 R BIZTHEE S 5 5IkE H DAY, w7z
PRI ME KT 5720, — IR L%
EHTLDIINETH L VWS MEIRD 5.
(3) HHBI# & Hl# R % B AL £ 0 BodEfl
ERCYARS

H A B & IR IR 2 D BE L TR, R
LT 2EEALRICE D —HIW ML T HIET
H5. HlZIE, GAIZBWTREAERZ BT 2 I55R
HIBE Z R 2 HERRES T WD 8. Zhid,
lH & i R U 7 DR s D FRaR H B RUE &2, BRE
DI %L T 2 BRI B T 2 RO H N BIEUE &
HIRGRGE & DR E UTEX S HETH 5. ERH
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% (Evolutionary Strategy) {28\ T, HIZHlFYGPBiE
EEETDOTEEL, D DR THIFRMUE % HA
UHMBIB DA THEZT S LW RS N FERX
ez & 0 Bod b 247 D HEPRESI N TWS [9). Z
T &Y, HRRAEDPHERMIZENS N, HOoEnE
ITATREMEDROND Z PRI NT VS, K —fHN
AR UT, BEHEERESRIIN LT, fiktz
WIS N TEHHERKTH 5 a LRIV
ZHHAT S o ffEE [10-14) B L O e Lk Z AT 2
e HilfIIE [15-18] BREINT WS, afilfiEB LU e
HlREIE, EERRIEICB I A IREE 7% o L
B &0 e UAVIEBIZE# S 5 Z 21280, il
DR WHBIZ N T 2 LT VT ) XL & HIFA E D
BB LT VT XA LZEMS Bk, ShbbTLa
VDALEMETH L. a8 L e filfER, HIRKSME
EREMIT S ik, FEAGREED LD 2HSE
HOREE LW L CTHEAT A Z BN TE S,
(4) HAUBE & HHlfyD % HRFE & U TE < 51k

H AR & — i R D HIRIBI R & 2 H #Y i (LR
e LT HIETH 5 [19,20]. HlRIAEHEZR RIEIC
GHCch s efFIns D, LHNREMMNEIZ—
IR & RS 2 L IEE ICREE R TH D, —i&kiz
ZLDFAEEZREL TV HERDDH 5.

AL TIE, EKTIL T X L7 EDEMIZHED
Bo#Efbiz BT, FHD» OB R FIVT 1 R E
T 5700 E UT, SFli)FILT 1 (28 (Equivalent
Penalty Coefficient, EPC) &5 Z & 2257 5.
EPC fHZ FH\WT ARV T 1 RECE BRI 35S 5 ik
THDBEMAFTINT 1 FE2REL, THIKGHHEITH
HesZeizkh xoatEzRY.

2  H#T EREEERE

2.1 EE

AKX TlE, RO &S BALENGHK, FAHFK, E
TR 2 R o ki@ (P) 25 2 5. HWEKS
K OHIRIGAED & £ IR DIGE PERIE S E, %
DD GE DAL HERIE T H 5.

(P) minimize f(x)
subject to g] (x)
h;(z)
li S.Z'z Sui, 1= ge e
ZZT, = (v1, 7)) & n ROCRELHNZ b
W, f) & BB, g;(x) < 0 1% g DO AF A
#, hij(x) =0 1Fm—gqElOEFEXHWTHY, fg.h
FAE D D W IZIERE D FEBUERI T H 5. 1, u; 3%
nen, nHORELE x; O VRAE, ERETHS.
T oI, AN TIERTORI & i 3 5t =17
REREIS (feasible region), b FRRHIHY % e 4 5 fHig %
PRERFHI (search space) LIERZ 12T 5.
2.2 NPT 1 BEE
HilRAT & mod b Tld, HRBEE D @b & il D
W&\ S 2 DDOEGE L FRIZAT D BB D B, T
VT o BEGE TR, BB f(x) IZHIFRIE o(x)
ERFNLVTA—L UTHASDZ L&D, HlffE R
fLRTEZ AT D & S 7l Usod LIz £ 81 5.

F(z) f(@) + po() (2)

S
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ZIC, FIRERAEE, p 30 LT 158 (o > 0)
Thd. RFVTARE%ZE oo T THEIMEESZ &
(& D HIRGRBIE S 0 IR L, LT REM A5 Z
ENTES.

HIRTRIBE ¢(x) DEFZL LTIE, UFOHINDS.

(3)
)IA4)

max{mjaX{O, gi(x)}, max [h ()]}

ji:lhnaw{O,gy }HP-FEZ:Hh

ZZTp X EDETH 5.

3 EHMBETECSTBEMRFILT 1 F
e

3.1 HHEMRETE

DE X PSO & & o & 5 IZffEMIz & 2 mid{ko

BRIZBE ML Z R A U 72 Bl AL © » 5 B EIBE Tk

(population-based descent method) {Z DWW TEIHT 5.

EFIIBE FIEIE— IR O & S IZFETE 5.

1 ML % T v XL ER UVER P = {x;,i =
1,2, -, N} N \ZfEDE) 2Rk s 2

2. M 4T OE% M4 3
3. METHE: MTERMEMETEKT TS
4. BEEIZHL T,

(a) HEp: &z, LEF P OFRIZEIEH L
Wi ) AT S

(b) FHAffi: Fr L\l % G- 3 2

(c) BHr: HLUWEIEWRE D RIF L, Huv

fifd % 3 L \WMECEWRT 5
5 3.~ NR5
3.2 HMRFIT 1 BEE

MR NETIE, HOiE e, 25UV ) &
U, #UWIEDYE WiE & D B IEE W iR 2 5 U i
THERT . 2 00MEILKLZE &, o OBKIEE
IR O E D 2, & bfﬁmm\&%éﬂi, RF )L
T 1 AR AR timﬁaﬁﬁﬁaiﬂﬁﬁiﬂm%
L%, THhbbL, &ﬁ@ plZOWT F(z') < F(x)
S RVAC R xtm@%Mﬁﬁ®% HLFEETH 5.
F 72, BBUE L HIRARELF CEEE, EEDpic
DWT F(z) = F(z') BT 5. bf:?ﬁo T, UF
DD O SLOBEITIERF LT A B EZRET S
LTEHEN,

f(@') < f(z) and ¢(z') < é(x)

or f(x) < f(«') and ¢(x) < ¢(=')

