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A Consideration on Swarm Model for Numerical Function Optimization

S. Iwasaki, H. Xiao, *T. Hatanaka (Osaka University) and T. Uchitane (Riken)

Abstract— We consider a general model of the swarm intelligence for function optimization problems in
this paper. The model is devised on a basis of mathematical swarming differential equation model and its
difference approximation. Thus there are several parameters in the model corresponding to a repulsion effect,
an attractive effect and a gradient direction. We mainly consider a repulsion effect and unknown gradient
estimation in this study. The nature of the proposed model by some typical numerical simulation results is
described. Then the numerous simulation results show that the behaviors of swarm will change significantly
for example aggregation and clustering by parameter setting, we can see a well characteristic for the function

optimization problem in the proposed model.

Key Words: Function Optimization, Differential Equation Model, Swarm Intelligence
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Fig. 1: Sample trajectories of serch points for Sphere function for « = 1, @« = 10 and o = 50. Green dots
represent initial potisins of search points and red dots represent terminated positions.

o= 27
K S “/
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Fig. 3: Sample trajectories of serch points for Double cone function o = 0.01, & = 0.1, &« = 0.2. There are two
local optima (0,0) and (3,3).

Fig. 4: Sample trajectories of serch points for Double cone function o = 0.01, & = 0.1, & = 0.2
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Radial basis function networks with elliptical basis functions based on

the distribution of the learning data

«H. Sugiura, T. Okamoto, and S. Koakutsu (Chiba University)

Abstract This study focuses on the radial basis function (RBF) networks which can implement the regres-
sion for continuous inputs and outputs. The RBF Networks is an artificial neural networks with three layers.
It learns centers and radii of activating functions called radial basis function and weights between the hidden
layer and the output layer to work as a suitable regressor. The shape of the basis function of the conventional
RBF networks is circle; hence, there are some regions that the basis functions cannot cover well in training
data, and thereby the regression capability can deteriorate in the regions. This study proposes a new RBF
networks with elliptical basis functions to improve the regression capability. In the proposed method, the
elliptical basis functions which adequately cover the training data are derived by using the clustering result
for the training data. The effectiveness of the proposed method is confirmed through an application to a
multi-modal function regression problem with noisy and unevenly-distributed training data.

Key Words: Radial basis function networks, Machine learning, Clustering, Gaussian mixture model
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Table 1: Results for the six-hump camelback func-
tion approximation problem. C. M. stands for con-
ventional method. P. M. stands for proposed method.

Method  E» Learning Evaluation
time [ms] time [g]

C. M. 0.3865 23.32 2.077

P.M.1 0.3784 25.80 2.380

P. M. 2 0.3418 436.90 2.468
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Vision-based Docking Simulation of Underwater Vehicle

Using Stereo Vision under Dynamic Light Environment

O Myo Myint, Kenta Yonemori, Khin Nwe Lwin, Naoki Mukada,
Mamoru Minami, Takayuki Matsuno (Okayama University), and
Akira Yanou (Kawasaki College of Allied Health Professions)

Abstract— This paper presents a visual-based docking simulation for autonomous underwater vehicle (AUV)
under unknown environment that offers huge challenges for visual servoing. For relative pose estimation in
real-time, model-based recognition approach is applied using two cameras and 3D marker. Real-time Multi-
step Genetic Algorithm (GA) is utilized to evaluate the gene candidates which represent relative poses
until getting the best gene with the most trustful pose. The proposed system is implemented in PC, and
the Remotely Operated Vehicle (ROV) is tethered through the cable with 200 m length to receive image
information and control signals. We conducted experiments in simulated environment in which light is
changing dynamically to confirm whether the proposed system can operate docking task under unknown
environment. Experimental results showed that docking operation under unknown lighting environment was
completed successfully by only mean of virtual servoing using proposed system following designed docking

strategy with promising effectiveness.

Key Words: Visual servoing, Underwater vehicle, Docking experiments, Dynamic light envrionment

1 Introduction

Nowadays, docking operation has become very es-
sential in advanced applications such as underwa-
ter batteries recharging, up loading and download-
ing data, sleeping under a mother ship, and doing
some tasks in a vehicle-manipulator system. Gen-
erally, there are three phases in docking operation.
They are long distance navigation, approaching and
docking. Among them, docking step is a critical ca-
pability for autonomous underwater vehicle especially
when a docking station is unidirectional one that has
a single angle for entry. There are many studies on
the docking system using various homing sensors V-3)
and techniques ¥-% for the underwater robots. Dif-
ferent kinds of sensors such as global navigation satel-
lite system (GNSS), inertial navigation system (INS)
and acoustic sensor have been used for vehicle local-
ization. In spite of expensive navigation sensor suit
and large scale dead reckoning sensors being used to
provide accurate position data, the final approach of
docking process especially for unidirectional docking
station is still a difficult task. Recently, a vision-based
system has been highlighted as a promising naviga-
tion system due to the progress in computer vision.
With this motivation, we have developed vision based
docking system for unidirectional docking station.

However, one of the challenging problems to be
solved for vision-based systems in unknown environ-
ment is illumination variation. There are few studies
with discussion on the problems of illumination varia-
tion for underwater vehicles especially for docking ap-
plications. To achieve docking process with adaptabil-
ity to illumination variation, therefore, we have devel-
oped vision-based docking system with light adapta-
tion system for dynamic light environment.

The structure of this paper is as follow. Section

FIROVEA—T—3aF I AVTIDIVAMES
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Fig. 1: Underwater vehicle and 3D marker.

IT describes concepts and the structure of proposed
docking system for underwater vehicle. Experimental
results to assess the performance of the proposed sys-
tem are described in Section III with discussion. The
final section concludes the paper.

2 Proposed Docking System
2.1 Visual Servoing System

Fig.2 shows the block diagram of proposed visual
servoing system using two cameras. 3D marker con-
sists of three balls with red, green and blue color. In
this system, series of images with video frame rate of
33 ms captured by the dual-eye cameras installed on
underwater vehicle are sent to the PCI interface unit
in PC through the cable. Real-time relative pose of
underwater vehicle is estimated using 3D model-based
pose estimation algorithm. Then, based on the error
between estimated and desired pose, the 3D motion
controller outputs voltage signals as the feedbacks to
control the vehicle in desired pose. The control pa-
rameters for the ROV are z4[mm], yg4[mm], z4[mm]
and egq[deg].

2.2 Model-based recognition using real-time
Multi-Step GA

3D model-based recognition based on 3D to 2D pro-
jection is utilized to estimate relative pose between

PG0007/16/0000-0010 © 2016 SICE
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Fig. 2: Block diagram of proposed system.

vehicle and 3D marker. Knowing the information of
the target and predefined relative pose to the ROV,
the solid model of the target is predefined in com-
puter system and projected to 2D images. Then the
desired pose relationship is established by comparing
the virtual projected images and the captured ones.

Fig.3 shows Model-based recognition system using
dual-eyes vision system. Models representative to six
pose parameters; (X, vy, z, €1, €2, €3), where the (x, v,
z) is position in Cartesian coordinate frame and the
(e1, €2, €3) shows the orientation defined by quater-
nion, encoded by 12 bit each are initiated randomly.
The model that has the highest matching degree with
target represents the estimated relative pose.

Therefore, the problem of pose recognition ad-
dresses to the searching problem. The solution is GA
with promising speed and accuracy of performance.
According to the performance in time-domain, GA is
selected and modified as real-time Multi-step GA in
this work even though there are advanced optimized
techniques. Detail discussion about real-time Multi-
step GA is explained in 4.

2.3 Docking Simulation

There are three steps in proposed docking opera-
tion. In approach step, the vehicle will approach to
docking station until the 3D marker is detected. How-
ever, according to the space of indoor pool in this
experiment, we implemented approach step just to
control the vehicle to go forward and detect the 3D
marker. After detecting the 3D marker with mini-
mum fitness value that is 0.6 in this experiment, vi-
sual servoing step is performed to control the vehicle

Image L

Camera L |15 Searching Area

Y 7 j-th point of i-th
Image R Solid Model

Ty

ROV

Camera R p s .\g):Mi

x M Real Target

Fig. 3: Model-based recognition system using dual-
eyes vision system.
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to be regulated in desired pose (x4 = 600 mm, yq =
0 mm, z4 = -67 mm, €34 = 0 deg). To transit to
docking step, we set up allowance error level to check
whether the vehicle is in suitable pose to make dock-
ing. There are two checking criteria before docking.
Firstly, the vehicle has to stable with defined toler-
ance of position error in image plane. We defined
tolerance of position error to be £20 mm because the
radius of docking hole is 35 mm. Then, the vehicle
has to stable for defined period that is 165 ms in this
experiment. When these two conditions are satisfied
during visual servoing, the vehicle performs docking
process in which the rod attached to the vehicle fit
into the docking hole fixed besides 3D marker. Note
that switching between docking and visual servoing
step based on allowance error makes the docking op-
eration more smoothly with gentle surfacing the dock
hole. Due to field of view of camera, the search area
is defined as shown in Fig.5.

2.4 Controller

The proposed control system is 4 DoF (z4, ya,
e3¢ and z4) based on Xy against 3D marker (see
Fig.5). Controlling rotations around x and y-axes of
>y (€1a]deg], e3q[deg]) are neglected because of their
self-stability and less effectiveness to ROV’s motion
in this experiment. Conventional Proportional con-
troller is used to compensate the error between desired
pose and recognized one. The control voltages of four
thrusters are calculated by the following proportional
control laws.

v = kp(zqg—2)+25 (1)
vy = kpa(esq —€3)+2.5 (2)
vs = kps(ya—y)+25 (3)
va = kpa(za —2)+2.5 (4)

where x4, y4, €3¢ and zg4 are desired relative value
based on Xy against 3D marker (see Fig.5), and vy,
vs and vy are the voltages for thrust of x-axis, y-axis
and z-axis direction respectively. vo means the voltage
for torque around z-axis.

GA search area

Y '!21’“

b i, Bt

Zn

5
% -
—

Fig. 5: GA search area.

400mm

2.5 ROV as a Test-bed

The ROV shown in Fig. 6 manufactured by Kowa
corporation, is used as a main test-bed for proposed
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Fig. 4: Block diagram of the vision-based control System.

experiment. Two fixed forward cameras with the
same specification (imaging element CCD, pixel num-
ber 640 x 480, pixel focal length 5 mm, signal sys-
tem NTSC, minimum illumination 0.8 Lx, no zoom)
are mounted on the ROV. The thruster system of the
ROV consists of two horizontal thrusters with a max-
imum thrust of 4.9 N each, one vertical thruster and
one lateral thruster with a maximum thrust of 4.9 N
each. In addition, the ROV is equipped with two units
of LED lights (5.8 W) as the illumination source.

Fig. 6: Overview of ROV (a )Front view (b )Side view
(c)Back view (d)Top view.

2.6 Proposed Light Adaptation System

The proposed light adaptation system is based on
the concept that the information of illumination vari-
ation due to dynamic light environment can be en-
quired from sequential images captured in real-time.
Therefore, two criteria of light adaptation system for
3D model-based recognition against illumination vari-
ation are as follow;

2.7 Detection of 3D marker in hue value

Due to less sensitive to environment, hue space is
used to detect 3D marker. Then, due to the distance
in degree in hue space, three basic colors (blue, red
and green) are selected for 3D marker.

2.8 Active hue range

In stead of using fixed hue range to detect 3D
marker in every images, hue range for next images are
updated from the distribution of histogram of color
objects in hue space from previous image.

The proposed lighting adaption algorithm is as fol-
low:

1. Initiate recognition process using defined standard
hue values for each basic color.

2. Select the sampling points in previous recognized
object area through projection from estimated pose.
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Fig. 7: Updating new hue ranges based on distribu-
tion of previous recognized object histogram.

3. Get the hue value corresponding to each point on
the image.

4. And automatically adjust the range of hue values
to be used for follow-up recognition according to the
distribution of the hue.

3 Experimental Results and Discus-
sion

3.1 Experimental Environment

Experiments were conducted in indoor pool (3 m in
length, 2 m in width, 0.75 m in depth). To simulate
dynamic lighting environment in term of both illu-
mination intensity and direction variation, LED light
source installed on ROV was configured to provide
different illumination intensity and direction.

3.2 Docking Performance using Proposed
System

Finally, we conducted experiments to confirm
whether the proposed system using light adaptation
system can operate docking task under unknown en-
vironment. In order to perform docking experiments,
a rod on the right side of the underwater robot and
cylinder hole on the left side of the target are de-
signed as shown in Fig.10. When the robot is in the
right relative pose to the object, then it has to move
ahead to insert the rod into the cylinder hole. The
desired pose before and after docking operation is as-
signed as below. The values in bracket are the desired
pose when the docking operation is completed. Fig.10
shows docking experimental layout with coordinates
of vehicle and 3D marker.

Trd = HZM = 600 (350)[ }
Ya = 0 (0)[mm],
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Fig. 8: Docking Performance with Lighting Adaptation System: (a) fitness value, (b) position in x-axis direction,
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(d) Docking complete successﬁIlly

(c) Docking step
Fig. 9: Docking Process: (a) Approach step, (b) Visual servoing step, (c) Docking step, (d) Docking completed
successfully.
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Fig.8(a) shows the fitness value of recognition dur-
ing docking operation under unknown light environ-
ment. As showm in Fig.8(c), visual servoing step was
transited to docking step after 10 seconds when the
vehicle is stable with allowance position errors 4+ 20
mm for 165 ms. Fig.8(b), (c), (d) show the real-time
position of vehicle following desired pose. Fig.8(e), (f)
shows the active hue range updated in real-time for
recognition in left and right images. Fig.9 shows the
docking process step by step. Therefore, we concluded
that docking experiment under unknown lighting en-
vironment is completed successfully by only mean of
virtual servoing using adaptive system following de-
signed docking strategy within 50 seconds.

4 Conclusion

In this work, vision-based docking system for un-
derwater vehicle was implemented. A unidirectional
docking station with 3D marker was simulated in in-
door pool. A real-time pose tracking using 3D model-
based recognition and real-time Multi-step GA was
proven for high homing accuracy. In addition, to over-
come illumination variation problem due to dynamic
light environment, light adaptation system was de-
signed and implemented. Finally, docking experiment
was conducted successfully using proposed system un-
der unknown light environment. Follow-up docking
experiments in an actual AUV in sea trials will be
conducted in future.
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Visual Sevroing to Longitudinally Moving Obejct Based on Hand/Eye-Vergence
Dual Cameras System

xY. Kou H. Tian

M. Minami (Okayama University)

Abstract— Visual servoing to moving target with hand-eye cameras fixed at hand is inevitably affected by
robot’s dynamical oscillations, therefore it is difficult for the fixed-hand-eye robot to keep target object at
the center of cameras’ view, since nonlinear dynamical effects of whole manipulator and intensive dynamical
coupling of each link stand against keeping consistent servoing accuracy. To improve the defects of the fixed-
hand-eye system, hand-eye-vergence system has attracted attention—Ileft and right cameras’ directions could
be rotated to observe and keep the target object be recognized at the center of camera images, reducing the
influences of aberration of camera lens. On top of this, the longitudinal moving object is more difficult to be
recognized than the lateral one, because the image change is less than the real motion of the object. By using
“3D Move on Sensing (3D-MoS)”, which is a method to control robot’s 3D pose (position and orientation) by
using detected 3D Pose through dual cameras system. This research confirmed that the hand-eye-vergence
system can improve the observability and trackability on visual servoing in camera-depth direction.

