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Nonlinear Time Series Prediction Using
Complex-Valued Multilayer Perceptron Learning

xS. Satoh and R. Nakano (Chubu University)

Abstract— A complex-valued multilayer perceptron has the capability to fit complicated periodic functions.
Here we employ a strong learning method called C-SSF for learning a complex-valued multilayer perceptron
since C-SSF systematically finds excellent solutions. Chaotic behavior has the aperiodic nature and is highly
sensitive to initial conditions. We apply C-SSF to learning two kinds of chaotic behaviors and evaluate the
learning and prediction performance of networks obtained by using C-SSF.

Key Words: Complex-valued multilayer perceptron, Singular region, Nonlinear Time Series
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Application of Quaternion Neural Network to Inverse Kinematics of Robot Arm

* T. Ogawa (Takushoku University)

Abstract— Quaternions are often used to express mechanics in three dimensional space. The estimation prob-
lem of the joint angles from a given end-effector coordinate is referred to as an inverse kinematics of robot arm,
which is an inverse problem. A multilayered neural network based solution to inverse problem has been proposed
and has been extended to quaternion neural networks. In this paper, we apply the quaternion neural network based

solution to the inverse kinematics of robot arm.
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Table 1 Network parameters

Network QNN

Number of input neurons 2

Number of hidden neurons 10

Number of output neurons 1

Learning rate & 0.001
Input update rate & 0.0001
Max. number of training epoch 20000
Max. number of estimating epoch 10000
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Fig.2 Training errors for each learning rate.
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Algebraic Phase Unwrapping Based on Two-Dimensional Spline Smoothing

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

Abstract- In this report, we introduce the main ideas of our approach [Kitahara and Yamada, IEEE Transactions on
Signal Processing, (accepted for publication)] for high-resolution 2D phase unwrapping. In the first step (SPS: SPline
Smoothing), we construct a pair of the smoothest spline functions which minimize the energies of their local changes while
interpolating respectively the cosine and the sine of given wrapped phase. If these functions have no common zero over
the domain of our interest, the proposed estimate of the unwrapped phase can be obtained by algebraic phase unwrapping
in the second step (APU: Algebraic Phase Unwrapping) as a continuous function. The smoothness of the proposed
unwrapped phase function is guaranteed globally over the domain without losing any consistency with the wrapped phase.
Numerical experiments for terrain height estimation demonstrate the effectiveness of the proposed method.

Key Words: Two-dimensional phase unwrapping, Algebraic phase unwrapping, Bivariate Spline smoothing, Convex
optimization, Interferometric synthetic aperture radar, Terrain height estimation.

1 Introduction

Two-dimensional (2D) phase unwrapping')- 2 is an esti-
mation problem of an unknown continuous phase function
O : Q0 — R from its noisy wrapped samples

@W(x7y) = W(@(x,y) + V(x’y)) € (_ﬂ-vﬂ-] (N

observed at (z,y) € G (C ), where Q (C R?) is a simply
connected closed region, G is the set of finite sampling
points, v is additive phase noise, and W : R — (—m, 7] is
the wrapping operator defined by

VoeR3IneZ & =W()+2mnand W(J) € (—m, 7).

© and ©" are respectively called the unwrapped phase
and the wrapped phase. 2D phase unwrapping is important
for signal and image processing applications such as ter-
rain height estimation and landslide identification by inter-
ferometric synthetic aperture radar (InSAR)*19) seafloor
depth estimation by interferometric synthetic aperture
sonar (InSAS)'V-9) 3D shape measurement by fringe
projection'18) or X-ray'?-22 and water/fat separation
in magnetic resonance imaging (MRI)>*)-20)