INLS DG E, BIEUEAMEI T S D3HIF R
NE > TS i & BIBUEAYE - T S D3GR B A
BENTWSMPELT D, BIED o BED o) LAE
5L, flx;) < f(z)), o(x;) > d(x)) THSH. TD2
’)O)ﬁ@@ﬁﬂﬁﬁgﬁ@?ﬁ—z‘i?"éf\ﬂ‘ﬂ/T o« PRI % 35

(5)

<
<



filiRF VT« (25l (EPC ) LIPRZ 2129 %. EPC
iz p; TEHT 2 L FOBBEIKRIT 5.

f@) 4 pb(a) = f@)+po) (6
RS
s ppr s S

ZDEE, NPT 4 REA EPCL Y RETFNIF
Fla) > F(a) L7570, SRGGBEI BTN S
o, RRWRE 25, WIZRF VT 1 REH EPC i &
D INE FHUE Fa) < Fal) &7 57, HEBEE
PENTWS x; PRWRE 5.

pi ZRIFIZY = ULV ANE H = {pi|pr <
Prat, k= 1,2, 295, BISHIZRF LT 1 4R
BHIET 272012, TIVITVZXLNRT A= L THl
HIESEHR (constraint priority rate)R., ZEAT 5. T
DY X, HO R,|H BHOBEOIEE <F L7 1 (%
Bop lZBES B7012, AT K S I IEAHR- % F H

5.
Rep|H|py ([Rep|HI) < 1)
p= p|H\ch (ch > 1) (8)
pLRCp‘HH + A}%cpAp (Otherwise)
ARcp = Rep|H| — |ReplHIJ 9)

AP = PrR.,|H] = PLRep  HI) (10)
727U, |H| & HOEHEE, || REEE~DY D7
T, [ IEBBUE~DYIY EIFTHB. R,p,=001F
Ep=02%c7%b, HURBRBMEDOADKEIZITS Z &
I278%. Ry >1DEEE p> py £78D, 2 DD
DI CTHIFEBE PRI NS Z itk b 720, i
FIRBLE D ADREALZITD T 21225, ZD XD
Ffli =TV T 1 REGEE, BRINETEO LS IZ, &
Wi & U i & — 0 S 2 SR N Gl AL T RIS
WBIZENTES.

T oI, RFIVT 1 RBUED R A & kT 5 7
DIz, AT LS IZHRBBEFEZ AW TRt DR
FT 4 REUE p(t) ZIRET 5.

o = {

ZIZT, pld, X8 TRODEMNR D pETHS. il
TR ED 1 A 7256, RFTVT 1 FRE%E 0o 1T53%
ETLOEREURELD L. ZDD, FILT 13
BUFRIZBWTRFINVT 1 BB E NS WED S 0o F TH
MEELZ L, Ry Z/ANSWENS 1 A MEX
THEMEIELZLIZRT A Z &k b. AT,
R, Z NI H T 2 ET RO EIS I U TEIKIZ
IR B HEEIZDOWTEET 5.
3.3 HIREIE DOFIE

—f&kiz, EEPO2FERPESTTETHE, HIN
BEBEOREILZEHRTRETHIEEIONS. ¥
WZEEARBNEFARETH N, HINORELEERT
RETHB. ULizh->T, HWBEEOTR#EA & KD
REL 2 ERT 2 ESWITETAREEADOEI S THD
LZENEYTHEEEZLNS.

0.5p(t — 1) + 0.5p,

(t>1)
Pt (t:].

(1)
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AT, ETREERDOEIETH 5 Ricasivie 12
HOE, UAFDESIZ Rep ZIRET 5.

ch Rgp + (]_ — Rgp)(]' — Rfeasiblfl)(IQ)
Hzi | ¢(x;) = 0}
1P|

Rfeasible (13)
NIA=KRY, (0<RY, <1) DHEZEEIZ 0.5 TH 5.
ZneE, 2EENPETTRTHLEAIE Ry = 0.5
L7, HIBEE L HilF D df 2 FREIZITS 2 &
2725, EARPEITATRESE AT R, =124,
HR DB ZBEE L TITD 281245,
4 RERFE

AWFZETIRENRE L LT, £0i#1tb (Differen-
tial Evolution, DE) Z#MH U, DE (2% i F VT 1 i%
%% A U7z DEEPC(DE with Equivalent Penalty Co-
efficient method for constrained optimization) % 2%

5.
4.1 =5l

2 #E/bIE Storn and Price [21,22] IZ &> THREI N
7EALRI T L T XL TH . DE IR R EHELR
EThY, MENMZHW% 8k #2175, DEIIE#
DPDIEADVREINTE Y, DE/base/num/cross &
WIHFHETRIAINDS. “base” 1FFARNRT ML L7258
DERFGIEEEET 5. HIZIEX, DE/rand/num/cross
FEARY MV DT DFZEF NS TV X LITE
U, DE/best/num/cross &5 D i BAEK % #ER
T5. “num” ZERAXRT MVEZERIEL7-ODE
DR MVOMEBEZRET D, “cross” &+ % Rk
THOIMATEIRXAEERET 5. HlZE,
DE/base/num/bin l&— & O TEIZ T2 XI5
2 X (binomial crossover) Z M\, DE/base/num/exp
&, FREEBIITIRA T SR CHEIEF &2 KT 5%
X (exponential crossover) %z A\ 5.
4.2 REFEOT7IITYXL

REFEDOT LTV ZALEUTOBE TH 5.

Step0 #H{t. N EOYIHMER z; % BRFEZEMNIZA
U, WIS P ={z;|i=1,2,---,N} %Zt§
S 5. 2TofEkEFHET 5.

Stepl M THIE. RTE&M2HRETNE, 7LIV X
LR TT5. MM LT, AL
|z AW 5.