Key Words: Visual Servoing, Eye-vergence, 3D-MoS

1 Introduction

Visual servoing is a control method to control the
motion of robot. By incorporating visual informa-
tion obtained from visual sensor[1]-[4] with the feed-
back loop, visual servoing is expected to be able to
allow the robot adapt the changing or unknown en-
vironment. Some methods have been proposed al-
ready to improve the observation abilities of the robot,
for instance by using stereo cameras[5], multiple cam-
eras[6], and a method with one camera fixed on the
end-effector, the other done in the workspace[7]. How-
ever these methods obtain different views to observe
the object by increasing the number of cameras, leav-
ing the system less adaptive for changing environ-
ment.

Even through there have been plenty try concerning
on the visual servoing about tracking object, however
the final goal of the visual servoing was been con-
sidered as realize the end-effector approaching to the
target then work on it, for instance grasping. In this
case, the desired relation between the cameras and
the object should be time varying, for this reason, the
eye-vergence camera system is a settlement to keep
suitable viewpoint on the target all the time during
the approaching visual servoing, utilizing the change-
able cameras’ eye direction in order to keep the target
been recognized at the center of the image.

The other merit of eye-vergence is concerning dy-
namical effects to keep tracking a moving target in
the camera’s view. For example, when people keep
tracking a moving object, they may catch up to the
object in case of the object moving slowly, but when
the object become to move faster and faster, human’s
face cannot be kept positioned squarely to the object,
while human’s eye can still keep staring at the ob-
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ject because of its small mass and inertial moment.
Needless to say in visual servoing application, keep-
ing closed loop of visual feedback is vital from a view
point of closed loop control stability.

By a previous work, it has been clarified that the
eye-vergence system has superior stability and track-
ability performances in pose tracking dynamical mo-
tions in lateral direction. However, pose tracking
of longitudinally moving object has a difficulty for
depth distance to be estimated than laterally moving
one, because the image changes becomes less in cam-
eras’ view against when the object’s motion in real
world. In this report, we conduct some visual ser-
voing experiments about object’s longitudinal move-
ment by using fixed-camera system and confirmed
that eye-vergence system can perform well in longi-
tudinal tracking. From the experiment results, we
verified about the error of object estimation by show-
ing the action of GA in time-domain during visual
servoing.

2 3D Pose Tracking Method

In this paper,we take a rectangular solid block as an
example of the target to explain The 3D Pose Track-
ing Method.The shape and color of the solid block
is assumed to be known.Other different kinds of tar-
gets can also be measured by model-based matching
strategy if their character is given.

2.1 Kinematics of Stereo-Vision

We utilize perspective projection as projection
transformation. Fig. 1 shows the coordinate system
of the dual-eyes vision system. The target object’s
coordinate system is represented by X¥,; and image
coordinate systems of the left and right cameras are
represented by ¥;;, and X;g. A point i on the target

PG0007/16/0000-0016 © 2016 SICE
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Fig. 1: Coordinate systems of dual eyes

can be described using these coordinates and homo-
geneous transformation matrices. At first, a homo-
geneous transformation matrix from right camera co-
ordinates, Lcr to Yas is defined as BT, And an
arbitrary point ¢ on the target object in Ycop and ¥,
is defined ©Fr; and Mr;. Then “fr; is,

CRT,i — CRTM MT"L (1)
Where Mr; is predetermined fixed vectors. Using
a homogeneous Sy to Xcg, i.e., WTcr, then W, is

got as,
WT‘Z‘ = WTCR CR’I”i. (2)
The position vector of ¢ point in right image coor-
dinates, %r; is described by using projection matrix
P of camera as,

Ry, = p OBy,

(3)

By the same way as above.

CL

r, = CL,, M

Ti.

w

w cL
ri="Tcr "7

Ly _ pCly,

Then position vectors projected in the ¥;r and ¥y,
of arbitrary point ¢ on target object can be described
IRy and 'Er;. Here, position and orientation of ¥y
based on Ycgr has been defined as CR¢M Then

Eq.(3), Eq.(6) are rewritten as,
{ IRTi — .fR(CR":bM7 M'ri)

oy = fr(Fabyy, Mry). ™)

This relation connects the arbitrary points on the
object and projected points on the left and right im-
ages corresponding to a 3D pose 4, of the object.
The measurement of ©fap,,(¢) in real time will be
solved by consistent convergence of a matching model
to the target object by a “Real-Time Multi-Step GA”.
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2.2 Model-based matching

The 3D solid model is shown in Fig. 2. The model
is constituted of inside space S;, and outside space
Sout- The left and right 2D searching models, named
Sy, and Sg, are shown in Fig. 2(on the bottom).
Supposing there are distributed solid models in the
searching space in Xy, each has its own pose “ T,
CLap ;- To determine which solid model is most close
to the real target, a correlation function used fitness
function in GA is defined for evaluation. Here, we
use color information to search for the target object
in the images. In order to evaluate difference of hue
value between the object and the searching model.
The hue value of right image at the position /fr; is
expressed as p(!fr;), and the hue value of left image
at the position 'lr; is expressed as p(!fr;).

Z P(IRTi) -

TRP,€SR,in(CRypr)

Z p(IRT'i))

IRP,€SR out (CBuypr)

Soltry— Y ()

ILr,€SE in(CLynr) TETi€ESL out (CLynr)

{FR(CRWM) + FL(CLd’M)} /2

+( /2

(8)

Eq.(8) shows the fitness function that calculate the
correlation function between the search model and
image. When the searching model fits to the target
object being imaged in the right and left images, then
the fitness function F(“4,,) gives maximum value,
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ie., F=1.

Therefore the problem of finding a target object and
detecting its position/orientation can be converted to
searching “1p,, that maximizes F(%1,;). We solve
this optimization problem by GA. The genes of GA
representing possible pose solution €4, is defined as,

ta ty ts €1 €2

———
01---0100---0111---0101---0101---1101---10.
—_——

12bit

€3

12bit 12bit 12bit 12bit 12bit

The 72 bits of gene refers to the range of the search-
ing area: —150 < ¢, < 150[mm], 0 < t,, < 300[mm)],
650 < t, < 950[mm], and —0.3 < €1,€2,e5 < 0.3,
where ¢; is defined as quaternion and represents al-
most the same range of —54 < roll, pitch,yaw <
54[deg].

Although GA has been applied to a number of robot
control systems [13], it has not been yet applied to a
robot manipulator control system to track a target in
3D space with unpredictable movement in real time,
since the general GA method costs much time until
its convergence. So here, for real-time visual control
purposes, we have employed GA in a way that we de-
noted as “Real-Time Multi-Step GA” evolution. This
means that the GA evolutional iteration is applied
one time to the newly input image. While using the
elitist model of the GA, the most accurate pose of a
target can be detect in every new image by the pose of
the gene with highest fitness value. In addition, this
feature happens to be favorable for real-time visual
recognition. The flow chart of the Real-Time Multi-
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Fig. 6: 3D marker

step GA process is shown in Fig. 3. The pose of the
best gene is output in every newly input image on a
on-line measurement result, to be used as command
value to the manipulator’s controller. Thereby real-
time visual servoing can be performed. Our previ-
ous research has confirmed the 2D recognition method
enabled a eye-in-hand robot manipulator to catch a
swimming fish by a net equipped at the hand [11]. Fig.
3 shows that the image inputting process is included
in the GA iteration process seeking for the potential
solution, i.e., toward the target. That is, the evolving
speed to the solution in the image should be faster
than the speed of the target object in the successively
input images, for the success of real-time recognition
by “Real-Time Multi-Step GA.”

3 Hand & Eye Visual Servoing Con-
troller
3.1 Hand Visual Servoing Controller

The block diagram of our proposed hand & eye-
vergence visual servoing controller is shown in Fig.
8. The hand-visual servoing is the outer loop. Based
on the above analysis of the desired-trajectory gen-
eration, the desired hand velocity ", is calculated
as,

v (9)
where "' 7g g4, g Eq can be calculated from ET pa
and Ty, K p, and Ky, are positive definite matrix
to determine PD gain.

The desired hand angular velocity Wwy is calcu-
lated as,

. W W .
rq=Kp,"Tppst+ Ky, TgEd,

w w

Wwd = KPOWREEAG + KVOWwE7Ed7 (10)
where £ Ae is a quaternion error [12] calculated from
the pose tracking result, and Wwpg pq can be com-
puted by transforming the base coordinates of T g4
and ET , from Y5 to Yw. Also, Kp, and Ky, are
suitable feedback matrix gains. We define the desired
hand pose as Wap = [Vl W l|T

The desired joint variable gz, = [q14d; - - -
qpq is obtained by

]7 and

»q7d

= F (") (11)

dEd



Fig. 7: Object and the visual-servoing system

Objective of
visual servoing

1
1 9a
, i Inverse 1
Mo r !
1
- Eqp | " Wrp.Ea - :
Desired- | 1j, Coordinate | w ;. npa | Velocity \
i E Lle , 1
generation | “wE : Sp—> Sy | W, 3: pa | Dlock A{gzgpulﬂtar I qg
o amera t
: Hand visual servoing block dynamics _ | !
[ e T I R 13
[ Camera Camera J@atClaaal e
1 : 9ed P +Gl@) =T
o inverse P
[ kinematics ‘ block  |T2

[

Camera

1
Visual feedback block |

Fig. 8: Block diagram of the hand visual servoing
system

w

Tq
W,

where f~H(Wapl) is the inverse kinematic function
and J 5 (q) is the pseudo-inverse matrix of J p(q), and
Ji(q) = J5(JeJE)~!. In this report, we made g
is 0, and used the inverse kinematics to calculate all
joint angles. It can solve the redundancy problem.
Meanwhile we took a controller to make the joint of
angles approximately as the desired joint angles. So
we defined the formula of the desired joint angles in
the new controller as

THa) [ (12)

W .

. Td
tsu=kolas -~ a) + Tila) | wit | 03)
where k,, is P positive gain.

The hardware control system of the velocity-based
servo system of PA10 is expressed as

T=Ksp(qs—q)+ Ksp(ds—q) (14)

where K gp and K gp are symmetric positive definite
matrices to determine PD gain.

3.2 Eye-vergence Visual Servoing Controller

The eye-vergence visual servoing is the inner loop
of the visual servoing system shown in Fig. 8. In this
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paper, we use two pan-tilt cameras for eye-vergence
visual servoing. Here, the positions of cameras are
supposed to be fixed on the end-effector. For camera
system, gg is tilt angle, g9 and g9 are pan angles, and
qs is common for both cameras.

As it is shown in Fig. 4 (a) and (b), Fzy, Fyyy.
zy; express position of the detected object in the
end-effector coordinate. The desired angle of the cam-
era joints are calculated by:

E

QRd = atanQ(EyM, EzM) (15)
Qoq = atan2(—lgR + E.IM,E ZM) (16)
qoa = atan2(lsp + Pz " zy) (17)

where lg;, = lgg = 120[mm] that is the camera loca-
tion.
The controller of eye-visual servoing is given by

4scd Kp(gsqd — gs) (18)
docd Kp(qoqd — qo) (19)
dioca = Kp(qioa — q10) (20)

where Kp are positive control gain.

Because the motion of camera motor is an open
loop, we can only make it rotate a certain degree
without getting the actual angle during the rotation,
which make us cannot get the accurate camera angle.
So the desired camera angles are input in every 33ms,
and the input is limited to a certain value.

4 Experiment Of Hand Eye-Vergence
Visual Servoing
4.1 Experimental system

To verify the effectiveness of the hand & eye vi-
sual servoing system through real robot, we used a
robot, PA-10 robot arm that has a 7-DoF robot arm
manufactured by Mitsubishi Heavy Industries. Two
rotatable cameras mounted on the end-effector are
FCB-1X11A manufactured by Sony Industries. The
frame frequency of stereo cameras is set as 30fps. The
image processing board, CT-3001, receiving the im-
age from the CCD camera is connected to the DELL
WORKSTATION PWS650 (CPU: Xeon, 2.00 GHz)
host computer. The structure of the manipulator and
the cameras are shown in Fig. 5 (a) and (b).

The 3D marker as used for the target object in the
experiment composes a red ball, a green ball and a
blue ball, whose dimension is shown in Fig. 6. The
coordinate of the target object and the manipulator
in experiment are shown in Fig. 7, the white arrow
under the object express the move direction of it.

We did several contrast experiments using fixed
camera system, by comparing the data from fixed
camera system with the eye-vergence system, to check
the track ability of the eye-vergence system. First, we
did an experiment in which true object’s z, y, z, €1,
€9, €3, are assumed to be given to servoing controller.
Then we did 3 groups of experiments of frequency



response. In these experiments,we made 3-DoF posi-
tion are recognized by the cameras respectively. For
every group, we set w=1.256 rad/s, w=0.638 rad/s,
and w=0.314 rad/s separately, which are angular ve-
locities of the object.
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Fig. 9: The relationship of the position of a target
and a hand

Desired Position of the End-Effector End-Effector

X position[mm]

AN
1)
S
[S]

-1200

-1400

-1600

10

20
Timel[s]

25 30 40

Fig. 10: w =1.256 (T=5s), Eye-Vergence system

-200

Desired Position of the End-Effector End-Effector
-400 \ /

-600

-800

\ .
N N/

Position recognized by GA
\

\
< N

-1000

X position[mm]

-1200
-1400 , NI \

-1600

20
Time([s]

25 30 35 40
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4.2 Experiment condition

The initial hand pose is defined as ¥ g,, and the ini-
tial object pose is defined as ¥,s,. The homogeneous
transformation matrix from Xy to X g, and from Xy
to Xy, are:

0 0 -1 —890[mm)]
w {1 0 o0 0[mm]
Teo=10 _1 0  440mm] (21)
0 0 0 1
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Fig. 12: w =0.628 (T=10s), Eye-Vergence system
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Fig. 13: w =0.628 (T=10s), Fixed-Camera system

0 0 —1 —1435[mm)
w |1 0 o0 0[mm)]
Two =19 1 o 440[mm) (22)
0 0 0 1

The target object move according to the following
time function

Moz r(t) 150 — 150 cos(wt)[mm]  (23)

The relation between the object and the desired
end-effector is set as:

Edapy vy = [0, =100[mm], 545[mm],0,0,0]  (24)

4.3 Experiment Results

In this experiment conditions, we have carried out
some longitudinal frequency response experiments to
moving object and the Fig.9 shows the relationship
of the position of a target and a hand. We made x-
position, 3-Dof position, and 6-Dof position and orien-
tation are estimated by GA respectively, and take the
results of 3-Dof position. From each of the results we
can see that the eye-vergence system has smaller delay
phase which means it will observe the object better.
I show the relationship between the GA genes and
the object position by the results of the obtained GA.
In the Fig.10 and Fig.11,the GA from Eye-Vergence
system can estimate target object and track, but the
GA from Fixed-Camera is always carrying a delay for
about 80[mm], however, even the GA can estimate
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Fig. 15: w =0.314 (T=20s), Fixed-Camera system

the correct position of the target, but the PA-10 can
not track the target object. Because the moment of
the inetia of camera is smaller than PA-10’s, which
is a characteristic of eye-vergence system.Also from
the Fig.10 and Fig.11, we can easily find even both
two systems’ behaviour is poor, the track ability of
eye-vergence system is still better than fixed-camera
system.

From Fig.12, Fig.13, Fig.14, Fig.15, Fig.16, and
Fig.17, we can see with the target object motion is
getting slower, the manipulator can track the target
with smaller delay. For the GA genes results, the eye-
vergence can estimate the target with very small de-
lay, on the contrary, there are always be about 80[mm)]
error of the fixed-camera system, from which we can
conclude that eye-vergence system has a superior per-
formance than fixed-camera system.