As remarked clearly in [27], all commonly used phase
unwrapping algorithms are based on the assumption that
the true unwrapped phase field varies slowly enough that
in most places, neighboring phase values are within one-
half cycle (7 rad) of one another, i.e., it is assumed that
AO; :=0(z,y) — O(x,y) € (—n,«] for most neighbor-
ing pairs of samples 7 := ((x,y), (Z,¥)) € G X G. Such
algorithms have been designed to suppress a certain func-
tion J measuring the unwrapped phase differences AO;
for all neighboring pairs ¢ € G x G as

p
5

J(©) =) w;|A0; - W(AB]")

where w; > 0, p > 0, © := vec(O(x,9))(s,)cg stands
for the vectorization of O(z,y) on G, and A@?/ =
O (z,y)—0W (x,y) is the wrapped phase difference be-
tween a neighboring pair of samples ¢ = ((z,y), (Z,7)).
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For example, branch cut (BC) algoritth) and minimum
spanning tree (MST) algorithm?”) employ p — -+0, min-
imum cost flow (MCF) algorithm?® employs p = 1, and
least squares (LS) algorithm®) employs p = 2. Such a
specification of J is introduced on the basis of a simple
property that, under the assumption v = 0,

AO; = W(ABY) & A6, € (—, 7).

Then the algorithms try to use a minimizer of J as an esti-
mate of the unwrapped phase.

BC, MST and MCF algorithms assume that noise v in
(1) is small enough and try to find a minimizer of .J under
the condition

V(z,y) €G W(B(z,y)) = 0" (2,y) 2)

This type of optimization problem is combinatorial and in-
tractable due to condition (2). In order to solve this prob-
lem, these algorithms use an elegant technique developed
originally for network flow in graph theory?>27). In this
approach, if the observed wrapped phase has only small
noise and the unwrapped phase difference is sufficiently
small with respect to sampling interval, we can construct
a very good estimate. However, otherwise, condition (2)
is violated due to noise v in (1), and the minimizer of J is
hard to compute due to condition (2).

LS algorithm directly computes a minimizer @™ of .J
without requiring condition (2). In this approach, even
if the observed wrapped phase is noisy, ®* can be ob-
tained. However the consistency between ©* and ov,
i.e., W(O*(z,y)) ~ ©W (x,y) is not guaranteed at many
sampling points (z,y) € G.

In this paper, we propose a completely different alge-
braic approach to 2D phase unwrapping by exploiting the
property of ®W € (—7, 7]:

eV =w(© +v)
& (cos©",sin©") = (cos(© + v),sin(© + v)).
3)
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The proposed scheme achieves a high-resolution esti-
mate of the unwrapped phase © unlike many existing
algorithms®)- 10)-25)-29) " We estimate © as the continuous
phase function §; € C?(2) of a twice continuously dif-
ferentiable complex function f := foy +1f1) = |f s,
where fo) € C?*(Q) and f(;y € C?*(Q) have no com-
mon zero over {) (see Notation in the end of this section).
Then the estimation problem of © is replaced with those
of f(0) and f(1) which respectively approximate cos © and
sin©. Clearly, by (3), f(o) and f(;) are desired to inter-
polate respectively cos(©" (z,y)) = cos(O(z,y)) and
sin(@% (z,y)) = sin(0(z,y)) if v(z,y) = 0 at (z,y) €
G. Motivated by the main idea of functional data analy-
5is?9)732) | we assume that f is “smooth” which means that
the energy of local change is small over €2, and adopt the
bivariate spline space as the set of all candidates of f(o)
and f(1). After finding the smoothest spline functions f(*o)
and f(}) which are consistent with the wrapped phase in-
formation cos(©"W (z,v)) and sin(0@W (z,y)) at (z,y) €
G (SPline Smoothing (SPS)), the continuous phase func-
tion 0. of f* := fi) +auff) = |f*|e??s~ is analytically
computed, as the proposed estimate of ©, by Algebraic
Phase Unwrapping (APU)*)=37)_ This approach is partic-
ularly effective in the case where phase noise v is rela-
tively small and f* has no zero over (). Indeed, by this
approach, we can maximize a certain smoothness of 6
subject to the condition W (0 (x,y)) ~ ©W (z,y) for all
sampling points (z,y) € G unlike other algorithms. Nu-
merical experiments for InSAR terrain height estimation
demonstrates the effectiveness of the proposed scheme.

Notation Let Z, Z, R, R, and C be the set of all in-
tegers, non-negative integers, real numbers, non-negative
real numbers, and complex numbers, respectively. We use
1 € C to denote the imaginary unit, i.e., 2 = —1, and
use i, j € Z4 for general indices. For any set .S, card(S)
stands for its cardinal number. For p € Z, C*(Q2) stands
for the set of all p-times continuously differentiable real-
valued functions over a simply connected region ) C R2.
A boldface letter expresses a vector or a matrix.