Step2 FAEKRDARL. PR O#EAEZE 2R z; 126 LT
i=1,2,---,N OJETITS. 3K x,.1, T2, T3
o, BXUOBEWIEELRZWESIZT VA LITE
?}_\Ij—é 37355\:/\7 ]\}l/ m; = I, + F(wer - aﬁrg)
BERT S, BRARZ MLV m; & UK x; (25
KX EWAL, FEK i 2 EgT 5. HikE
AL, f(ahid) & p(athid) 23Rk 3.

Stepd RFINVT 1 FREBDOWRRE. FMERX (5) &l U
W L= N4 T7BRICH B KD EPC 1 (p;) %
X (7) Tk, VAL {p} ZFAIEIZY — T 5.
A (12) TR, 2K, X (8) Tp &3k, X (11)
IZEDERFIT AR p(t) ZRET 5.



Steps AAFEEIN. & AR & BUEARZ EIZ RS 5
722, DR & TR D HEER B R EUE % sk
5. LR EHMBIBUEZ ER L, 727 hL gehild
WERZ ML EDERITIVETFRY MV EES
ki, HEFRI MVCEBRTS.

Step6 Stepl IZFR 5.

4.3 EREH

AL TIX, DE (BT 235 X — XX, fEKE
N=20, F =07, CR =09 & U7=. HI§ELE R,
¥, RY, =05¢ULT, EITURMEKRDOEIE Ricasibie
IZEEDWCHIFI L 72, H AR D B R G [H 2L F Eax
% 2,500 [a], 5,000 [8], 10,000 [@]D 3@ D DEFEHIZD
WTERZIT> 72, ARIEIZD\WT 30 [FIS 2T %
1V, T2 B 1T 2 I BEAERD H B EUE %2 Kb 7=,
=720, mEMEREIE, HRGEBE R B/ NOEIKRT H
O, IR EDE U5 E 1% H B EUE A N D (8 4
Ths.

4.4 Himmerblau OREE

Himmerblau fIEEDEZE %2 X 112537, £ 1IZFERE
RBE2RT. £703) AL 3R8Fh0REMHE, ¥
fill, BEMES X OHHERZEZ /R U7, eDE I3CHR [16]
&, FRLSMISCER (23] ICEDOLKFERTH B, eDE IE
e HlfEE DEICEA L7 LTV XA, MGA 3%
Hi GA L EDOEWERIZEL ATV TY XL, Gen it
BEHTLVIVZXLZHALEZT7VIY XL, GRG
I% Generalized Reduced Gradient %, Death I3 death
penalty %, ZOMIZRFINT 1 IZEDLTITY XL
THO, NPT 1 7% FEET 5 static penalty, HEER
AT THUZ &K O RFIVT 1 5% 2L X D dynamic
penalty, simulated annealing @ & 5 IZ{REIZ & D RF
VT 1 (R % %t & % annealing penalty, D H
REOREBIZE D RF VT 1 RE2RET S adaptive
penalty, fEDEME 2FEEHDORFIVT 1 VR D720
DOHEMZHWTHHE X HE S Coevolutionary penalty
ETH5.

BWHERZRUZT7NV TV XL DEEPC & ¢DE
TH5. DEEPC & eDE I3 BEEGEEMEI%AY 2,500 B D
R CHDETOT VT AL LD ETOHEHIZE
TENTW5. DEEPC & ¢DE %3 5 &, B
FEAH R 2K 2,500 [EZ 813 5 DEEPC O fx A A 3 =]
5,000 [HIZH1T 5 cDE ORBEELIY HENTED
DEEPC O fi7’ eDE & b S EHERIEVPENT VL EHE
Abb.

4.5 BMOBEDERE

kOIS (1), BRI (o), & O FEJE AT E
(P.), AAM DDA (6) R EDHFIDITLTI A b
RN R AMOEEZEGT 5. K3DXSIT, 4
DOPWREZEE h(x1), U(z2), t(zs), blwy) 1T & DEKEF
I 5.

ZOMBEDERZK 2 ITmRT.

RK2CERMERERT. BOMEREZRLZTLVITY X
L1Z DEEPC & ¢DE T#® 5. DEEPC & DE (&%
PR I E0AY 2,500 [ DR THDETO T TY XL
SO ETHDEBIZBEWTENTWS., DEEPC & ¢DE
LT % &, FHMEEL 2,500 B2 B W TR EE L E
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{13 DEEPC O A3MENE D, HEfEIX cDE O 5D
BENTWEA, ZOEIT/NI V. Ff[E % 5,000 [
BWTIREYE & BN eDE O H3MENT W3 23,
ZFDEIF/NX W, U ->T, DEEPC & DE IX1ZiE
ASEDOMRETHELEEZOND.

Fig. 3: Welded beam design

4.6 EHBEZDEE

PERIRD F vy THMGGH AN TN B I FEPRDAZRIZ
BWT, MR, Bk, BECLERIANERIMET
LHETHS. M5IZRT LI, Ty(¥zVDEH),
Th(F vy 7OEA), R(NFE), LHFAROEE) D 4
BREZRETSH. 2055, T, & T IR A&
PRI DJEAD S, 0.0625 1 >~ FOBEETH 5.

ZOMEDERZK 4 1TRT.

L

I

=

Fig. 5: Pressure vessel design

R 3 IZEEAER %R, Deb 1 Genetic Adaptive
Search, Kannan (Z#L5E Lagrangian Multiplier i,
Sandgen % Branch and Bound i£IZ &£ 55D TH 5.

HWERAZRL7Z703Y X4 DEEPC & ¢DE T
#»%. DEEPC & eDE (ZBIEGEEAR %A 2,500 [E]l D
BToeToTLTY) X4 &) EHEFEUAD LT
DEHIZBWTENT WS, DEEPC (% BB [H] 5
73 2,500 (1] D IR i CHEHE R 22 IS DIHH T eDE B D
T XLEVENTWS., DEEPC & ¢DE % i
T 5L, BEEGEHGEE 2,500 [EIZB\WT, DEEPC &4
TOHEHIZBWT eDE X v BN T\W5728, DEEPC
DAVPBERIRVBENEEEZ 6N5.