5 Conclusion

In this paper, we have carried out some longitu-
dinal frequency response experiments to evaluate the
observation and tracking ability on a moving object of
visual servoing system. From the experiment results,
we can draw a conclusion that the object moving in
camera-depth direction can be recognised and Real-
Time Multi-step GA can track the correct position in
real-time, meaning the Real-Time Multi-step GA is
a superior settlement to realize the tracking in real-
time. And the authors grasp the real-time estimate
tracking error by revealing the relationship between
the GA and the target object that was searched in
fixed-camera system, by comparing the results, the
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Fig. 16: w =0.209 (T=30s), Eye-Vergence system
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Fig. 17: w =0.209 (T=30s), Fixed-Camera system

authors concluded that hand-eye-vergence system has
a superior performance than fixed-camera system.
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Robot Perception for Unknown Object Grasping using 3D Depth Sensor

(OH. Masuta, T. Motoyoshi, K. Koyanagi, T. Oshima (Toyama Prefectural University)

Abstract: This paper describes an unknown object detection for grasping by a robot arm. Conventional unknown object
extraction methods have need predefined knowledge, and have limitations with high computational costs and low-accuracy
for small objects. We propose an unknown object detection method based on 3D plane detection. The proposed method
consists of a simplified plane detection with particle swarm optimization (PSO), region growing (RG), and integrated object
plane detection. In this paper, we show that small boxes are detected with low computational cost.

Key Words: PSO, 3D Depth Sensor, Unknown Object Detection, 3D Plane Detection
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Analysis of Bracing-Constraint Dynamics with
Energy-efficient for Elbow-bracing Manipulator

X. Lit M. Minami® «H. Han? and Y. Wei?

(1 Okayama University 2 Harbin Engineering University)

Abstract— The configuration of elbow-bracing is built by imitating human’s handwriting behavior that
human can do accurate task with less consumption energy by bracing the elbow or hand on the task. In this
paper, first, the motion equation of the elbow-bracing manipulator under constrained condition has been
derived. Second, as the consumption energy is calculated based on the voltage and current of the motor, the
equation of motion of the motor has been proposed. Then, a control method based on the constraint dynamics
of the elbow-bracing manipulator is proposed to simultaneously control constraint force and hand’s trajectory
and elbow-bracing position in work space. Moreover, we focus on the energy-efficient of the elbow-bracing
manipulator, and analysis the factors which have a great effect on the consumption energy, i.e. elbow-bracing
position, constraint force. Finally, a simulation experiment for 5-link elbow-bracing manipulator tracking
spatial trajectory has been conducted which reveals the effectiveness of energy-efficiecy and high accuracy for
the elbow-bracing manipulator and presents the ralationship of the above two factors to the energy-efficiency.

Key Words: Elbow-bracing manipulator; Constraint dynamics; constraint force control ; Energy-efficient

1 Introduction

Humans can write characters accurately on a paper
with less power by bracing and restricting the wrist, as
shown in Fig.1. Moreover, this bracing strategy may
overcome the hindrances of hyper-redundant manip-
ulators being too heavy to spare the hand payload for
desired tasks.

Fig. 1:
wrist

Human’s writing motion utilizing bracing

Roy and Whitcomb b categorized motions and
control methods of constrained robot as (a) model
based control 2 3) that assume undeformable robots
and deformable environments, and (b) methods based
on position/velocity control ¥ that assume unde-
formable robots and also deformable environments.
Park and Khatib % © proposed kinematics model of
plural contact to control constraint motion in cate-
gory (b). Finally, there is classification of (¢) con-
trol method 7 that assume undeformable robots and
undeformable environments. Yamane and Nakamura
proposed walking of humanoid robot ® and a con-
cept of dynamics filter 9 in this category. Effective-
ness and accuracy of hyper-redundant manipulators
subject to constraint on environments have been dis-
cussed, West and Asada 9 proposed common con-
tact mode of kinematics for designing position/force
simultaneous controller of manipulator in constraint
motion.

In this paper, considering the control method of
undeformable robots and undeformable environments.

FIROVEA—T—3aF I AVTIDIVAMES
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Under these conditions, algebraic equation can be de-
rived from constraint condition and equation of mo-
tion as (1).

Af,=a—- Bt (1)

f,, is constraint force, A, a and B are vector and
matrices that will be defined in the next section, 7 is
a vector of input torques. Eq.(1) shows an algebraic
relation between input torques and constraint force
when robot’s hand is subject to constraint. The above
equation has been derived by Hemami and Wyman ')
in discipline of biped walking, and applied by Peng
and Adachi ' in discipline of force/position control
by robots at the beginning. Peng considered that
is input and f, is output, and Eq.(1) was used as
force sensor to detect f,. Despite the nature that the
robot motions under a condition of (c¢) undeformable
robot and undeformable environment be subject to
the algebraic equation, Eq.(1), researches on robot
force control in category (c) seems to be not based
on the Eq.(1) except Peng as far as we know. In this
paper, Eq.(1) is used for calculating input torque 7
to accomplish desired constraint force f,,; contrary
to Peng’s idea. Considering the hand writing mo-
tion, we know that too much pushing the wrist to
table bears fatigue and meaningless, and also too less
pushing makes us tired too. This suggests a hypothe-
sis that appropriate supporting force exists, and also
effective bracing position may exist.

In the past of this research, the control of constraint
motion has been applied to many robots. The grind-
ing robot that has been researching by Minami and
Adachi ¥, the hand of robot is constrainted to a
changing surface to grinding a target object into de-
sired shape with force-sensorless feed-forward control.
And the bracing control also be used to a mobile robot
with redundant manipulator and the bracing manip-

PG0007/16/0000-0028 © 2016 SICE



ulator that have been researching by Washino and
Minami 4, Kondo and Itoshima ' to maintaining
the balance of the mobile robot or conserve energy
of the redundant manipulator. Xiang Li, et al.}®) de-
rive the dynamical equation for humanoid robot using
Extended Newton-Euler and discuss its walking mod-
els, such as slipping, bumping, surface-contacting and
point-contacting of foot.

In this paper, we focus on the energy-efficient of
the elbow-bracing manipulator through two factors,
i.e. elbow-bracing position and constraint force. In
section 2, the motion equation of elbow-bracing ma-
nipulator with constrained force and motor has been
derived. In section 3, PD controller has been used
to achieve the task for the elbow-bracing manipula-
tor. In section 4, a simulation experiment for a 5-link
elbow-bracing manipulator has been conducted. Fi-
nally, we give our conclusion.

2 DMotion equation with constraint
and motor for elbow-bracing manip-
ulator

2.1

As shown in Fig.2, the intermediate links of an n-
link manipulator are contacted with the environment

Constrained condition

at p points.
z f \fnp /V
Xw \(_ >_¢ /z f[p
yoam@) f, G, (@)
X

Fig. 2: Constrained model of the elbow-bracing ma-
nipulator

The constraint function is expressed as,

C(r(q)) = [Ci(ri(a)),Ca(r2(@)), -, Cplry(a))]”
= 0 (2)
Here, g € R" is joint angle vector with n joints,

r; € R™(m < n) is i-th link position that is subject
to constraint. The relation between r; and q and the
relation between 7; and g are expressed as,

~—

(3)
(4)

In (4), J; is m x n matrix, J; consists of m x i
matrix and zero submatrix 0 with m X (n — ).

In the formulation of constraint motion of robot,
we consider that a plural intermediate links are con-
tacting with the environment. In Fig.2, a general-
ized surface can be defined with the position con-
straints along the tangents to this surface and force

r, =71i(q
i =Ji(a)q, Ji(q)=[Ji(q), 0].
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constraints along the normals. Then the unit vectors
of normals, j.., which represent direction of con-
straint forces, f,, = [fn1, fn2- ..fnp]T, and the unit
vectors of tangents, j,.;, which represent direction of
friction forces, f, = [fi1, fi2 - - ftp]T, are expressed as,

_ oc\" |loc;
Jeci = (ﬁrT> / 6‘rT (5)
T
Jui = T 6
it = [ ] ©)

2.2 Motion equation with constraint

As we known, the jacobian transpose maps Carte-

sian forces into equivalent joint torques. Then, we
define that,
ac\" || ac;
T T, _ i i
Jei = Jl(q) Jeci = <aqT> / orT (7)
ori\ "
-T T - 7 1
— R Al 8
Jti (q) Jti (aqT> Hrz” ( )

JE = [Jrcrh jrcr2’ T Jrcrp] (9)

JLT,, JtT are n x p matrices, and f,, f, are p x 1
vectors. Using above definitions, equation of motion
of the manipulator subject to constraints at p points
is expressed as

M(q)§ + h(q,q) +9g(q) + Dq
TS G Sai) = DG )
=1

1=

—

T+Jefn— T £

= (11)
Differentiating (2) with respect to time ¢ twice, con-
straint condition of ¢ is set up like

| 0 [0C\]. oc\ .. 0
g () o+ (5w 3=
The solution of (11) that is ¢ and g must satisfy (12)
disregarding time t that the manipulator be always
subject to constraint. When the ¢ satisfying (12) and
the ¢ in (11) is equal to each other, the solution q(t)
in (11) satisfies (2) regardless of time.
Here, the relation between constraint force f, and

friction force f, is shown in the following equation
with coefficients of sliding friction.

(12)

ft:K.fnv K:diag[KviQa"'vKP]
0<K;<1,i=1,2,---,p)

(13)

Therefore, Eq.(11) can be translated into the follow-
ing equation.



M(q)q + h(q,q) +g(q) + Dq
= 7+ (J. - JK)f, (14)

In order to obtain the relationship between 7 and

S, such as (1), we combine (12) and (14) to eliminate
q. First, we define

M. = (9C/0q" )M~ (0C/oq")"  (15)

o [ 9C| (€ py
Ny ad (aqT)_nf (16)
5 B (D |lC [0 (9CN],
a=B{Dg+h+g} HarTq 9q \ 9qT q
(17)
A2 M.-BJ'K (18)

Then,

8 ())or (5)pn oo

+JI'Kf, +Dg+g—1—J f,)=0

M.f,

_2C ] (2€N a1 -
‘(%T (aqT)M (J.Kf,+Dq+h
cg—m— 2] [2 (29V] 4

g arT || oq \ OqT q
=BJ'Kf,-Br+a (20)

Finally, we can get (1). And we assume that A
is positive definite matrix. Therefore, f,, can be ex-
pressed as,

fn= A_l(a — BT) (21)

2.3 Equation of Motor

To represent the motion of each motor, the follow-
ing symbols are used.
v; is the voltage of the motor, v = [v1, va, -+, v
i; is the current of the motor, 4 = [iy, 42, -, 4|7 ;
vy is the back EMF of the motor;
R; is the resistance of the motor;
L; is the inductance of the motor;
0; is the rotational angle of the motor;
Tgi is the electromagnetic torque of the motor;
7 is the load torque of the motor;
I,,; is the inertia of the motor;
Kg; is the coefficient of the back EMF;
Kr; is the coefficient of the electromagnetic torque;
dm; 18 the viscous friction coefficient of the reducer;
k; is the reduction radio of the reducer;
As the DC motor is considered in this paper, the

]T.

b

coefficients, Kg; and Kp; are equal. And we assume
that

Kr; = Kg; = K; (22)

The relationship between the parameters of the mo-
tor can be expressed as the following equations

w(t) = Liis+ Riia(t) +vg(t)  (23)
vgi(t) = Kgibi(t) (24)
Ini® = 714i(t) — 11:(t) — dimi; (25)
Tgi(t) = Krii(t) (26)

As the reduction radio of the reducer is k;, the fol-
lowing equations can be obtained.

0; = kg (27)
TLi = ]% (28)

Based on the above equations, we can obtain the
equation of motor.

di; . .
Lidit = v — Ryi; — Kikig; (29)

The equation of motor can be rewritten in the form
of vector, as shown in the following equations.

di
L=
dt

T =

v—R; — Kpnq (31)

Where

R = diag[Ry, Ry, -+, R, L = diag[L1, Lo, - - -, L]
K, = diag[K 1, Kma, -+ Ko, Kimi = Kik;

I = diag[Jom1, Jmas - Joni)s Jomi = Imik?

D,, = diag[Dy1, Dz, -+, Dyt], Dini = dimik?

The consumption energy can be expressed as the
following equation.

T
@0»=A wit)i(t)dt (33)

2.4 Motion equation of manipulator includ-
ing motor under constraint condition
By combining (12),(14) and (31), and substituting
(32) into (14), we can obtain the motion equation of
manipulator including motor under constraint condi-
tion, as shown in the following equation.

[ M+J,, —(J'—J/K) 0 4
gT(/; 0 0 rs
% 0 o | dijat
[ Kpi—h—g—(D+Dn)q
B T 7 <51 ] "
v— Ri— K,q
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Fig. 3: Block diagram of control for 5-link elbow-bracing manipulator

3 Control method

Basede on (1), the control law of the torque 7 for
the 4-link elbow-bracing manipulator is shown in the
following equation.

T=B¥(a- Af,,) (35)

Where, BT is pseudo inverse matrix.

Noticed that the direction in which the position vec-
tor are constrained are complementary to the direc-
tion in which the constrained force is constrained. By
dividing the woke space into two orthogonal domains,
a position domains and a force domain, which are
complementary to the directions of the corresponding
constraints, in each of the two domains, position or
force can be controlled independently and arbitrarily.
Therefore, in order to simultaneously control the con-
straint force and position, the following equations can
be obtained.

T=B"(a—-Af,,)+(I-B"'B)l. (36)

Where, rank(I — BT B) equals n — p. Because
I — BB is non-dimensional matrix, I has dimen-
sions of torque. Considering I to be new input, I can
be used to track target trajectory of hand r45 and con-
trol bracing position through null-space I — BT B of
B™. By the nature of pseudo inverse matrix, adding
any value to  has no influence on achieving f, ;. So,
the task of tracking trajectory and the task of achiev-
ing f, 4 can be achieved in decoupled nature.

Here, a method to determine [ is discussed. In the
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simulation to utilize 5-link manipulator in this paper,
one degree of freedom is used for force control of el-
bow, one degree is for contacting position control of
elbow and three degrees are for three-dimensional po-
sition control of hand.

~T . .
U = J3,[Kp3y(yas — y3) + Kazy(Yaz — 3)]

+ J5[Kps(ras — 7s) + Kas(as — 735)] (37)

~T
Here, j, is the first column vector that comprises

55 defined in Eq.(4). K3, and Kgs, are control gains
of position and velocity in y axis direction of 2nd link
that is shown in Fig.4, J5 is Jacobian matrix defined
by Eq.(4) when i = 5, and K5 and K45 are control
gain matrices of position and velocity of fourth link.

Equation(36) can be realizable in the case that
robots are driven by DD motors, but the input of
usual DC motor is driven by voltage input. In this
paper, the following equation that gives input voltage
v to the DC motors is used instead of the controller of
(36), where K, is coefficient matrix to convert torque
into voltage.

v=K,[Bt(a—Af,;)+ I-B"B)l] (38)

The block diagram of the control method for 4-link
elbow-bracing manipulator is shown in Fig.3. The
output of the controller v is considered as the input of
the motor which also includes joint angular velocity ¢
and angular acceleration g that are the outputs of the



manipulator. And the output of the motor is 7 which
is the input of the 4-link elbow-bracing manipulator.
As the second link of the manipulator is subject to
the constraint surface, the constraint force in normal
direction of the surface, which is made up of J ? and
fn, and the friction force in the tangent direction of
the surface, which is made up of J tT and K f, are
added to the motion equation of the manipulator. The
formula to calculate the constraint force f,, is given
by (21) which guarantee that the motion of the elbow-
bracing manipulator satisfies the constraint condition
of (2), which is the merit of this paper.

In Fig.3, the definition of B, @ and A are shown in
(16), (17) and (18). BY, I — BT B are introduced in
the former section.

4  Simulation for 5-link elbow-bracing
manipulator

4.1 The model of 5-link elbow-bracing manip-
ulator

The model of 5 links manipulator shown in Fig. 4.