5 HEHE

BRI & Bl LR 2 HR 72 U ORTEIZ B g 5 <
T T« BRI U T, FliRI VT 1 REEE iR
LU, £FWKETFEIZBWT EPC Iz &E~F )L
T A R EBICEIET 2 HiERRE L. RIFET
1, BEFEEENE/MIZHE L DEEPC 2 L
72. DEEPC IZ & 0 %2 D RER 2 HIF A = sl
MEZRE, MoFEE2EKT S Z2i12& D, DEEPC



Minimize f(a)=5.3578547x3 + 0.8356891x 125 4 37.2932392; — 40792.141

=85.334407 4 0.0056858z 25 + 0.00026z1 x4 — 0.00220537 375,

g2(x) =80.51249 4+ 0.0071317x2x5 + 0.0029955x1x2 + 0.0021813z3,
g3(x) =9.300961 + 0.0047026z3x5 + 0.0012547z1x3 + 0.00190852374,
0< g1(x) < 92,90 < ga() < 110,20 < gs () < 25,
T8 <x1 <102,33 <z < 45,27 < x3,x4,x5 < 45.

(z)

Subject to g1(x)
(z)
(

Fig. 1: Himmerblau’s problem

Table 1: Result of Himmerblau’s problem

Algorithm FEs Best Average Worst S.D.
DEEPC 2,500 [-31025.5242 -31025.4031 -31025.1229 0.0946
5,000 |[-31025.5602 -31025.5600 -31025.5581 0.0004
10,000 |-31025.5602 -31025.5602 -31025.5602 0.0000
eDE 2,500 -31011.7391  -30979.3300 -30925.7070 20.4843
5,000 -31025.0348  -31023.8356  -31018.9192  1.2120
10,000 | -31025.5601 -31025.5579 -31025.5490  0.0022
MGA 5,000 -31005.7966  -30862.8735  -30721.0418 73.240
Gen -30183.576 N/A N/A N/A
GRG -30373.949 N/A N/A N/A
Co-evolutionary | 900,000 | -31020.859 -30984.2407  -30792.4077 73.6335
Static 5,000 -30790.2716  -30446.4618  -29834.3847 226.3428
Dynamic 5,000 -30903.877 -30539.9156  -30106.2498 200.035
Annealing 5,000 -30829.201 -30442.126 -29773.085 244.619
Adaptive 5,000 -30903.877 -30448.007 -29926.1544 249.485
Death 5,000 -30790.271 -30429.371 -29834.385 234.555
Table 2: Result of welded beam problem 4) J. Kennedy and R. C. Eberhart: “Particle swarm op-
timization”, Proc. of IEEE International Conference
Algorithm FEs Best Average Worst S.D. on Neural Networks, Perth, Australia, pp. 1942-1948
DEEPC 2,500 |1.7260 1.7335 1.7439 0.0047 (1995).
5,000 11.7249 1.7250  1.7254 0.0001 5) Y. Shi and R. Eberhart: “A modified particle swarm
10,000 |1.7249 1.7249 1.7249 0.0000 optimizer”, Proc. of IEEE International Conference
eDE 2,500 [1.7267 1.7339 1.7423 0.0039 on Evolutionary Computation, Anchorage, pp. 69-73
5,000 |1.7249 1.7249 1.7250 0.0000 (1998).
10,000 [1.7249 1.7249 1.7249 0.0000 " .
MGA 5’000 1.8245 1.9190 1.9950 0.05377 6) J. Ke;nnedy and R. C. Eberhart: SW&I‘II] Intelli-
Co- 900,000/1.7483 1.7720 1.7858 0.01122 gence”, Morgan Kaufmann, San Francisco (2001).
evolutionary 7) K. E. Parsopoulos and M. N. Vrahatis: “Particle
Static 5,000 |2.0469 2.9728 4.5741 0.6196 swarm optimization method for constrained optimiza-
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Detecting Abnormal Condition Using a Robot "CATARO"
* R. Tanaka, C. Oshima and K. Nakayama (Saga University)

Abstract—  Caregivers in a nursing facility are too busy to pay attention to a lot of care receivers constantly.
In this paper, we proposed a monitoring robot that informs the care receivers’ bad condition to the caregivers. A
smartphone which includes a system was attached to the robot’s eyes. The system detected that the care receiv-
ers lose the balance of the seated posture by image recognition using deep learning. Moreover, the system can
track a care receiver’s face region and identify who is a front of the robot as well as have a conversation with
the care receiver.

Key Words: Open pose, Face Detector, Facet++
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Table 1: Result of the experiment.

TRy o# | 100 | 200 | 300 | 400 | 500
BEIRRE 0.96 | 0.96 | 0.96 | 0.96 | 0.96
AhLyT
" 0.89| 09| 09| 09]091
NG
BUfERRE 0.98 10.96 | 0.98 | 0.97 | 0.96
600| 700| 800| 900 | 1000 |F#3
0.96| 0.97| 0.97| 0.98| 0.97 0.97
0.9 09] 091 0.91 0.9 0.9
0.99| 0.97| 0.96| 0.96| 0.98 0.97
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Distributed Constraint Satisfaction Among Android Devices

«. Tagawa and S. Ueda (Saga University)

Abstract— A constraint satisfaction problem (CSP) has widely studied in Al literature, where the aim
of this problem is to find an assignment of values to variables that satisfies all constraints. A distributed
CSP (DisCSP) is a CSP where variables and constraints are distributed among agents. Various application
problems in multi-agent systems can be formalized as DisCSPs. Asynchronous Backtracking (ABT) algorithm
have been developed for solving a DisCSP in distributed manner. In this paper, we implement ABT algorithm
as an Android application, which we call ABT on Androids. We evaluate our application by solving a 2-queens

problem.