Fig. 4: Simulation model of 5-link elbow-bracing ma-
nipulator

In the initial period(t = 0), the coordinate system
of ¥; has the same orientation of ¥,,,and hand target
trajectory is given as the following equations. T is the
motion cycle.

xzq(t) = z. (39)
2

ya(t) = rcos%ﬂ—yc (40)
2

wat) = rsin%t—i—zc (41)

where, 7 = 0.2[m], (z¢,ye,2.) = (0,0.8,0.5)[m],
T = 5][s].

During the motion period(¢ > 0), the coordinate
system of ¥; is rotating about z;-axis with rotational
angle q; (q¢ = 2nt/T).

4.2 Simulation experiment

Link’s weight is m; = 1.0 [kg], link’s length is I; =
0.5 [m], viscous friction coefficient of joint is D; = 2.9
[N-m-s/rad], torque constant is K; = 0.2 [N - m/A],
resistance is R; = 0.6 [{?], inductance is L; = 0.1[H],
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inertia moment of motor is I,,; = 1.64x107* [kg - m?],
reduction ratio is k; = 3.0 and viscous friction co-
efficient of reducer is d,,; = 0.1 [N-m-s/rad](i =
1,2,3,4,5).

4.2.1 Analysis of energy-efficiency

The task for the 5-LINK manipulator is track-
ing spatial trajectory which is described in the for-
mer part. As three degrees of freedom are used for
the three-demensional position of manipulator’s end-
effector to achieve spatial trajectory tracking, it has
redundency for 5-link manipulator without constraint
to track three-dimensional trajectory. However, in our
model of 5-link elbow-bracing manipulator, the other
two degrees of freedom are used to control the elbow-
bracing position y43 and constraint force f, 4, which,
simultaneously decreases the effect of link’s gravity
during trajectory tracking. Therefore, the tracking
accuracy for manipulator with constraint is higher
than the manipulator without constraint. What’s
more, it is more energy-efficient.

As it valid deems that the transiant responses from
initial condition should be ingored, the time of which
is 35 17) | energy consumption E*(T') after t = T = 5[s]
defined by following equations are utilized to evaluate
the influence of elbow-bracing position and constraint
force. Moreover, the constrant force is 40[N], and the
elbow-bracing position is 0.4[m].

3T

B = [ wwia, @)
5

BT = Y E(T). (13)
=1

Then the comparisons of energy consumption and
tracking error for manipulators with bracing elbow
and without bracing elbow are shown in Fig.5h and
Fig.6, seprately.

Without constraint

With constraint

Consumption Energy[KJ]

MO RN WS 1o N 0 ©

0 5 10

Time (sec)

15

Fig. 5: Consumption energy for 5-link manipulator
with 3nd link bracing and without 3nd link bracing

From Fig.5, it is known that energy consumption
is reduced by 1/9 when bracing elbow in comparison
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Fig. 6: Tracking error for 5-link manipuladtor with
3nd link bracing and without 3nd link bracing

with no bracing, which displays the drastic effective-
ness of bracing elbow. From Fig.6, it is known that
the tracking error in y-axis and z-axis for manipulator
with constraint are obviously less than the tracking
error for manipulator without constraint. Therefore,
the model of the 5-link elbow-bracing manipulator in
this paper is energy-efficient and holds high accuracy.

4.2.2 Analysis of the factors which influence
the consumption energy

It is known that five variables are controlled by the
control law as shown in Eq.(36), and two of which are
the constraint force f,q and elbow-bracing position
ya3- Therefore, the simulation of consumption energy
for 5-link manipulator in the influence of these two
factors is considered.

Fig.7 shows the range of y43 during the process of
q: = 0. Based on Fig.7, the range of y43 can be cal-
culated by the following equations.

min(yas) = Ye+r—/(la+15)%—22 (44)
~ 0.14]m]

max(yqs) = (g +13)2—12 (45)
~  0.86m]

Then, the simulation is conducted under the condi-
tion that the elbow-bracing position y43 is changing as
0.2,0.3---0.8[m], and the constraint force f,q is chang-
ing as 20,25 - - - 60[N], and T' = 5[s]. The 3-D figure
of the consumption energy during time ¢ = [T, 3T[s]
with both elbow-bracing position and constraint force
changing is shown in Fig.8.

In Fig.8, it is known that the consumption energy is
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Fig. 8: Consumption energy with both elbow-bracing
position and constraint force changing.(Point A rep-
resents the optimal f,4 and yg3 in the case of the
minimum consumption energy)

the function of y43 and f,q. Assuming that the value
of fnq is a constant, consumption energy is changing
based on yg3. Furthermore, the function between-
consumption energy and 43 is parabolic form which
has a minimum value. Likewise, if y43 is constant
value, the function between consumption energy and
fna 1s parabolic form, too. Therefore, it is necessory
to calculat the optimal pair for y43 and f,q to ob-
tain the minimum consumption energy. As shown in
Fig.8, at point A which means that f,q = 35[N] and
yas = 0.55[m], the consumption energy for the 5-link
elbow-bracing manipulator is minimum.

5 Conclusion

In this paper, first, the constraint dynamics of the
elbow-bracing manipulator including motor was pro-
posed.

Next, by dividing the work space into two orthogo-



nal domain, a position domain and a force domain, a
controller whose control of constraint force and posi-
tion has no interference was discussed.

Then, the consumption energy and tracking error
for the 5-link manipulator with constraint and with-
out constraint were analysed. And the simulation re-
sults reveal that the model of 5-link elbow-bracing
manipulator proposed in this paper is effectiveness in
the aspect of energy-efficiency and high accuracy dur-
ing the process of tracking spatial trajectory.

Finally, the relationship between elbow-bracing po-
sition, constraint force and consumption energy is
analysed. What’s more, Based on Fig.8, it is known
that the minimum consumption energy for the manip-
ulator can be obtained at optimal values for elbow-
bracing position and constraint force pair. And, in
our further research, we focus on the method to ob-
tain these values, as well as to achieve tracking rapid
trajectory.
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Solution Quality and Processing Time
of Complex-valued Singularity Stairs Following

3. Satoh (National Institute of Advanced Industrial Science and Technology, AIST)
and R. Nakano (Chubu University)

Abstract— A complex-valued multilayer perceptron (C-MLP) has the potential for such applications as
signal processing, control, and prediction since it directly copes with complex numbers. Recently, complex-
valued singularity stairs following (C-SSF) has been developed as a new learning algorithm for C-MLP. C-SSF
makes good use of singular regions to stably find excellent solutions of successive models. The performance
of C-SSF is evaluated relative to C-BP and C-BFGS in our experiments using various datasets.

Key Words:
Reducibility mapping, Learning method
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Fig. 2: Test error for synthetic problem 1.
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Fig. 17: Test error for nonlinear time series prediction.
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Table 1: Minimum M SFE of training data.

Table 3: Means of MSE}j, . of training data.

7—2 (Hi%F5) C-BP C-BFGS C-SSF
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4.3 0.0493 0.0224 0.0127
4.4 0.0089 0.00575 | 0.000482
4.5 0.532 0.488 0.487
4.6 872 643 301

7—4 (fiF ) C-BP | C-BFGS C-SSF
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4.2 0.339 0.281 0.18
4.3 0.0541 0.0314 0.0131
44 0.0596 0.0264 | 0.000807
4.5 2.03 1.69 0.488
4.6 890 826 305
Table 4: Standard deviations of MSE}, of training
data.
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4.6 4.53 25.3 1.35

X, C-SSF1.3 Tlitkdn—=o=y kB3 1207t Eo
BBMBEFHAT S0, TOMEY b IR HM
THZ LR, BELTEREMEZBRTTEHZ &
DERKREEZBND.

Table 512 4.1 ~ 4.6 DELREIEDO BN %2779, C-
SSF1.3 O¥EZRAL D FRI% C-BP % C-BFGS DA
L ERE 100 & L7, &2 TCHFERIZE VT C-SSF1.3
Db RS UK T LT,

5 93U

AR TITEZENN O Fv—27 L LTELHANS
NEEE 6 DT — & % T C-SSF1.3 DHRE % 21
L7z, &2 TOFERIZBWT, C-SSF1.3 0Flffaasss 7
A NEENR/NE 2D, ABERFRIIZEI LT C-SSF1.3
Db RS EE K T LTz,

A% OFEL T, C-SSF1.3 [CEANLTFER E A4 A
LCEBRITDHI LR ERNEZLLND.

it

ARBFFEIL JSPS & 25330294 D BhA% & 5% 1 THT
ST,
SEXHR

1) S.L. Goh, and D.P. Mandic: Nonlinear adaptive
prediction of complex-valued signals by complex-
valued PRNN, IEEE Transactions on Signal Pro-
cessing, 53(5), 1827/1836 (2005)

2) A. Hirose: Complex-valued neural networks, 2nd
ed., Springer-Verlag, Berlin (2012)

3) G.-B. Huang, M.-B. Li, L. Chen, and C.-K. Siew:
Incremental extreme learning machine with fully
complex hidden nodes, Neurocomputing, 71,
576/583 (2008)

4) M.S. Kim, and C.C. Guest: Modification of back-
propagation networks for complex-valued signal
processing in frequency domain, Proc. Interna-
tional Joint Conf. on Neural Networks, 3, 27/31
(1990)

5) H. Leung, and S. Haykin: The complex backprop-
agation algorithm, IEEE Transactions on Signal
Processing, 39(9), 2101/2104 (1991)

6) D. Mandic, and J. Chambers: Recurrent Neural
Networks for Prediction: Learning Algorithms,
Architectures and Stability, John Wiley & Sons,
Ltd., Chichester (2001)

7) BTH, HENE BHEASNy s TanRT—va s
FH, EWAAET AR GE, 32(10), 1319/1329
(1991)

8) T. Nitta, and M. Tanaka: Current status of re-
search on neural networks with high-dimensional

parameters, Circulars of the Electrotechnical
Laboratory (1999)

9) T. Nitta: Local minima in hierarchical structures
of complex-valued neural networks, Neural Net-
works, 43, 1/7 (2013)

Table 5: Total processing time.

Table 2: Minimum MSE of test data.
T—% (Fi&F) C-BP | C-BFGS | C-SSF T—4 (fi&=) C-BP | C-BFGS | C-SSF
4.1 1.25e-05 | 6.24e-12 | 1.17e-15 4.1 123:43 | 51:49 | 07:51
4.2 0.327 0.315 0.308 4.2 110:36 | 18:27 | 05:00
4.3 0.0496 0.0309 0.0245 4.3 81:41 30:12 | 02:13
4.4 0.125 0.125 0.105 4.4 08:48 05:39 | 02:14
4.5 0.543 0.504 0.504 4.5 36:10 01:04 | 00:24
4.6 859 816 342 4.6 72:28 00:54 | 00:52

40




10)

11)

12)

13)

14)

15)

16)

J. Nocedal, and S. Wright: Numerical optimiza-
tion, 2nd ed., Springer-Verlag, New York (2006)

C.A. Popa: Quasi-Newton learning methods for
complex-valued neural networks, Proc. Interna-
tional Joint Conf. on Neural Networks (2015)

EORTER, TR 438 BFGS 5 & Wi
=a—I L%y N2 OFEE, FEm (D)
J96-D(3), 423/431 (2013)

S. Satoh, and R. Nakano: Complex-valued mul-
tilayer perceptron search utilizing singular re-
gions of complex-valued parameter space, Proc.
24th International Conf. on Artificial Neural Net-
works, 315/322 (2014)

S. Satoh, and R. Nakano: Complex-valued mul-
tilayer perceptron learning using singular regions
and search pruning, Proc. International Joint
Conf. on Neural Networks (2015)

S. Satoh, and R. Nakano: A yet faster version
of complex-valued multilayer perceptron learning
using singular regions and search pruning, Proc.
7th International Conf. on Neural Computation
Theory and Applications, 122/129 (2015)

R. Savitha, S. Suresh, N. Sundararajan, and
P. Saratchandran: A new learning algorithm
with logarithmic performance index for complex-
valued neural networks, Neurocomputing, 72,
3771/3781 (2009)

41



EBER -1 —JILRxy M= DFEBEM
OFrH it (FEEFAMFREWIERT)

*T. Nitta (National Institute of Advanced Industrial Science and Technology, AIST)

Abstract - In this paper, we prove that some of singular points in deep complex-valued neural
networks have been resolved as an inherent property. Such deep neural networks do not get stuck
in local minima or plateaus caused by the critical points comparatively. Next, we make some
experiments on the two spirals problem, which support our theory.
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Fig. 4: An illustrative example of the relationship
of the weights between the 2-3-2-1 complex-valued
neural network and the 4-6-4-2 real-valued neural
network. The two networks are equivalent to each
other. (a) Left figure shows the network consisted
of the input layer and the hidden neuron 1 of the
first hidden layer in the 2-3-2-1 complex-valued
neural network. Right figure shows the network
consisted of the input layer and the hidden neu-
rons 1 and 2 of the first hidden layer in the 4-6-4-2
real-valued neural network. (b) Left figure shows
the network consisted of the input layer and the
hidden neuron 2 of the first hidden layer in the
2-3-2-1 complex-valued neural network. Right fig-
ure shows the network consisted of the input layer
and the hidden neurons 3 and 4 of the first hidden
layer in the 4-6-4-2 real-valued neural network.
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Table 1: Experimental results on the two spirals problem by four-layered complex-valued neural

networks.

NN IORE (%) VB RNFEER 5 A — 2K
1-5-5-1 0 — - 92
1-6-6-1 0 — — 122
1-6-7-1 1 68,000 68,000 138
1-7-6-1 3 76,000 70,000 138
1-7-7-1 7 140,429 99,000 156
1-8-8-1 17 117,059 47,000 194
1-9-9-1 23 111,609 36,000 236
1-10-10-1 40 100,350 22,000 282
1-11-11-1 40 85,750 27,000 332
1-12-12-1 48 79,750 30,000 386
1-13-13-1 48 72,083 25,000 444
1-14-14-1 46 50,717 26,000 506

Ui 72 FERRIEME % D Two spirals @I 1 72
Moz WEINTVWS, ZHUIH LT, HESE
F# NN CHEHE#EZE BP 24> T, Two spirals
M Pz 25, 4EDHEE NN T
5otz Tk, HEESR NN Ok
FEDPEEENN IZHARTHRNZ & —HT
X e HElEN5.

SR ARWISEIX JSPS BIEE JP16K00347 DBl
WEZ -5 DTT.

P

1) Y. Bengio, P. Lamblin, D. Popovici, and
H. Larochelle:
ing of deep networks, in Advances in

Greedy layer-wise train-

Neural Information ProcessingSystems 19
(NIPS’06), (B. Scholkopf, J. Platt, and T.
Hoffman, eds.), 153/160 (2007).

2) Y. Bengio: Learning deep architectures
for AI, Foundations and Trends in Ma-
chine Learning, 2(1), 1/127 (2009).

3) D. Erhan, P-A. Manzagol, Y. Bengio,
S. Bengio, and P. Vincent: The diffi-
culty of training deep architectures and
the effect of unsupervised pretraining, in
Proc. Twelfth Int. Conf. on Artificial In-
telligence and Statistics (AISTATS’09),
153/160 (2009).

4) H. Larochelle, Y. Bengio, J. Louradour,
and P. Lamblin: Exploring strategies for
training deep neural networks, Journal of
Machine Learning Research, Vol. 10, 1/40
(2009).

5) G. E. Hinton, S. Osindero, and Y. Teh:
A fast learning algorithm for deep be-
lief nets, Neural Computation, Vol. 18,
1527/1554 (2006).

6) S. Amari, H. Park, and T. Ozeki: Singu-
larities affect dynamics of learning in neu-
romanifolds, Neural Computation, 18(5),
1007/1065 (2006).

7) F. Cousseau, T. Ozeki, and S. Amari: Dy-
namics of learning in multilayer percep-
trons near singularities, IEEE Trans. Neu-
ral Networks, 19(8), 1313/1328 (2008).

8) T. Nitta: Learning dynamics of a sin-
gle polar variable complex-valued neuron,
Neural Computation, 27(5), 1120/1141

(2015).

9) K. Fukumizu and S. Amari: Local minima
and plateaus in hierarchical structures of
multilayer perceptrons, Neural Networks,
13(3), 317/327 (2000).

10) T. Nitta: An extension of the back-
propagation algorithm to complex num-



- =) s

Fig. 6: Plots of some of the hidden neurons and the output neuron of the 1 — 6 — 7 — 1 complex-valued

neural network after learning.

bers, Neural Networks, 10(8), 1392/1415
(1997).

11) T. Nitta, (Ed.): Complez-Valued Neu-
ral Networks: Utilizing High-Dimensional
Parameters. Information Science Refer-
ence, Pennsylvania, USA (2009).

12) A. Hirose, (Ed.): Complez-Valued Neu-
ral Networks: Advances and Applications.
IEEE PressWiley (2013).

13) T. Nitta: An analysis of the fundamen-
tal structure of complex-valued neurons,
Neural Processing Letters, 12(3), 239/246
(2000).

14) K. J.Lang and M. J. Witbrock: Learning
to tell two spirals apart, In Proc. the Con-
nectionist Models Summer School, Mor-
gan Kaufmann, 52/59 (1988).

15) T. Nitta: Resolution of singularities in-
troduced by hierarchical structure in deep
neural networks, IEEFE Trans. Neural Net-
works and Learning Systems (accepted).

16) D. E. Rumelhart et al: Parallel
Distributed Processing. Vol.1, MIT Press
(1986).

17) T. Nitta: Orthogonality of decision
boundaries in complex-valued neural net-

49

works, Neural Computation, 16(1), 73/97
(2004).



INS A—32 DEEIFREA A
h ADTS FTAHEAE A £ | DR
HA7E O BAET RRUTRER)

Improved Chaotic Quaternionic Multidirectional Associative Memory
with Adaptive Scaling Factor

M. Shiraishi and *Y. Osana (Tokyo University of Technology)

Abstract— In this paper, we propose an Improved Chaotic Quaternionic Multidirectional Associative Mem-
ory (ICQMAM) with adaptive scaling factor of refractoriness. The proposed model can determine appropriate
parameters automatically. In this model, scaling factor of refractoriness a varies depends on time and inter-
nal states of neurons. We examined one-to-many associations ability of the proposed model, the conventional
CQMAM with adaptive scaling factor of refractoriness and the conventional CQMAM. And, we confirmed
that one-to-many association ability of the proposed model is almost equal to that of well-tuned CQMAM
and it is superior to that of the conventional CQMAM with adaptive scaling factor of refractoriness.

Key Words: Chaotic Quaternionic Neuron, Multidirectional Associative Memory
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(a) 3-layered network (b) 4-layered network
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(c) 5-layered network (d) 6-layered network
Fig. 2: One-to-Many Association Ability.
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Fig. 3: Recall Rate in Various Size Network (Key In-
put Part) (1).
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Fig. 4: Recall Rate in Various Size Network (Key In-
put Part) (2).
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(c) 5-layered network (d) 6-layered network
Fig. 5: Recall Rate in Various Size Network (Context
Part) (1)
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Fig. 6: Recall Rate in Various Size Network (Context
Part) (2).
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Fig. 7: One-to-Many Association Ability (2)
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Fig. 8: Recall Rate in Various Size Network (Key In-
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Fig. 9: Recall Rate in Various Size Network (Key In-
put Part) (4)
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Models of Hopfield-Type Octonion Neural Networks and Existing Conditions of
Energy Functions

*Y. Kuroe and H. Iima (Kyoto Institute of Technology)

Abstract— Recently, models of neural networks in the real domain have been extended into the high dimensional domain
such as the complex number and quaternion domain, and several high-dimensional models have been proposed. These
extensions are generalized by introducing Clifford algebra (geometric algebra). In this paper we extend conventional
real-valued Hopfield-type neural networks into the octonion domain and discuss their dynamics. The octonions represent
a particular extension of the quaternions which also represent a particular extension of the complex numbers and have 7
imaginary parts. They are non-commutative and non-associative on multiplication and do not belong to Clifford algebra
due to the latter fact. With this in mind we propose four models of octonion-valued Hopfield-type neural networks. We
derive existence conditions of an energy function and construct energy function for each model.

Key Words: Hopfield-type neural network, Octonion, Energy function, Existence condition
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An incident detection and notifier system using machine learning techniques

«Y. Kobayashi and T. Okamoto (Chiba University)

Abstract

An incident detection and notifier system that can monitor the condition of a human in a

bathroom with keeping his/her privacy has been developed. The system judges the safety of the human in
the bathroom automatically using a discriminator. When an incident is detected, the system warns his/her
family or the facilities manager. This study intends to generate discriminators with high accuracy using
machine learning techniques. The multi-layer neural networks, the random forest, and the support vector
machine are applied. Their discrimination accuracy are compared.

Key Words: Discriminator, Machine learning, Neural Networks, Random Forest, Support Vector Machine
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Table 1: Data sets

Subject Safe Danger Total
#1 501 446 947
#2 501 425 926
#3 502 488 990
#4 465 485 950
#5 462 468 930
#6 575 662 1237
#7 470 470 940
#8 459 417 876
#9 453 455 908
#10 434 349 783
#11 441 344 785
#12 521 507 1028
#13 486 425 911
#14 503 526 1029

Table 2: Accuracy rate by the multi-layer N. N. using
the steepest descent method and the descent sign vec-
tor method for the evaluation data set by the subject

#1

Accuracy rate

Safe  Danger Total
Steepest descent Best 0.826  0.960 0.871
method Worst 0.020  1.000 0.482
Descent sign vector Best  0.872  0.987 0.926
method Worst 0.862  0.964 0.910
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Table 3: Accuracy rate by the multi-layer N. N. for
the evaluation data sets

Evaluated Accuracy rate

subject Safe  Danger Total
#1 0.872 0.987 0.926
#2 0.930 0.946  0.937
#3 0.966 0.984 0.975
#4 0.996 0.920 0.957
#5 1.000 0.947 0.973
#6 0.972 0.992 0.983
#7 0.936 0.834 0.885
#8 0.961 0.942 0.952
#9 0.956 0.938 0.947
#10 0.906 0.957 0.928
#11 0.948 0.933 0.941
#12 0.998 1.000  0.999
#13 0.938 0.984 0.959
#14 0.970 0.964 0.967
Average 0.953 0.952  0.952

Table 4: Accuracy rate by the random Forest for the
evaluation data sets

Evaluated Accuracy rate

subject Safe  Danger Total
#1 0.910 0.998 0.951
#2 0.984 1.000 0.991
#3 0.986 0.988 0.987
#4 0.996 0.905 0.949
#5 0.996 0.964 0.980
#6 0.986 0.988 0.987
#7 0.957 0.881 0.919
#8 0.983 0.928 0.957
#9 0.985 0.879 0.931
#10 0.942 0.986  0.962
#11 0.961 0.936  0.950
#12 1.000 1.000 1.000
#13 0.924 1.000 0.959
#14 0.970 0.958 0.964
Average 0.970 0.958 0.963
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Table 5: Accuracy rate by the SVM for the evaluation
data sets

Evaluated Accuracy rate

subject Safe  Danger Total
#1 0.918 0.991 0.952
#2 0.928 0.955 0.940
#3 0.950 0.996 0.972
#4 0.996 0.934 0.964
#5 0.976 0.863 0.919
#6 0.977 0.961 0.968
#7 0.947 0.806 0.877
#8 0.963 0.959 0.961
#9 0.943 0.897  0.920
#10 0.917 0.926 0.921
#11 0.950 0.923 0.934
#12 0.969 1.000 0.984
#13 0.961 0.995 0.977
#14 0.970 0.943  0.956
Average 0.955 0.939 0.946
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Denoising of Vein Images Based on the Autoencoder
* K. Kashihara (Tokushima University)

Abstract—

Sitting on a narrow seat during a long flight may induce dyspnea and acute myocardial infarc-

tion triggered by deep venous thrombosis. Compared with complicated diagnostic systems, low-cost infrared
cameras can noninvasively and simply capture vein images. However, the recorded image results in low con-
trast and a low signal-to-noise (S/N) ratio. For this study, the autoencoder and the genetic algorithm (GA) with
the expectation maximization (EM) algorithm were assessed for the visualization of veins. Vein images were
obtained from a near-infrared camera. The autoencoder showed the ability to remove the external noise added
to the target images. The GA-EM algorithm was also able to automatically create the filter to modify the worse
S/N ratio of vein images. If the proposed methods are incorporated into e-healthcare applications, they could

facilitate to find abnormal veins at an early stage.
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Fig. 2: Separation of veins and a background
based on a brightness histogram.
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Fig. 3: Change of mean errors during (a) training and (b)
testing periods (the unit numbers of the hidden layer: 200,
400, and 600).
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Fig. 4: Examples of test data ((a) no noise and (b) added

noise); outputs of the autoencoder with the hidden layer

of (c) 200, (d) 400, and (e) 600 units; (f) visualization of

weights between the input and hidden layers; (g) the re-
sults of the GA-EM algorithm.
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A Branch Cut Type Sign Estimator for 3D Measurement from A Single Fringe Pattern

xD. Kitahara and I. Yamada (Tokyo Institute of Technology)

Abstract- Fringe projection is a technique to measure three-dimensional (3D) shapes of objects by projecting structured
light patterns onto the objects. Many fringe projection techniques first compute, by using at least three fringe patterns, the
cosine and the sin of the continuous phase distribution which corresponds to the 3D shape of the object, and then estimate
the continuous phase by some phase unwrapping algorithm. In the last two decades, for 3D measurement of transient
phenomena, reconstruction of the continuous phase from a single fringe pattern has been challenged. In this case, since
we can use only the cosine of the continuous phase, we have to estimate sign function of the sine of the continuous
phase. In this report, inspired by Goldstein’s branch cut phase unwrapping algorithm, we formulate this sign estimation
problem as a binary optimization problem, and propose a branch cut type algorithm for solving the optimization problem.
Numerical experiments show the effectiveness of the proposed sign estimator compared with a state-of-the-art estimator.

Key Words: Fringe projection, 3D measurement, Fringe analysis, Sign ambiguity resolution, Branch cut type algorithm.

1 Introduction

Fringe projection is a major technique to obtain three-
dimensional (3D) surface information of objects in a non-
contact manner')), and widely used in biomedical®)=®),
industrial”’~?), kinematics'®-'"), and biometric'?-13) ap-
plications. A typical fringe projection profilometry system
is illustrated in Fig. 1. It consists of a projector, a camera
and a digital computer. First, the projector projects sinu-
soidal fringe patterns onto an object. Second, the camera
records images of the fringe patterns which are distorted
due to the surface profile of the object. Third, from the
recorded images, the digital computer estimates the con-
tinuous phase distribution which corresponds to the hori-
zontal projector pixels by using some fringe analysis com-
posed of wrapped phase detection and phase unwrapping
steps. Finally, a 3D surface is computed from the camera
pixels and the projector pixels on the basis of triangulation.

A most popular fringe projection technique is the fol-
lowing three-step phase-shifting method'® because it can
obtain 3D information stably from only three simple fringe
patterns. Three different fringe images I}, (k = 1,2,3),
whose phases are shifted by 27/3 from each other, are
recorded on two-dimensional lattice points (z,y) € L as

Li(z,y)=a(z,y)+b(z,y) cos(¢(z,y)) +ni(z, y)
12(1’, y) :a(.’E, y)+b(l’, y) COS(¢(I> y)f 2%)4’77,2(33, y) >
Ii(z,y)=a(z,y)+b(z,y) cos(d(z, y)+2F) +n3(z, y)
ey
where L is the set of all lattice points captured by the cam-
era, a is a slowly varying background illumination, b is
the fringe amplitude that is also a low-frequency signal,
¢ is the continuous phase distribution (the so-called un-
wrapped phase) to be estimated, and n; (kK = 1,2, 3) are
independent additive noises. The noisy wrapped phase

" (x,y) = W(d(x,y) + v(z,y)) € (—m, 7]
— 2]17127]3
V@I —I—I3)*+3(I>—I3)?

@

is computed from cos(¢")

FIROAVE 1 —T—3aF I ATV AMESR
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Object ~Reference Plane

Fringe Pattern Recorded Image_y

Projector Camera
Pixel Pixel

Fringe Analysis
?M(@,y) o(w,y)

Projector

=

Digital Computer
Fig. 1: Typical fringe projection profilometry system

V3(I2—1I5)
V@I —I—I3)243(12—13)?’
(—m, ] is phase noise and W : R — (—m, 7] is defined by
VoeRINeEZ ¢=W(p)+2mnand W(p) € (-7, 7).

¢ is estimated from ¢" by using some two-dimensional
phase unwrapping algorithm'>)~'), and 3D information is
obtained from the camera pixel (z,y) € £ and the hori-
zontal projector pixel § = ¢(x, y) by using triangulation.

However, the phase-shifting method requires that the
physical quantities a, b and ¢ remain constant during the
time needed to record the images I, (k = 1,2,3), i.e.,
a, b and ¢ must be common for all indices £k = 1,2,3
in (1). This condition is not satisfied when transient phe-
nomena are measured'®) or the environment is hostile. To
deal with such situations, reconstruction of ¢ from a sin-
gle fringe image [; in (1) is studied, and several phase re-
covery algorithms have been proposed'?-2%). These algo-
rithms usually use a high pass filter’® to remove the back-
ground illumination a, and then use Hilbert transform?2®)
to normalize the fringe amplitude b. As a result, from I
in (1), we can obtain the normalized fringe image

I(z,y) = cos(d(x,y) + v(z,y)) € [-1,1].

and sin(¢")

where v €

3)
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From (2) and (3), the absolute value of the wrapped phase
is computed as

6" (2, )| = arccos(I(x,y)) €
From ¢ (z,vy) € (, 7], we have " (z,y) =
if ¢ (x,y)| = 0 or [¢" (2, y)| = 7, and

oW (x,y) = sgn(o" (z,9))|0" (z,y)] )

otherwise, where sgn(z) := +1 for x > 0 and sgn(zx) :=
—1 for 2 < 0. Therefore, in order to compute ¢" (z,y
forall (x,y) € L, we have to resolve sign ambiguity in (4).
In this report, on the basis of the discussions in [18], we
introduce a minimization problem for the approximated
energy of local change of ¢ so that we use a minimizer
of the cost function for determination of sgn(¢" (z,v))
(see Section 2). For solving this minimization problem,
we propose a branch cut type algorithm in Section 3. The
word “branch cut type” means that the proposed method
consists of steps similar to the steps used in Goldstein’s
branch cut'”), which is a famous two-dimensional phase
unwrapping algorithm. Finally, numerical experiments in
Section 4 demonstrate the effectiveness of the proposed
method compared with the existing method in [23].

[0, 7].

0" (2, )]

2 Minimization of Energy of Local Change
for Sign Ambiguity Resolution

Let £ := {(a:l,yj)};zlf2 sty <o < s < Ty

andy; < yp < -+ <y, and letQ = [x1,Tm] X [yl,yn].

By assuming that the normalized image [ is noise-free,

ie., v(z,y) = 0in (3) the relation between the image

gradient VI(z,y) :== (25 (z,y), § ay L(x,y))" and the phase

gradient Vo (z, y) := (22(z,y), 2 o 2 (z,y))T is deduced as

ox
VI(z,y) = —sin(¢(z,y))Vo(x,y).