Key Words: DisCSP, Multi-agent Systems
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Fig. 1: 4-Queens problem
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ABT on Androids

192.168.11.4 SOLVE

Send (0k?, (x1, 1))

Received (nogood, (x1, 1), (x2,-1))
Set Constraint: (x1, 1), (x2, -1)
checkAgentView()

Send (0k?, (x1, 2))

Received (nogood, (x1, 2), (x2, -1))
Set Constraint: (x1, 2), (x2,-1)
checkAgentView()

backtrack()

Send nosolution message

Fig. 4: Execution result: x
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checkAgentView()
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checkAgentView()
backtrack()
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checkAgentView()

Received nosolution message

Fig. 5: Execution result: x5
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Implement an Algorithm that Estimates Transportation Mode at Autonomous Traffic Accident

* A. Tsukamoto, C. Oshima and K. Nakayama (Saga University)

Abstract—

Lots of vulnerable road users are killed in traffic accidents in rural area with small population

because execution timing of accident notifications are delayed.l developed an application that detects abnor-
malities and reports the traffic accident to a fire department based on a value from an acceleration sensor of a
smartphone.However, a threshold value of the acceleration sensor to judge the traffic accident is different ac-
cording to a transportation mode of the user. In this paper, I constructed a transportation mode classifier using a
deep learning technique. The results of the experiment showed that the classifier could judge two kinds of
transportation mode, walking, or bicycle correctly in 30 minutes.

(¢

1 [FLE&HIC

LREBPR 2 LRFE S, BEEICEEI LT
L. —F, BMTESBERER KO ME KT D&
AAEE T DI, ZOT, WEENERELD LD
IRAIA N X T2, RSB T OISR
NEL DAL HDH. ZORMEERRT 512012,
AR 3 - - W E T 5 2 AT DB
eHEBEZD. iz, KiBEESEET L X, HEE
SOMIHIRELAS D 22 WA, 1E L < Sk 24
DT EDHEEL.

ZIETOMIETIE, FERmL, AETHNY
—N\ZIL GPS 7 —# %50, [RIRHZIRBEC I3ILEE T
— X &L GPS T =R kDL A~Y— 75T 7V (LUF,
kT 7Y LRELT D) OMFEEIToT-. 77, Fnm
— LT, FHEWGICREREIE T HRNCE
BORNAHRTELY AT LAEARE L. Zhick
D, RIBFOREERINTED LT Fe,
RBHEORAEN B2 — NTEEFEL, Fa—rRR
WHHERY 22 E T HETAT L CHEERAEZ ORI E
Re—roh A TGN LRI THIETES XD
2otz —JF, FHOSEENOEER ORDUL, B
HTE TR, RilESENEE s &, HTLTW
00, BERHZFESTNDOM, REDRREICE -
T, FHORKZEINEDL-TL D, FlziE, BiRH|IC
Feo TWNHEEZ D, EATH NI LAY B 58 VEf
BEAZIT TS A— MRIE SNz, 72 E ORI IR AN
TEIUL, XV R B RmIEENC Y #vi Al
REMEN D B

T TABIETIE, WEkRT U AR L, FHORA
A% OAEEENE 5 A G (LB AE G e
EEIGL, BMETEDHLT5. £, 74—
T == T EHAWT, T — & 6 HHR AR D
BEIE— N2 T 20 sl d 5. 22 TOE
— R, 21k, 27, B, AEhEO 4 FEEET 5.

t

7

2 ZEFEHORA - EHT TIOUR

2.1 FEBRZIBLIEHEEE
2.1.1 FEBREIBLIEESREDFLEA

PERT 7V T, MBEEEOHERE )N D FH A g LT
WA, L, A<w— M7+ %% E L THRUEEN
B2 bl XICHF R EBRAMT 2580 boTz. A
v h 7L LT, BETEICER SR
LTCWTIE, BIRLET U 2 TH B R, £
T, iRABGIERERE A BINT B, FDmdIT, A=
— T FEEE LT X OIEE DL Z TS W
ENHDH, TIT, W FFEREITH.

212 EHTER

EETIEL, A~— b7 EE S ImND Y T 7 —
Ny FIZETIES. ZhaE2EdTH. X2.101%, =0

& EDIEEDELTHS.
ETRBOMEE

80
M
033 3
(m/s2) 2° [\ —1EE

20

0 “Y::::J‘u v —E8

-06 -04 -02 0 02 04
BRA()
X2.1 ¥ FEEONHEE

AR—=KT xRN, VY T77—_y FIZEFLEZEX
ZOW &5 @ BRI T 0 S O F TS
JEERRAM L TWDD, RS THLY 77—y R
W T D EANE, IEEAmM/SHI /> TWD Z &N
D (R JTIRRE). Dk, ENEE D4~8fED
DREEARREN LTS Z &b,

2.1.3 FERREIBGIEMERE DAHE A

BTFFEBRLY, A~—b 73 rZ2%ELIZLE X,
EZERTICHE R S IRRBIC A0 D 2 L o Tz, 28w

PG0011/18/0000-0077 © 2018 SICE



DAL, ERANCEREIPREBICRD Z L3Ry, £ 74 02% L LI2EAE, % N1 2 EANEE T RS
2T, SRV 2 B DA, MESRED 0.1 AHDHOT, o THERREHWTT 5 Z &g,

fikfor L7 anld, R &g 2 K 9 I RT 5. 2O HDOEBT, HEERTHD. FRIIEL, A
ZHUCEY, Av—b T ral LEHEE, i 7 LRMAEOHEE, HiSHE LR EOMWEZE TH 5 (K
LftrENnD ZEBES 2D LTSNS, 25~[X28). ZDLE, NA 7, HEHIIRELS I

— NEOBEIZ A~ — N7 4 L &3k iE L7=(1€2.9, 2.10).

2.1.4 ERREIBLILESRE DRESRFEER

RN IEARRES IE L < EME L T D 0MiR 3 572
WIZ, 2ODFEBRZITH .

1>HDOFERIY, A~v— 73 U EELLRITETET
SHD. ZOFEBROHL, FokonklLbxL
THHEREHW SN2 VDHERT D720 THD. fER
1%, BARJTETHE TS 2TITBWT, FHi s H
WrEnRhotz., ZD L EDINRNF—ATDONT, IE
EOIE 7T 71 L6 0E#Es. K220%, &S
2mN b AV — K74 OB E EIZIRITTEE Lz
BETHD. K231%, SE1smhbAY— R 73D
WEZRICAT TR E LIEBETH D, K24, B
Im2 S Z &L TAY— 7 4 28 < Ji
IR RN % E LIESHATHD.