As shown above, the orientation of V¢ (z,y) is the same
as or opposite to that of VI (z,y) depending on s(z,y) :=
sgn(W(¢(z,y))) = sgn(sin(¢(z,y))). Moreover, on the
basis of the idea of functional data analysis'®?"), by try-
ing to minimize the energy of local change of ¢ (defined
as the Lo-norm of the second order partial derivative of ¢):

9?%¢ 9?¢
//Q [agﬁ ’&T@y oz ]dxdy
~ Z Z V(i yj41) — v¢($i7yj)||2
i=1 j=1
m—1 n

+y Z IVé(@it1,y;) = Volasyy)l*
=1 j=1

we introduce the following optimization problem, which is
similar to that proposed in [19] for estimation of s(x;, y;).

Problem 1 (Approximated energy minimization problem)
Find 8" := (s} ;) € {—1,+1}™*" minimizing

m n—1

=D Isige1viger — sigvigll
—1 j=1

%
m—1

n
2
+ 30> lIsirrgvirn — sigvigl’,

i=1 j=1

&)

74

o Vayy) o -
where v; ; = N T(zeyl (¢ = 1,2,...,m and j

1,2,...,n) are the normalized image gradient vectors at
(xi,y;), and VI(z;,y;) are approximately computed by
applying, e.g., the Prewitt or the Sobel operator, to I in (3).

After finding a minimizer §* = (s} ;) € {—1, +1}™*",
the wrapped phase ¢V at (z;,y;) € L is estimated by

0 if |6 (2, ;)]
if " (i, y;)|
Si i 10" (24, y;)| otherwise.

s =T

Remark 1 There are at least two minimizers of (5) be-
cause J(S) = J(—S) forany S € {—1,+1}"*". Actu-
ally, we need other information to judge which minimizer
should be used for the above wrapped phase estimation.

3 Branch Cut Type Sign Estimator

3.1 Transformation of Problem 1 to Another Problem

Let J! (Suvslﬁ-l) 1= ||8ij4+19i+1 — $i,j0i]|” and
T2 (5002 5141,) I$it1,5vit1s — sijvigl* in (5).
Then Jiff and J7; depend only sign changes between
neighboring pairs (sm, sij+1) and (s; j, Si+1,5), respec-
tively. For a sign matrix S = (s; ;) € {—1,+1}"*", we

define sign change matrices C}, = (c?J) € {0,1}mx(=1)

and C,, = (c?;) € {0,1}(m=1Dx" a5
= {O s T (©)
’ 1 ifs; 41 = —5ij,
and ’
(i o
1, 3
Moreover, by defining new cost functions jzhj :{0,1} —
Ry and JY; : {0,1} — Ry as
JP(0) i= TP (41, 41) = I (—1, 1)
{ JP ) = Il (1, 1) = TP (=1, 41),
and
J2(0) i= TP (+1,41) = I (—1, -1);
{ J2(1) = TP (41, 1) = I (—1,+1),

Problem 1 can be replaced with Problem 2 below.

Problem 2 (Alternative expression of Problem 1) Find
(C5,C%) € {0, 1}m> (=1 5 L0, 1} =DX" wminimizing

m n—1 m—1 n
J(Cy,C Z Z ) + 2i(cis)
i=1 j=1 i=1 j=1
®)
subject to
AiOE O D=0 ©
foralli=1,2,... . m—1landj=1,2,...,n— 1, where

@ denotes the exclusive disjunction, i.e., 00 =141 =0
and 01 =160=1 hold.
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Fig. 2: Illustration of the idea of the proposed branch cut type sign estimator: (a) detection of every closed loop satisfying

min

(10) by using the locally ideal sign changes ch’

(b) constructions of branches, sign changes c jand ¢}

1,7°

3.2 Branch Cut Type Algorithm for Solving Problem 2

To minimize (8) under condition (9), we propose the
following branch cut type algorithm, which consists of
steps similar to residue detection, branch construction and
path integration steps in Goldstein’s branch cut'”) for two-
dimensional phase unwrapping. In what follows, assume
that Jih-(()) # Jih-(l) and J7;(0) # J7;(1) for all 7 and j.

1. Define ¢! jmm

argmin e ¢, 1}J (c) as locally ideal sign changes.
Detect every closed loop ((xs,y;) — (@i, yj41) —

(i1, Y1) = (Tig1,Y5) — (24, 9;)) satisfying

(10)

. Th v, mln L
= argmin g9 13/, (c) and ¢; ;" ==

mln v, min h,min

C @CZ]Jrl@clJrlj@c

vmln
=1

Mark the center of such a closed loop (see Fig. 2(a)).

2. Create branches as shown in Fig. 2(b). Each branch
is defined as a path connecting two centers marked in
the first step, or a path connecting one center marked
in the first step and the outside of the image. Then
we can construct sign change matrices C', and C,,
satisfying condition (9) by defining

(i, y;) and (24, yj41)

h m1n

ho @1 if ¢ lie on the left and right
Cij = sides of some branch;
Z}.mi“ otherwise,
and
(xi,y;) and (zit1,y;)

. c:;”’jmin @1 if < lie on the upper and lower

Cig* sides of some branch;
¢ J"“n otherwise,

3. Construct a sign matrix S corresponding to the sign
change matrices C}, and C, defined in the second
step, by using relations (6) and (7) (see Fig. 2(b)).

h
and ¢;’ ’m

i computed from v (i=1,2,...,
and corresponding signs s; ; (¢ = 1,2,...,

75

S5andj =1,2,...,
S5andj =1,2,...,

6) and
6).

4 Numerical Experiments

We compare the effectiveness of the proposed sign es-
timator with that of the existing algorithm in [23] for two
objects shown in Figs. 3(a) and 4(a). In both experiments,
we set £ := {(z, y])};zllééz%, and set a(z,y) = 1,
b(z,y) = 2,and ny(x,y) = 0 forall (x,y) € Lin (1). We
generate the normalized frmge Image I(z,y) ((z,y) € L)
by subtracting =iz S0 ZJ 1 (24, y5) from I (z,y)
followed by the normalization into [—1, 1].

Figure 3(b) shows! the normalized fringe image I (z, )
((z,y) € L) based on the object in Fig. 3(a). Figure 3(c)
shows the true sign s(x,y) = sgn(W(¢(x,y))), to be es-
timated (see Section 2), of the noiseless wrapped phase
W (p(x,y)) in Fig. 3(f). Figures 3(d) and 3(g) respectively
depict the sign and the wrapped phase estimated by the al-
gorithm in [23] using the parameters 4 = 1 and I' = 11.
Figures 3(e) and 3(h) respectively depict the sign and the
wrapped phase estimated by the proposed method, where
we construct branches by repeatedly connecting the clos-
est pair of centers of closed loops satisfying (10). From
these figures, we observe that the proposed branch cut type
sign estimator achieves lower error rate ( 6;226 ~ 0.29%)
compared with the existing algorithm in [23] (615055336
1.61%) especially around the edges of the object.

Figure 4(b) shows I(x,y) for the other object (“teapot”
provided in MATLAB®)) in Fig. 4(a). Figure 4(c) shows
the sign s(x,y) of W(¢(z,y)) in Fig. 4(f). Figures 4(d)
and 4(g) depict the sign and the wrapped phase estimated
by the algorithm in [23]. Figures 4(e) and 4(h) depict the
sign and the wrapped phase estimated by the proposed
method. In this experiment, the proposed sign estimator
achieves again lower error rate (55 U~ 0.22%) compared

65536
with the existing algorithm in [23] (61515%76 ~ 1.26%).

Acknowledgment This work was supported in part by
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'For each image in Figs. 3(b)-3(h) and 4(b)—4(h), the sample values
in [Min, Max] on £ are rescaled into [0 (black), 255 (white)].
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Fig. 3: Experlmental results (I): (a) object, (b) I(z,y),
©) s(z,y) = sgn(W(¢(x,y))) (to be estimated), (d) signs
estimated by [23], (e) signs estimated by the proposed
method, (f) W (¢(z,y)), (2) " (x,y) based on the signs
in (d), and (h) " (z,y) based on the signs in (e).
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New Theory of Discriminant Analysis and Gene Analysis

Shuichi Shinmura (Seikei University)

Abstract- We developed the new theory of discriminat analysis after R.Fisher. Over than ten years, many researchers are
struggling in the high-dimension gene analysis. This theory analyzes six microarray data sets very easy and finds the data
consists of several small gene spaces. We can analyze these small subspaces by the ordinal statistical approach, very easy.
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76]. 2015 WD DG B IR N —E DT
—= N VNERD =D 100 EAZAEMGEE (%‘?iﬂi
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WRIEFICRHE T, TR SRR 2 7 (v f(xq)> 0)A3
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WA Z 7200, MW, =0 12720, Z ok HOE K%
ELETOET VBRI DBERRIZ /D &\ ) HE AR
EENSDoTL. TOERREIHE L, BIEoErRE
5 —# (LSD) I% Matroska #i&EZ o2 L & HakL T
7=, s, gL LTo B IT] ORA
Y hNTHD.

/&8 2 : Vapnik 1%, /"— FK=— KAk S -
SW), V7 h=— UERAE SW(S-SWM) 35 L OV — %
JLSVM Z#EZ L7=. H-SVM X LSD Z eI L7=7Y,
“UINM = 0 "TH - CTLSD ZHIEIZEHRETE 5. £<
OWFFEEX,  PARBISHTO B #)1% LSD OHFI TR <,
BT 25T THD] EEELTWVD.
L72>L, LDF OHFETMND = 1" THID TEET —Z
EEFRTEDLOT, ZOTRITERICHE>TND
3727 LSD OHBIAFZEIE, 2010 4ELLE O S HBFZE T
EZNHD TITV, 1FIF 2015 FERICHI< S8R LT=.
TR ERRGER TN IR Do T2 DO BRI,

1) H-SVM X LSD YA DT —Z IZEH TE 2D T
HEEOHBNZFIA Lo Tz,

i

2) IP-OLDF TAA AERITANLSD ThH D Z &3 ho7=
DI, 63 4 TOHBIET /L [9] 2 E IP-OLDF T
FTBZETHD T Tz.

NMFTITHNTNB T —Z 05 LSD & 3720121,
FRO X HIC 63 HETOHBET VEKGTT D 0LHE
NhD, 0k TIa—FELoTNBEDE, 4
MHEENKREZRDOTEE LWV, L LikBRoA
THIE 2 K9 4 RO EAF 50 sl EZ2 &k & L
72354, € = TI+T2+T3+T4-50 &9 HERZ: LDF 28 &
V, £>=0 THNITEK, <0 THIUIRERK LH
ETEXDH33]. EEE2EHDH ENTEXHDIL,
ERCHBIRAA TR T 05 THD. LiL LDF
X2 WCHIBIBIE (QDF) CTAMHENITA RN &0
IS Do 7= [T4], Z O, 2 BEOFEBIfEAE LA L
TLSD OF —# ZfHHI/E e Z L 2R LT

FHRE 3 : RRE 3 1%, JMP[16]% QDF & EABHIBISHT
(RDA) [13] 23TV D — R L4 T8I D K Ifa T

5. 2013 FIC—2 DB T HAEEMENR—ETH Y,
EEDOMENENL LT=HE, DF X7 7 X 1IZET 54
TOr—A% 7 T A2ITEGET D2 EBmnoT.
L L—EEIS/ NS 2 f8L Nz 5 2 & CRIEZ figk
TE5. ZORER L EANEETOISH TH 5 LASSO
DB T OEBERIRT ) < WV EEZTND.
fRE 4 : Fisher |%, LDF OFEHIFIER & HHIR I DOIEYE
7= (SE) b L Cniaun o T, HBIAT IR 2
ok 5 RHERTFIETIIRY. 22Ty s



EFHERRGEE W2 RIE 1 Z288% L7227, 30, 31].
INT, EFIIMEMEARIC T B RS EHEER (M2)
N/ INDET VA [BEEFNV(51]) L+5EF L
WE, —oLoTHEXEWLW) [12]1Ifbo TREL
72. 8{H® LDF OEBEET N% 45 &, &E TP~
OLDF X 8 & LDF @ H1 T < DMFETHR/NZ72 5.
Vapnik X AR — b7 ¥ —fOHEEEO KR KAGIZTIE
BHEFF->TND] EEELTVDEN, REETMI
FEFICHBECENL-T T VEIRFETHY, &Inx
ETIIALRENI RN H D EE 2D, F7= 8{HD LDF @
BB L FDNEN %2157  doE TP-OLDF (& & TPLP-
OLDF), B Y A7 1 » 7 [ElFE, SVM4(C=10000), & L T
Fisher @ LDF (3fETH 5. & LP-OLDF [ZRIE 1 12
g5<, SWML (=D 13 < OIPWE TS LD ->TW
5.

2.2 &9 % 8 fE» LDF

AFaTIE, 2EOFHAR LDF & 6 B MP 2 X5
LDF % #ffi3%. Fisher ® LDF X (1) D P27 ¢
v 7 BUFIEL P THOHT L. AAKRSAS A VAT 4 F 2
— RO VP EHIE, JMP 22 U R THEHTFRE 1 25
177567077 L0ERE LTI N Znbidinz
T, QDF & RDA THiT — & OHBIE1T72 5 .

Log (p/(1-p)) = f(x) (1)
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ZRILX LT 72 fHDBAE T %2 F-2/ S 72 Matroska (SM)
DHTE, SOIHBIT2E, XD /INE7e SMAE
o, oL, 3ENEETTH &L E/NE 7 SM A5
HALZRVN. ZAUE. LINGO @ 1P Y A R—ZH W TN D
IEREEICLE DD EEZTWD, L LI E
/N Matroska (The Basic Gene Set, BGS)7>& 9 2355
MBIV, ZFITR0ESET, AEBIETHIZY 2
13T, 2ToET N TSE IP-0LDF % VT BGS %
RO, A0, TOTF —ZNLEYO MICE
FNDEMBLERANL, b O —EHERBITS LMo

Matroska #1E N RO -o7-. T bbBEFT—FiT
BT BERTRE 2238 D SM DFEML 22 FiE 4 & R TT
DR E BRI HBERRE TRVERITEB OFIE AT
STWD. 10 4LLEIZEY £ < OFIEE BN EIRITTT —
ZDFEEHHTL T THM G RENE SN2 VDI,
ZOMPHEM I N TW WAL TH D, TDIH b,
Jeffery 7 B IEARFIENT FICBHTE L7z H 4y R i
HAZEODA— /LB RCREBTEWZ., THD LW
BERE U CERR 2 BRI RN T2 e\ D O Tl
HIZWi -7, UL, ~=a 7 /LTl OEER S L
THEDOD SMD B D 0% MR TE 72V DT LINGO T
WHET VAR L. $£72, 64bit ® MS/0ffice %
BEALIEY @ 1 FELL O Microarray 5 — 2 23k %
HE o7 11 A 10 BIZAARKRT WP 2—%—

LB LT, BT 5 Sall L%, 6T JMP12
T Microarray 7 — & 03B T % LDF #BA% L, H|
BlfER b I, EFITEAE L, 9 TIZLINGO T
IS EITORD L CNAEZ L. FLTIMPI2 Z{EA L
KRREL TR UWERDE S AVZIEAT D LR LT,
FHMEH L7 JMP12 THONT LR >0 L7z, 0o T
WA, BEASTERERAKRE V. LML —E0IZD b
DObhdD. FLEFIR LIz % Upload 5L L
W2, JMPIZEo7e. ZZTHID T, JMP OB ETAE 2
LW EF O RGIZHHNT-. £ L TEAYIED 1 5
ARNZ 6 3 _TEHERITH &, BOEHERN0DL
DN o TV, EHEOBRLRELT, Bty
BIEL-EEZBND.

#F 11%, LINGO OIWHET NV CTHHT LIzFER T, HP
(IS F T ra— Rl 6 lOF—2DEKTH
5. % @ Description 1% 2 HD 7 T A DFEHIE %<7
Size | L7 — A% & BT DELT [SM : Gene) X [SM D
HEENICEENIBLETRETHS. BB m T
0%, 2RV 2 NOFHIICT v LTHD.  Min,
Mean, Max] 1X SMIZE ENDELFDR/ME, FH
i, mXMETHS. [JMP12]) Fi%, Fisher @ LDF T
L DHBIIHTD 2X2 D3EIFRTH S, 6 HD NI,
5, 3, 8, 3, 10 BL1N29 T, FEAHEMERITRZ .
Alon OFRHDOHBIFERILZNM=0 Th o723, 12 H 8
HICFHEIET % & 5 IcfkboTUV-. HFE2 TH%Ho
OFT LWHEE, Bz 11X Matroska, Matroska &40
(F 721X Matroska B4, fx/Is Matroska (SM), FEARHY
IR BT O ZEM (SGS) | ZHWTWD A, 1FEA
EONNINOGORGEZERTHZ LIIRETH LD
T, A AGYTIREET — X L BARET —Z T, @D
LSD OHIB]THEHRINSERITITZ, D OHRE
EIOT—XEAVCEATS. £, 7l SW AL
BOBIRN TE RV ERH LI,

# 1. Summary of six Microarray Data [11].
Min,
Data Description Size SM: Gene Mean, JMP12
Max
Alone et Normal (22) vs. ¥ 64[44]: 20:2/
al. [1] tumour cancer (40) 622000 1152 11,18,39 3:37
Chiaretti Beell (95) vs. « 270[47]: 94:1/
etal. [2] Teell (33) 128712625 5385 919,62 2:31
Goulb et - 69[43]: 20:5/3:
. 8] All (47) vs. AML (25) 72%7129 1238 10,1831 44
Shipp et Follicular lymphoma ¥ 213[42]: 17:2/1:
al. [54] (19) vs. DLBCL (58) 777130 3032 714,43 57
Singh et Normal (50 ) vs. ¥ 179[45]: 46:4/6:
al. [55] tumour prostate (50 ) 102 ¥12626 3990 13,2247 46
Tian et al. False (36) vs. . 159[46]: 28,45.4, 16:20/
[59] True (137) 173 *12625 7221 104 9:128

£ 21X Golub 5D 69 fHD SM D=L Y A N Th 5.
FI| SM1 1% SM 38 E 5T 69 fHD SMA3H D, 69 D
M THERISINLTWA Z ENG5d. n) 1E, £ SMIC




GENDIELGFETHD. 1T A EDOITEEDHKER
FIEF 21X LASSO &9 B LW TFE TRk T OEAE 1
ZEMDSHTITET LTWDER, 68&F L 69 FD SM T
E A3 HOBIEF LRV DT, £ MEST52
EIFFERICHETH B,

3 2. Small Matroska of Golub et al. Data.
SM1 | SM2 Gene n MNM |35 |11 6630 17 O
1] 11 7129 11 03611 6613 19 0
2 11 7118 16 03711 6594 12 0
3| 11 7102 11 038 |11 6582 16 O
4 11 7091 10 039 |11 6566 16 O
51 11 7081 13 040 |11 6550 16 O
6| 11 7068 12 041 |11 6534 19 O
71 11 7056 13 042 |11 6515 14 0
8| 11 7043 12 043 |11 6501 19 O
9| 11 7031 14 044 |11 6482 14 0
10| 11 7017 16 04511 6468 21 O
11| 11 7001 10 046 |11 6447 21 O
12| 11 6991 12 047 |11 6426 20 O
13| 11 6979 13 048 |11 6406 23 O
14| 11 6966 16 049 |11 6383 19 O
15| 11 6950 14 0|50 |11 6364 19 0
16 | 11 6936 13 0|51 |11 6345 24 0
17| 11 6923 19 0|5b2 |11 6321 19 0
18| 11 6904 15 05311 6302 20 O
19| 11 6889 13 0|5b4 |11 6282 22 0
20| 11 6876 14 0|55 |11 6260 19 0
211 11 6862 16 0|56 |11 6241 24 0
22| 11 6846 17 0|5b7 |11 6217 21 O
23| 11 6829 17 0|58 |11 6196 25 0
241 11 6812 14 059 |11 6171 27 O
251 11 6798 16 06011 6144 20 O
26 | 11 6782 15 0|61 |11 6124 23 0
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271 11 6767 12 0|62 |11 6101 28 0
28| 11 6755 21 0[63]|11 6073 23 0
29| 11 6734 15 0[64|11 6050 23 O
30| 11 6719 14 065|111 6027 28 0
31| 11 6705 22 0166|11 5999 23 0
32| 11 6683 19 067|11 5976 23 0
33| 11 6664 16 0[68|11 5953 31 O
34| 11 6648 18 0169 |11 5922 31 O
4. &

1997 FE72 6 2010 41T, EEFITHIBIHT OFr L3R
A ST U7-. SE IP-OLDF | ZRSRE 1 & RERH 2 2 figvk
L7-. IP-OLDF [ZHIBISHr OFrlc 72 FFE L R~ Lz,
RE 4 ZRRT 27 0DICFFIE 1 2422 L. /IMERD
WFSET— & % oA LI WIFEE IS I3 ik 1 I39ER I
R CIRNH 5. foHIBIEE%L & SUE IP-OLDF % HLig
U Z2 RS 2 E N TE . ZoFSICAT, B
AR AR D SEYEJRE S FA RS M2 Cheii 72 & 7 VI M T
Z2 5. EBIT Fisher 1L HRIFRETS L ORRSHEIER O
728 ® SE O A& ERAL L TOZR W AVHEBIRE D 95%
CL2RESD. 2010 FEBISHMIEE LT, RBOEG
THIE, AA ARITHIET — % L AARET —2 % v
TLSD DHBNTHE R EZ YL T2, LA L 2015 FITE
BT T LIEMRA 87 RRE -T2, 2015 4F 10
A D& 012 6 D Microarray 5 —Z T E 1P-OLDF
DHRICHMERIREZITO 2N TED I EN Do
7-. 27T, [Microarray 5 —4# M7= ® Matroska
FEEGRIRIE) OFFRE2 2B L. ZoFRE, T
— X DR SYEE T RE 7R 8o D SM &, BRIE T EE AT RE
TRWVERILOBEE 2R TR SN TND Z & 2
ST LT, %< OMIEE L IR CIE R 122/ O fRkir
WP\ L C& 723 (RIRE 6), #rRik 2 Clli Oft
A FIEZ W TR BRI T & 5 O CRIE 5 1L
IR T X 5.

FFRE20CHIE b LREORBTFEEET L
Wit S, BGS ZEHEEETIUERNTH A
5. AEILSD DHIBITH 7= T, MWM=0 ® SM (23 H
L7=. L, LLINGO 7’1 7' Z AiX, Z Dk, MW=1 LA
i MERTZENTE D, 7205, MWD/
S SMIZERICHEEL WD EB X T,
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Tackling Control Problems in General with Unified
Neural Models

Danilo Vasconcellos Vargas and Junichi Murata (Kyushu University)

Abstract— Many features of neural networks such as synaptic plasticity, feedback, time scales (slow and fast
neurons) and inhibition/excitation of neurons was recently joined into a unified neural model. To learn the
topology and parameters values of the model, a neuro-evolutionary method is used. This article explains the
importance of using the mentioned neural network features in this unified neuron model to solve five different
control problems. In fact, these problems are learned without changing any parameters of the algorithm.
This demonstrates that the architecture has great learning capabilities.

Key Words: Neural Networks, Neuroevolution, Evolutionary Computation.

1 Introduction

Often, learning algorithms are the only solution
available to problems that are too complex to be
solved with hand-coded programs. They are, for ex-
ample, used to recognize speech in cell phones, pro-
cess and extract knowledge from problems with big
data, play games comparatively to humans and so
on. Moreover, they are a natural solution to dynamic
problems since they can learn, i.e. adapt to changes.

The impact of learning algorithms nowadays is
enormous, yet the area has the potential to expand
even further. For that, however, it is necessary that
learning algorithms be able to work on new problems
without the presence of an expert. Current algorithms
behave sometimes erratically on new problems or re-
quire a lot of trial and error and prior knowledge to
work.

To build an algorithm that can tackle different prob-
lems it is necessary to have a general representation.
The most general representation is perhaps a graph
with nodes composed of various types of functions.
Provided that brains are also graphs of neurons, this
justifies the bio-inspiration in neural networks. The
only way to optimize not only connection weights but
also topology of neural networks is with neuroevo-
lution, because evolution can optimize any kind of
problem including ones where the model itself grows
or decreases in size. Comnsequently, evolution is cho-
sen as the learning algorithm and neuroevolution is
the underlining basis for this work.

In a recent article?”), a neuroevolution based learn-
ing algorithm capable of learning various classes of
problems without any prior-knowledge was proposed.
Moreover, this new neuroevolution based learning al-
gorithm unified most of the neuron representations
into one. Since every kind of neuron is specifically
good for a certain type of task, the natural selection
of the neuron type for each problem suits well the
objective of solving a wide range of problems with-
out any prior knowledge. Furthermore, a new nich-
ing mechanism and diversity paradigm are created
to aid the evolution of this complex representation.
The previously proposed method is called Spectrum-
diverse Unified Neuroevolution Architecture (SUNA).
In summary, SUNA has the following features:

e Unified Neuron Representation - A new neuron
representation is proposed that unifies most of
the proposed neuron variations into one, giving
the method a greater power of representation.

e Novelty-Based Diversity Preserving Mechanism -
Solutions are not only different; the frequency,
FIEAVE1—T—2aF I ATV AR R
(201647 H8H-98 - T )

types of neurons and connections used may sug-
gest a completely different approach to solve the
problem. For example, the use of many neuro-
modulated connections against normal connec-
tions in a network is a different approach. Such
diversity in the approaches used should be pre-
served and therefore a new novelty-based diver-
sity is proposed which keeps track of previous
solutions and preserves the different approaches
spotted.

e Meaningful Diversity for Large Chromosomes-
Instead of comparing chromosomes, this diversity
measure compares values of a set of phenotype-
based or genotype-based metrics. In other words,
spectral of features are compared. By comparing
spectra, the diversity is still meaningful for large
chromosomes? as well as it is problem indepen-
dent.

e State-of-the-Art Results - In all five classes of
problems tested, the proposed algorithm had ei-
ther better or similar results when compared

with NeuroEvolution of Augmenting Topologies
(NEAT).

e Few Parameters - SUNA has only eight parame-
ters while NEAT has 33.

2 Related Work

In the following, there is a brief review of the LCS’s
and Neuroevolution’s literature. Here, we will restrain
the brief review to only continuous action LCS algo-
rithms and some of the most salient Neuroevolution
methods. For a complete review of both LCS’s and
Neuroevolution’s literature please refer to 2% 17) and
9), respectively.

LCSs with continuous actions were first applied
to function approximation with the XCSF algo-
rithm 36 6 23) later with variants using fuzzy logic
26,5, 8) " peural-based LCS algorithms * 5 and ge-
netic programming-based algorithms ). Regarding
reinforcement learning problems, LCSs with discrete
actions were used to solve complex mazes ¢, cart-
pole balancing 2+ 2) and the two-actions mountain car

IThe word spectrum here is used to denote a set of values
of histograms or metrics, defining the overall characteristics of
the chromosome in a compressed manner.

2High dimensional spaces are exponentially more sparse
than low dimensional ones. That is the reason why distance
metrics for long chromosomes are less meaningful. To avoid
this complication, here the dimensions are converted to a small
number of features which compose the spectrum of the chro-
mosome
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18) problems. Continuous action LCSs were applied
to control robotic arms '% 7). navigation problems
3,12) © complex mazes 3139 and dynamical mazes
29) Novelty-Organizing Team of Classifiers (NOTC),
specifically, was applied to pole balancing and a dis-
crete action of mountain car in %%). NOTC related
algorithm without the concepts of team and dual fit-
ness, Novelty-Organizing Classifiers (NOC), was ap-
g)ged to continuous mazes and classification problems
Neuroevolution, where both the structure and pa-
rameters are evolved, is a relatively new research area.
Therefore, there are fewer algorithms, to cite some:
GNARL Y, NEAT 2V, EANT ' and EPNet 37).

3 The Genome

The genome used is a direct encoding scheme made
by a list of connections and a list of neurons. The
evolvable parameters and their respective range values
are described in Table 1, in which N is the set of
neurons present in the respective chromosome.

4 Evolving the Unified Neural Model

In order to evolve structures, special evolutionary
methods are needed. A new evolutionary method
was proposed?”) that is based on a new diversity
paradigm. Here, we show how diversity of structures
can be achieved without creating a dependence on the
problem.

The evolution steps are described in detail in the
following subsections.

4.1 Initialization

First, all chromosomes in the population are ini-
tialized to a set of input and output neurons where
the number of input/output neurons equal the in-
put/output of the problem. To create an initial di-
versity, I, initial mutations (see Section 4.6) without
weight perturbations are applied to all chromosomes.

4.2 Evaluation

In the evaluation stage every chromosome present
in the population is activated for a whole trial. Every
control problem is transformed into a reinforcement
learning problem by simply adding some type of feed-
back (reward) to the control system. This feedback or
reward is a measure telling roughly how good the con-
trolling behavior was in the previous iteration. At the
end of each trial, the average reward received through-
out is used as fitness. This process is repeated until
the entire population has been activated. Afterwards,
the spectrum of every chromosome is calculated.

4.3 Spectrum Diversity

Diversity and protection of innovation is a chal-
lenging problem for Topology and Weight Evolving
Artificial Neural Networks (TWEANN), basically be-
cause finding a metric to compare the structures of
TWEANNSs is difficult. Speciation tries to approx-
imate this comparison by using innovation numbers
(a certain type of identification number) on the genes
and therefore the alignment of such genes gives a fast
approximation of structure similarities 21). However,
two structures originated from different evolutionary
paths are always seen as totally different and un-
matching structures because they differ in innovation
numbers. This happens even if they are the same or
similar in structure. And since genes are compared
one per one it does not scale well with the size of
chromosome.

In Physics and Chemistry, a similar problem takes
place. Atoms combine with each other into complex

structures, but it is discovering these structures which
is a hurdle. To solve these problems various types
of spectra are used (e.g., nuclear magnetic resonance
spectrum).

Similarly, here we propose to use spectra to iden-
tify and compare structures. The spectrum is itself
designed for the representation, composed of a set
of genotype’s and phenotype’s properties. Computa-
tionally speaking, the spectrum is an array with each
property being an element of this array. Here the
spectrum is composed of the following properties:

e The number of identity neurons;
e The number of sigmoid neurons;
e The number of threshold neurons;
e The number of random neurons;
e The number of control neurons;

e The number of slower neurons (adaptation speed
greater than one).

This combination of properties divides the set of so-
lutions by how they approach to solve the problem.

Once the spectrum of all chromosomes are calcu-
lated their spectrum are fed into the Novelty Map %)
(Section 4.4) where only the spectra that are mapped
into the same cell creates a group (species) and com-
pete. The entire process of calculating the spectra
and insertion in the Novelty Map is called Spectrum
Diversity, because the spectrum of chromosomes is
used to separate the population into groups(species),
i.e., diversity is kept by creating species based on the
similarity of their spectrum.

Spectrum diversity uses a measure of diversity
based on the distance between the spectra of two
structures. The advantages of using this type of di-
versity are:

e Problem Independence - The metric is not de-
fined based on problem characteristics, therefore
it works independent of problem type and size;

e Scalability - Since the spectrum should describe
properties of the structure as a whole, the size
of the chromosome does not interfere with the
metric.

4.4 Novelty Map

Novelty Map is a table with the most novel inputs
according to a given novelty metric. When an input is
presented to the map, competition takes place where
the cell with the closest weight array wins. This win-
ner cell is activated and can be used in many ways.
Here, the winner cell is used to identify to which
species (group) the input pertains. Afterwards, the
table is updated by substituting the weight array of
the least novel cell (according to the novelty measure)
with the input array if and only if the input array has
higher novelty.