ETREBROMERE
60
i 40
(m/SZ) 20
0 e ——
-0.6 -0.4 -0.2 0 0.2 0.4
B (FD)

X2.2 & 2midi BA & 026 D% T

ETEREBOMERE
60
iz 40
(m/s?) 20
0
-0.6 -0.4 -0.2 0 0.2 0.4
B ()

K23 B3 SmEEERENSOET

ETEEBOMNEE
30
mizp 20 2.7 (EZeRBR AT % HikE
(m/sz) 10
0
-0.6 -0.4 -0.2 0 0.2 0.4
B 1 ()

2.4 &S ImiiE B & 2 BRITICE T

K22~ AD SRS TIER T 5 &, % T4 5 ER
13, EEIRBEBIC > TWDZ S5, Av—F

78



X2.9 NAVICRELTCA~Y— T 42

X2.10 HERELIZRRE L2 A~— 7

EERO BT, EREBhIEEREAZBMLTYH, IEL
<$ﬁkﬂ%éhé#ﬁ;#étbf%é FERIX
DRABDAS— R T 40D L, 4FH &%$ﬁ@ﬂ
W LT FD X D2EDA~Y— N7+ IR L
T, MEEDOEAZ 7T 712 LizbDa2#EE 5. [K2.11
%, A7 ERABEAER I L EONEHEDE(L
777 Lb0ThD. K2.121%, BEEELEFEH
HAERIE L EOMEREOELE 77 7/ L=
DTHD. 77 7ORENHOWNT, FELIZEEXE0
Weds.

79

EREER D IEE

100 /\
hniEEE 8o L//H\
(m/s?) 60
40 4 \/\
22 /___/__\/_Mﬁ__x/r
-400 -200 0 200 400
¥ (ms)
K211 A 7 &R HEOEZE
HEEEROMEE
140
120
100 \_/\
INEFE s0
(m/s?) €0

40
20
0

=

400

7
_FM/J

200

H‘-"rFEl(mS}
X|2.12 HEAH L3R HE O

X211, 2,128V, EZERHICHEE PREEIZ/2> TV D
ZEERVWoT, ELLS L Ens.
2ODFEER LV, R EIBL IEEERESIE L < EE L T
DL ENTGIND.

3 BHRRRFOLOOMUKRT T) DHE

31 A=—hT7FVONEA N L —TU~DIRTE
ek T 77 Tk, IS GPS 7 —# & A — /)L Tk

ELTCWE., ZOHIETIE, A F—Fy FRERS
WAL, THERGETHZ k#f%&m
ZIT, A— b7V ONEA N L—IRIFT

DB BT 5. AR, csv 7 7 A WV EERLL,
NEEESS GPS 7 — X & EZIATe. ZDesv 77 ANV

WHEBA b L— IR T 5. _n v, 1% —=x
v RINBERLRWGATYH, T— X E2RFZENTE
5.

32 INEET— X DERGF

IR L, FHARE - E X
MEEBWETHEINTED.
PERT 7 VIE, FEHETOIMEET — & LIMREIET D
ZENTE R o Tz FRETONMERE T — # 721 Tl
FROMSIOEE R EEHET DL ENELWL. 22
T, FHBEOMEELRGFTEH LT D, Fi2,
IR T — 2 3 X ONGPS 7 —Z \ZRZ 2 5L, kD
EMERIEREFTD.

, TEEROIR S ROHE

33 F— & DIRTE

I, FHNEEZ XL, AT L—FELHEK

35&
SN

S

)I’



BB TORFREEZBS ZENTE S, HEMLHDL
RERIRE D, RO AN FEHR 2 &, Figaik
CLEMEBEORBRRNPEBENVESTZY, EEZO ZEMN
Sxbb. FHIFOFFEMRTFLTRBL I EITLD,
ZOREWVEWNRIEE RIRT B REEMEL TS, £2
T, BRE7T—HERFCEDHEIITT .

34 BRAERT—XOREF

WA T —F LE, Av— N7+ U HER LT
I L2, D LIRVILERE 2R L2 s & 0T —
HTHD., ik, hEShFEHENRE LTS, /N
SHRFEHERZ Lz X2, @HE L0 ADRND.
%Il o T, ZEOFBPERINKITIR o7z & Z ORI
Lieh. Flo, THELEETAILICLY, ¥ T
INE TR DR HAOERTE S, 22T, @Y
DHEMT — X LIFRNG, BEHRAELRT — X BRFTE
HEHIZT 5.

35 LB LETTY OBMWERESR

MR AT A 720D FEE 4 SORBIZHOWT,
FEMER 1T~ 7=, 3.1 8, 3.2 #, 3.3 fiClk~7=Fik
R ARAET D7 —Z 2OV TIE, Wb s
AN L7-85A0, IEL S fldk D 2 & iR L= (X
3.1, K32, K33) . 34 HiCh-@mRAE 2T —
H DIRAFITHONTIE, Sl & 1B S W E oD
USRVINERE 2 N2 5 &, Bl ST — 2 HMRF
STz (K34) . Winb, ELLEMWEL, BWY
DF —ZIMEEENTNWDZ L 2R LT-.

X 3.1 PERA b L— U ~DIRAF

HREBOMMNEE
100
80
IRE 60
(m/s?) 40
20

0 VAE ’
-04 -02 0 0.2 04 06 08 1.0 1.2 14 16 1.8

B RS (7D)
X 3.2 JHEET — X ORTTF

80

@ 8.12es

X34 JERAERT —H DR

4 TERREERICK HENEREEE

41 EBROBM L FE

FEEROBIIE, 53 ETEM L2 HFHORB R TS A
T AN, BEMETH S, FEERFIAL, BiSE(X 4.1)
ERAEDEZETHD. Znk 2EITH. 1 [REIEDOFE
L, EfTHOREBHELEFHEOHEB R CTHS. ZDL
X, AISHIZEET-Y I —ANEOMEICA~— T 4
ZakiE L7-(X 4.2). 2 FIHOFERRT, EikS87-HiR
HERAEOEETHD., 20L&, HEEONIIC
A~— 7 & o hixiE Liz(4 4.3).