This table shares some similarities with self-
organizing map ' and neural gas %), but its behav-
ior is independent of input frequency and it uses fewer
cells to map the same input space (cell’s efficiency).

The novelty metric used in this article is the unique-
ness. Let S be a set of arrays. Uniqueness is defined
for an array a; in relation to the other arrays in S by:

U=5\{a:} (1)
uniqueness = ming, cy (dist(a;, ar)). (2)
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Table 1: Evolvable Parameter Space. N is the set of neurons in a given chromosome.

Related to | Parameter Range
Neuron adaptationSpeed | {1,7,49}
Type {control, random, sigmoid, threshold, identity}
Weight From Neuron N
To Neuron N
Weight unbounded
Neuromodulation | {-1}UN

4.4.1 Novelty Map Population

Novelty Map Population is a Novelty Map where
cells are subpopulations and inputs are some value
related to the individual. Here, the spectrum of chro-
mosomes is used as input. The Novelty Map Popula-
tion is used to create niches where only chromosomes
with similar spectrum will compete with each other,
avoiding deleterious competition.

4.5 Selection

In the selection stage, only one individual survives
inside every cell (species) of the Novelty Map. To
decide which individual is going to survive, the indi-
viduals are compared based on their fitness. In case
of a draw, the individual that uses less neurons wins
(i.e. the least complex wins).

In fact, subpopulations are the same as niches, be-
cause chromosomes that fall inside the same subpopu-
lation have a similar histogram and therefore are sim-
ilar themselves. Notice that there is no competition
between niches. There is also no preference or advan-
tage to niches that have better average fitness such as
with fitness sharing procedures. Different approaches
will be part of different niches (subpopulations) and
survive even if they have poor fitness. As shown in
28) only by avoiding any kind of competition (direct
or indirect) between niches (subpopulations) it is pos-
sible to avoid deleterious competition. Giving advan-
tages to niches that are already strong will decrease
further the chances of different approaches to surge.
Moreover, niches that are already good will progress
independent of having advantages over other niches.

After selection, individuals that survived become
parents and the algorithm enters in reproduction
stage. As a matter of fact, to keep the number of
parents constant, if a subpopulation is empty, a ran-
dom valid parent from a different subpopulation is
chosen and copied instead.

4.6 Reproduction

With the parents defined, the remaining vacancies
in the population are filled by the following sequence
of procedures:

1. A parent is chosen at random;

2. S,, step mutations are applied to the parent to
create a child;

3. All connections have a 50% chance of being per-
turbed with a random value in the range [—w, w],
where w is the current weight of the respective
connection.

A mutation can be any of the following procedures:

e Add a neuron. Everything is randomly chosen,
but first the neuron has an additional probability
of being a control neuron. Furthermore, two new
connections are created connecting this neuron
to the network (one random connection from this
neuron and another random one to this neuron);

e Delete a neuron (all connection to the respective
neuron are also deleted). Input/output neurons
cannot be deleted;

e Add a connection. The connection has a prob-
ability of being neuromodulated (neuromodula-
tion probability) and initial weights are either 1
or —1. Everything else is randomly decided;

e Delete a connection.

Any of the above mutation procedures have a chance
of occurring defined by the mutation probability ar-
ray. The mutation probability array (M,,) is com-
posed of four real numbers relative to the probability
of respectively adding a neuron, delete a neuron, add
a connection and delete a connection. So for example
{0.1,0.1,0.4,0.4} would mean 10% chance of adding a
neuron, 10% chance of deleting a neuron, 40% chance
of adding a connection and 40% chance of deleting a
connection.

5 Experiments

In this section both SUNA and NEAT will be tested
on five different classes of problems, each one requir-
ing different learning features to solve. The set of
parameters are kept the same for all the problems for
both algorithms (see Section 5.1).

5.1 Experiments’ Settings

The NEAT code used is the 1.2.1 version of NEAT
C++ software package 29). Table 2 shows the NEAT
parameters. Actually, the used parameters are the
same as the one provided with the package for solving
double pole balancing task. A couple of variations of
it were tested, but the original one performed better.
Moreover, some modifications were necessary to make
NEAT work on problems with negative fitness, since
it does not work out of the box. Therefore, a value big
enough (2000) was always added to the final accumu-
lated fitness, transforming the negative fitness into a
positive one. Additionally, to satisfy NEAT’s require-
ments, for all problems the input range was converted
to (—1,1) while the output range was transformed
into (0,1). This conversion naturally informs the al-
gorithm about the maximum/minimum of both input
and output, simplifying the problems at hand. Such
changes are not necessary for the proposed method.

Regarding the proposed method, a couple of set-
tings were tested to arrive in the parameters described
in Table 3. All results are averaged over 30 runs® and
only the best result among 100 trials* is plotted. Ev-
ery run, when not specified otherwise, has a maximum
of 2 x 10° trials.

3Run is defined as a sequence of trials until the maximum
number of trials is reached.

4Trial is a set of iterations between agent and environment
until a problem defined stopping criteria is met.
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Table 2: Parameters for NEAT

Parameter Value | Parameter Value
trait_param_mut_prob 0.5 trait_mutation_power 1.0
linktrait_mut_sig 1.0 nodetrait_mut_sig 0.5
weigh_mut_power 2.5 recur_prob 0.00
disjoint_coeff 1.0 excess_coeff 1.0
mutdiff_coeff 0.4 compat_thresh 3.0
age_significance 1.0 survival_thresh 0.20
mutate_only_prob 0.25 mutate_random_trait_prob | 0.1
mutate_link_trait_prob 0.1 mutate_node_trait_prob 0.1
mutate_link_weights_prob | 0.9 mutate_toggle_enable_prob | 0.00
mutate_gene_reenable_prob | 0.000 | mutate_add_node_prob 0.03
mutate_add_link_prob 0.05 interspecies_mate_rate 0.001
mate_multipoint_prob 0.6 mate_multipoint_avg_prob | 0.4
mate_singlepoint_prob 0.0 mate_only_prob 0.2
recur_only_prob 0.0 pop_size 100
dropoff_age 15 newlink_tries 20
print_every ) babies_stolen 0
num_runs 1
Table 3: Parameters for SUNA

Parameter Value

Number of initial mutations (7,,) 200

Number of step mutations (Sy,) 5

Population size (|P|) 100

Neuromodulation probability
Control neuron probability
Excitation threshold

Maximum Novelty Map population (Maz,,) | 20
Mutation probability array (M)

{0.01,0.01,0.49, 0.49}

5.2 Results

The mountain car problem 22) is defined by the fol-
lowing equations:

pos € (—1.2,0.6)
v € (—0.07,0.07)
a€(-1,1)
Vi1 = vt + (ag) * 0.001 + cos(3 * pos;) * (—0.0025)
DOSt 41 = POSy + Vpt1,
(3)

where pos is the position of the car, a is the car’s
action and v is the velocity of the car. The starting
velocity and position are respectively 0.0 and —0.5.
If v < 0 and pos < —1.2, the velocity is set to zero.
When the car reaches pos > 0.6 the trial is termi-
nated and the algorithm receives 0 as reward. In all
other positions the algorithm receives —1 as a reward.
Moreover, if the algorithm’s steps exceed 10° the trial
is terminated and the common reward of —1 is re-
turned to the algorithm.

NEAT can only deal with certain ranges of in-
put/output, therefore the input was converted to the
(=1,1) range while the output was converted to the
(0,1) range. Naturally, this conversion informs the al-
gorithm about the maximum /minimum of both input
and output, an information that was not readily avail-
able in the original problem, therefore the problem is
to some extent simplified.

Figure 1 shows a comparison between SUNA and
NEAT in the mountain car problem. SUNA performs
better than NEAT, converging as fast as NEAT even
though SUNA sees a bigger search space. The rea-
son behind the worse performance in NEAT seems to
be related with unstable individuals taking over the
population from time to time, making the results vary
around the best solution but rarely staying in that
position. Moreover, procedures that check for stag-
nation make things worse when NEAT has already
reached a good result.

The non-simplified version of the problem, i.e., with
raw input and output is shown in Figure 2. SUNA
performs equally well on all problems, showing that
the presence or absence of normalization in the in-
put/output is not an issue. NEAT, on the contrary,
struggles with raw input and when the raw output is
present it performs very poorly. It is understandable,
NEAT has only sigmoid input nodes that squeeze val-
ues into the (—1,1) range and outputs nodes in the
(0,1) range and therefore can not cope with this type
of problem. Having said that, it is still a limitation,
compromising the automatization and limiting the ap-
plication to some problems.

-110

-120

— SUNA
- NEAT

Accumulated Reward
-130

-140

-150

T T T T
0 50000 100000 150000 200000

Number of Trials

Fig. 1: Comparison of SUNA and NEAT in the moun-
tain car problem.
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Fig. 2: In real world problems, the maxi-
mum/minimum of either input or output is often not
available, therefore a normalization is not readily pos-
sible. Here tests show the performance of both SUNA
and NEAT when both input and output are normal-
ized (SUNA,NEAT), when the input is raw (SUNA
raw input, NEAT raw input) or when both input and
output are raw (SUNA raw input/output, NEAT raw
input/output). The tests were made in the mountain
car problem.

5.3 Double Pole Balancing

Double pole balancing is the famous problem of bal-
ancing a pole above a cart by only moving the cart
forward or backward. This problem has six observ-
able variables. The dynamics used here are the same
mentioned by the following papers 3,11 2D In fact,
the code was adapted from 2%) which is the same code
used in other papers 'V 21 All the original parame-
ters of the problem were also kept the same.

Figure 3 shows that SUNA and NEAT converges
to the same final performance. In other words, both
algorithms learned to balance the pole for 10° steps
(the maximum allowed) in all the tests. SUNA con-
verges slower than NEAT. This is expected due to the
greater complexity of the SUNA’s model.

5.4 Non-Markov Double Pole Balancing

Non-Markov double pole balancing has the same
dynamics as the double pole balancing. However, the
agent only observes three variables (position of the
cart and angles of both poles) instead of six. To keep
the poles balanced it is necessary to estimate the ve-
locity of the cart and pole angles. Therefore, this
problem presents an additional difficulty. The pre-
vious input needs to be somehow kept and used to
compose an estimate of velocity.

Notice that in this article the double pole balancing
fitness function is used, i.e., a modified fitness function

that penalizes oscillations is not used 2V. Thus, this
formulation of the non-Markov double pole balancing
problem is relatively more difficult.

Comparison results are shown in Figure 4. SUNA
performs much better than NEAT in this problem. In
fact, SUNA achieves 70% of the maximum possible av-
erage accumulated reward while NEAT reaches only

Accumulated Reward
6e+04 8e+04 1e+05
! !

4e+04
|

2e+04
|

0e+00
|

T T
0 50000 100000 150000 200000

Number of Trials

Fig. 3: Double Pole Balancing.

37%. But what features present in the proposed algo-
rithm enable it to outperform NEAT? In short, there
are basically three important features: slow neurons
(responsible for computing approximation of deriva-
tives, averages and so on), real weights (accurate com-
putation of estimates) and random neurons (explo-
ration).

Accumulated Reward
10000 20000 30000 40000 50000 60000 70000
!

0
|

T T T T T
0 50000 100000 150000 200000

Number of Trials

Fig. 4: Performance of both SUNA and NEAT in the
non-Markov double pole balancing problem.

5.5 Multiplexer

Multiplexer is a binary problem with a single bit
output and with the input composed of data and ad-
dress variables. To compute the correct output, abits
address variables are used to select one of the other
20bits data variables. This selected data variable is
the correct output. In this manner, the algorithm
must first separate the address input from the data
input and then use the address information to select
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the data part of the input. This problem is coded as
a reinforcement learning problem where each correct
answer is rewarded with 0 and each incorrect answer
is rewarded with —1. Every possible set of inputs are
presented during a trial in random order, not allow-
ing learning algorithms to memorize the sequence of
outputs instead of the multiplexer function.

Figure 5 shows that SUNA outperforms NEAT in
the multiplexer problem with abits = 3 (i.e., three
address variables and eight data variables). After
2.0 x 105 trials, an average of —620 (~ 70% accu-
racy) accumulated reward is achieved by SUNA while
NEAT reaches —720 (= 65% accuracy). However,
SUNA continues improving its accuracy further and
if more trials are allowed it would reach much higher
accuracy. NEAT, on the other hand, reaches rapidly
its peak of accuracy without further improvements.
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- NEAT

Accumulated Reward
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0 50000 100000 150000 200000
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Fig. 5: SUNA outperforms NEAT in the multiplexer
problem.

5.6 Function Approximation

In this problem the algorithm has to learn a se-
quence given by the following equation:

3

~ 1000

y + 0.4z + 20sin(1%) +20sin(100z), (4)

where = and y are respectively the input and out-
put of the problem. Moreover, the value of x varies
from —100 to 100 in unit time steps. The reward is
the negative modulus of the difference between the
agent’s action (agent’s estimation of y) and the cor-
rect sequence output y.

This problem cannot be solved properly by NEAT,
since its input and output need to be real numbers of
unknown range otherwise the problem is unreasonably
easy. Therefore, here only SUNA’s result is plotted
(see Figure 6). SUNA gets a very close approximation
to the curve.

6 Discussion: The Laws of Learning

It was shown that each problem class requires some
features from the learning algorithm in order to be
tackled. However, these features are not specific to
each problem class. Many problem classes require
similar learning features. Therefore, the question of

Output
|

-500

-1000

T T T T T
-100 -50 0 50 100

Iteration

Fig. 6: Results for the function approximation prob-
lem learned by SUNA. Average of the final learned se-
quence (dark blue) and the reference sequence (light
gray) are shown.

whether there is a minimal set of features required to
solve all problems is raised.

Thus, similarly to the laws of Physics, which are the
minimum set of dynamics that describe the universe.
Are there a minimum set of learning features (neuron
types, recurrency, etc...) that would allow a learning
algorithm to learn any problem?

We think there is a minimum set. In this work we
identified some important learning features. However,
there are certainly many more that need to be iden-
tified and unified.
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An Adaptive Learning Method with Forgetting in Deep Belief Network
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Abstract— Deep Belief Network (DBN) has an deep architecture that can represent multiple features of
input patterns hierarchically with the pre-trained Restricted Boltzmann Machines (RBM). The adaptive
learning method that can discover an optimal number of hidden neurons or layers according to the input
space is important method in terms of the stability of the model as well as the computational costs although
a traditional RBM or DBN model cannot change its network structure during learning phase. Moreover,
we should consider the regularities in the sparse of network to extract explicit knowledge from the network
because the trained network is often a black box. In previous research, we have developed the combination
method of adaptive and structural learning method of RBM with Forgetting. In this paper, we propose the
adaptive learning method of DBN that can determine an optimal number of hidden layers during learning.
We evaluated our proposed model on CIFAR-10 data set.

Key Words: DBN, RBM, Deep Learning, Adaptive Learning Method
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Fig. 3: Adaptive Learning method of RBM
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Table 1: Classification Accuracy

Traditional RBM 22)

Traditional DBN 23)

Adaptive RBM

Adaptive RBM with Forgetting

Adaptive DBN with Forgetting

\ Training \ Test
-1 63.0%

- | 78.9%

99.9% | 81.2%
99.9% | 85.8%
100.0% | 92.4%

Table 2: Situation in each layer after training of adaptive DBN

Layer \ No. neurons | Total energy \ Total error \ Accuracy
1 433 -0.24 25.37 84.6%
2 1595 -1.01 10.76 86.2%
3 369 -0.78 1.77 90.6%
4 1462 -1.00 0.43 92.3%
5 192 -1.17 0.01 92.4%

EHIZ 0.1, ZEHONNyF YA E 100 & Uiz HEES
BIRBM D85 X R E LT, e =0.015, 64 = 0.0005
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