X 4.1



42 EBRER

FERIE, 2 MOFERE BICIEL ERAERAL, N
A N L= ~OAE, IEET —% ORAE, S5T
— X ORI Uz, B281% O NLEEE (R0 7228
LR RO T=D TBHT 5.

X 44, 451%, 1[EHE 2 [\ HOFEBRONGHEE DL
ka7 7 7L L= D Th D, RO % 0 f &
T5.

HREERONMERE
100
80
hnEE 60 ,
(m/s?) 40 |

20 \ - | W T B et

04 -02 0 02 04 06 08 10 12 14 16

Bl (72)
X 44 JEICERE L A~— 7 4 2 ONEE DL

HREER D IERE

100

80

ASERE 60
(m/s?) 40
20

04 02 0 02 04 06 08 10 12 14
B ] (7))

4.5 DIICERE LTI A~— N7 4 ONLEE DAL

1.6

81

RPCIERT 5 &, 2 RIOEBRIZIWT, R L
B L THHH 1 BICRWILEE 2B LT\ 5.
Z T, 2 BIOmZEEROFES LoGEi L T
WS, fOBZEERICENTY, Bk o 2ksR L 7

27z,

43 BE

4281L D, A~— b T3 EHIFMTTH, HITfF

FHIEhTiIcANTZE LT, ELLFiammd s
ZENGDD. Fin, RWEEKSEE L&D, R
R L TEZE LT B 1 LSRR 2 45 =
ENSIND. BREBRPETIE, Z ORERE VT HREIL
WA, ZOREREHNDZ LI DH LW ENTE
BLEEZDB. 1 DOTAT AT ELT, IhhnbEg<
DTF—HZEED, TA—TT—= L T TEREIESH T
LIZEY, EPOXOREENREZONHEBITE 55
MR AR TE DL EZD.

5 FA4—FS5—=UJ%#AVE=E— FHIBROSE

=

51 E— FHBIHD S EE

RBFNRE T L&, BTLTWDHD), HEZH
IZ/o TWDHDM, REDIREIZL - T, FHDOKRE
ENED-TL D, £ZTC, T4—TTF7—=27%
WTC, B— NERIHOSERREZBET . ZZ2ToE
— NI, 121k, 237, BEsHE, AEEO 4 FHETH 5.

ARFGETIE, MEEDOT —Z ZIHH L, DlEeRa ik
T 5.

52 PBAFEBURE
KRHFFE TR DR Z 3 5.1 [TRT

# 5.1 BAREREE
5%E FEAM
FA 77V Tensorflow, Keras
FATEREE Jupyter notebook
BAYE =5l Python

53 FT—XBERE

F =TT == TR W SRR AT A T2 DI
X, < DOT—EPYPELRD. £ZT, T—HFEH
BT 57 7Y ZER LK 5.1). 277 Vi, #H
IZE— FEZRIRL T OEELE FORY U525 v 7T
B ETT—HORENEED. LT, BRL-TE
— RIZRHET 2 7~ & x i, y#l, z 8 iEholn
WA R 5.



moiCE-FERRLT (AW

ik
#15
aEE
S
[ <« o o |
M51 F—2EET 7Y
54 FERT—¥
FEHT—21F, Eik, 547, BisHE, ABEO 4

ODTF =R EHES. FIEOT—HE, Av—FT x>
ix X CE X, Ait4RHOT —2 2HE07-.
WITOT — 2%, WEEZ 4 NED, & 1 FEET S0
ABEtA DT — 2 ZEdi-. HisEOT—X 1%, #
fTOTF—% LR UHERE 4 NC, 4% 1 B9 >4
4 BT — X 2 4EDT=. BEEOT —X1E, BHITO
T OYEERE LT B RS 2 N, 526
M oDEEH 4 OT — X 27, ZOFRAT
— X HWT, DR EEET .

55 HEBHT—%

RERHT — 213, 4 SOF— RENERFEHOHERT 5
ﬁfoﬁw,:néﬁﬁfzﬁﬁoﬁﬁﬂmﬂ ZzL
T, W& 4 N, GFF 2 K 40 5y DT — 2 &4
Hi-. ﬁbtf—&@ﬁﬁi ZOHitET 5. ZOR
BT —4% %W, %%Ltﬂ*ﬁ_ﬂﬁéﬁa

-

56 =B

56.1 EBROHBLHIE

EEROBHIL, 22955, 1 2RI, EOLS0OHE
BTELWE— RSN THD. 2 DHIT,
E— REUW 2L XI1T, EOLHVORFTIEL
WE— REHET X0 THD.

FEERTEIL, BRBHAT—4 % 10 1m0 50, <
DIOHDOTF—E% 15D FLE L, FRFENES
BRI ESE D, ZoRBRT —% 0% 7 Vi,
112N 187 i, AT 257, HEsHLS 204 {8, HE)
BN 284 HTHD.

5.6.2 FEBFER

WIDIZ, REBRAT — X 2 MRS L&D
%?~b@£%$_owTF%%¢~é F 52 1%
ET— FOIEMY v TNV THD. 52103, %\sa~
ROEMHRE YT 71 LZbOThS.

82

F52 HE— FOEMRY T H

BRI

=l 187{@%71{& 38%
H1T 257{&rh248{@ 97%
BEE 204{@h172{& 84%
EEIES 284{E #h 44{8 15%
EE—FOERE
(%)
100
80 I
60
40 38 I
20 . 15
0
#Fik BinE
-Eﬂ@

K52 &E— ROLEMESR

@ﬁ&EL<%méntﬁy7wﬁi1mﬂwFﬂ
fEC, BAX38%THD. BHTEIELHB S
/7wﬁi%7@¢zmﬁf FHEIZX97%THS. H
%E&EL<Mméht#/7wﬁimmﬁ¢rn@

T, #5131 84% TH S, AFE LIEL HEr st
/7wﬁimM@#M@T BAEIL15%TH 5.
RIZ F%’@Jbﬂztc‘:% Z, EFLWE—FRE

*'Jliéﬁéﬂé F TR &2 £ & D72 b DIZHONT

BARDH(F53). T2 TIE, SHMTEBERHEIZOW TS
Bz 5. BHIE, SHMTEABRITEVHERETELL Y

HTE, FILEEHETIELI pETEE
UVERIZIR S Ten b Th D,

E=AAY  :

#53 ELWE— REHW &5 E TOLERR

S B 208 308
FIT 4[] 29 2[@
SETRES 4[E e 1=

558 TCTIRAZL DT, FET— R ELY I, £+
NENEEF8EH 5. i 1T, 10 P CTHIEr S 72D h
4[a], 20 W CHIWr ENTZD8 2 [E], 30 B CHIKr Sz
ONR2ETHD. BisHEIL, 10 D THWESNT-D0 4
[\], 20 B> CHIr S 7= o8 3 [1], 30 B CHIr S izo
D1ETH L. E— FREIY b T30 b,
HBATE HEREY, 100%DEAETIEL L fHkrEns.

563 E£

AMFFECHESE L 7= 0 ge Cl, AMTE HERHIIIEL
SHFETEXDN, FEIEEAEHTIE LS TE 20
EWVWZ D, T, EIEE BEEOHBI, GPS & H
WHZ LI VIR CE D LB XD, BILITE B
DIV, HENEIIBENERENEL 25D T, ELL
HIRITEBZ EIEFHALNTHA.

Fio, BE-FZUDERALEIE, ELWE—FE



iS5 £ TICHERFHEIL, R<TH 30 THS.

30 PLAMICIE LWE— R LT &b o CThiE, F#
BHWE— RN TE TS EEZ D,
INHOF— FOHRIE FRRNE— R 21T
LIZXY, mmEESEEEEIL, ok iikiE
THEBUCHST2OPERET DN TES. 77,
IEHEZEROME D D DL, (TN ANDEIEE & Vo725
B ORISR IR C BB LT — 2 24D, ks
WIERT 22812k, EoXopikieT, CofE
DFEHT, EOBREOWENH-ONEHETX S L
EZ2D. LUFEHICHEET 22 L2k, B emn
ST-mBNE L HIhdEEZD.

6 HhHYIC
61 F&o

AR TIL, 2B ES OB - BHT 7Y OWE &
FHCRDUCHIB > AT DO, riags DRSS & MGk %
Tolc. RBHFHOBRE - BHT 7V OKRTIE, &
KB SRR DB N2 LT, FHECRILEIR S 27 AT
%, NEBA b L— U ~ORLE, IEE T — & OLRAT,
BET — % ORAE, WMAERT — X ORIFEBNL
7o, DHEBROMRLWMIETIY, T4 —TFT7—=T%
FAWT, M AEREL, TONHEGNHRTE Bl
WCBWTEMTHDLZ L2t Lz,

62 ASHBOFELRY

LSHOBEE LUL, MELDERES T4V
THEMTHZETHD. BIEMETIE, 774 0TF
— RZHBILTWD. ZEESORE - @77 U T
CONMERERNERT A0, AT A T
AU B2, E 2, ZoOSYERRT, i bEEL 7
FENERSHD EEZD. A%IE, ZO0EGEEDOX
NIENL T ONEZ DVLENSH 5.

Eif3

ARBFFENE, ATSMTIEA 5 0 2 < BFSEBIR T = 7 5 2
DXBEZTbOTHD. Fi, BEEERTIIEST  F
TR O RBFRRC S KR D ZWHh e ni=l2ni-. =
COHEMOBEETS.

SEXH

1) BARLTH SEPE DDA~ — T F o m N
EHEHL ORI < W T 7Y OWFFERRFE” 2016 FEE 3
A

2) A uEC Fe— B AW HERIOMR Y AT LD
RIFFEBE%E” 2016 4R 2534000

3) i B, KB THE BRER BEES “A~— T %
T T VIR A SO AR E Fr— AT KD
RUOMER S AT L7, 5 39 B RREYS, 2016

4) i @ikl “BEEREHROBENEHRT 7V OFER”
2015 A PE 253550

5) Google v~  <https://www.google.co.jp >

6) FJE  FRARHE “ERAE OB EIREK ORI R A T
D Ra—r Y AT LD 2017 AR

7 NI ®, BB, B A, (DR LR, RS
WIS “HEBHREN I D GPS fE O Hal LHIE 2 v

83

8)

TENCEAEEE TR HIEORET , A ROGE, 2014

HE AT, CAEA R, L R R
M e — R aRREHEE 520", AL
50(1), 193-208, 2009

T RRE &

LAYt
TS A S R



	表紙
	奥付
	目次
	01 災害現場の情報を把握する自律AIドローンの研究開発
	02 敵対的生成ネットワークによる経路計画
	03 対話ロボットの自然な“あいづち”に向けた研究
	04 Projection-basedビジュアルサーボ法を用いた複数対象物中指定対象物の実時間認識
	05 会話中の単語をもとにオートサジェスト機能を使って検索した画像の提示方法
	06 ニューラルネットワークの埋め込み安定性と汎化能力の関係
	07 ディープラーニングによる牛の妊娠鑑定
	08 深層畳込み生成敵対ネットワークDCGANで生成した旋律を人はどのように感じるか
	09 欠損値のない学習用データが利用可能な場合における欠損値に対してロバストな学習法
	10 半導体アレイセンサとニューラルネットワークを用いた臭い識別システムの構築
	11 乳房Ｘ線画像における画像診断が難しい腫瘤に対する深層学習を用いた良悪性鑑別の試み
	12 等価ペナルティ係数法を導入した差分進化による制約付き最適化
	13 ロボット'CATARO'を使った被介護者の異常検知
	14 複数Android端末の分散制約充足アルゴリズムによる協調
	15 交通事故時の移動モード判別アルゴリズムの実装