2 Preliminaries—Bivariate Spline Functions

We restrict ourselves to partitioning a polygonal domain
2 C R? into triangles because these have the most flexi-
bility with respect to the resolution of discretization in €2.

Define a triangle 7 C R?, by specifying three vertices
vy = (71, yx) € R? (k = 1,2, 3) which are not arranged
linearly, i.e., 0 := Z1Y2 — Y1 T2 + Tays — Y23 + T3y —

y3x1 # 0, as

Let A := {T;}¥, be a collection of triangles 7; C R?
whose union forms a simply connected closed region €2 C
R?,ie., Ufil T; = Q. If, for any pair of triangles 7; € A
and 7; € A (i # j), T; N 7T; is either empty or a com-
mon edge or a common vertex, the collection A is called a

T := (v1,v2,v3)
r,s,t € [0,1]

= ’I"'l)l+5’l)2+t’l)3 ERQ
r+s+t=1
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regular triangulation. Given a regular triangulation A and
p,d € Zy st 0<p<d,define

SHA)={feC’(Q)|VT;€e A f=fie€PsoverT;}

as the set of all bivariate spline functions of degree d and
smoothness p on A, where P, stands for the set of all bi-
variate polynomials whose degree is d at most, i.e., Py :=
{f:R? 5 R: (2,9) = iy X g ciga'y’ | iy € R}
For T = (v1,v9,v3) s.t. vg (v, yr) € R? (k =
1,2,3), every (x,y) € R? can be expressed in the form

(z,y) =101 + sV +tvg st.r+s+t=1,

where (r,s,t) is called barycentric coordinate’®-3°) of
(x,y) with respect to 7 and expressed as

r = ((y2 — y3)x — (v2 — x3)y + T2y3 — Y273)/0
s=((ys —y1)r — (x3 — 1)y + x3Y1 — Y371)/0
t=((y1 —y2)r — (v1 — 22)y + 2192 — y122) /0

By using the above expression of (z,y), the Bernstein-
Bézier polynomial of degree d is defined, for 7 and
(I, m,n) € Z% satisfying | +m +n = d, as

Ble,n ‘R 5 R: (z,y) — il s
Itis known that { B/, [l,m,n € Z, and l+m+n = d }

is a basis of Py, and hence any piecewise polynomial f,
whose restriction f; to 7, € A satisfies f; € Py (1 =

1,2,...,N), can be expressed uniquely as
_ Ti I myn
faw) =3 g :
l+m+n=d

where (7, s,t) is barycentric coordinate with respect to 7;.
Such a representation of piecewise polynomials is called
the Bernstein-Bézier form, and clen € R is called the
Bernstein-Bézier coefficient (or B-coefficient). We define

the B-coefficient vector as ¢ := vec(¢): )izl

Cl,m,n l+m+n=d"
3 Algebraic Recovery of Unwrapped Phase
3.1 General Idea of The Proposed Scheme

In this section, we propose an algebraic approach for
high-resolution 2D phase unwrapping. We estimate the
unwrapped phase © as a continuous function defined
over ) unlike many existing algorithms. In our previ-
ous works??)-37) by using Poincaré’s lemma*?), we clar-
ified the condition for the unique existence of the contin-
uous phase function 6y € C?(£2) of a complex function
f= f(o) + Zf(l) 10— Csit. f(k) € C2(Q) (k=0,1).

Fact 1 ([36]) Let 2 be a simply connected closed region
on R2. Suppose that foey : @ = R(k = 0,1) are twice
continuously differentiable functions, i.e., f) € C?%(Q),
and satisfy f(z,y) := fo)(z,y) +1fy(2,y) # 0 for all
(z,y) € Q). Then for arbitrarily fixed (xo,yo) € Q and 0y
satisfying f(xo,y0) = | f(x0,y0)|e*?, the following hold.



(i) There exists a unique continuous function 0y €
C%(Q) satisfying 0¢(xo,yo) = 0o and

B0 )= [sz;?(x,y) - Pz;;y(x,y)]
Ox f(O)(x7y) +Zf(1)($7y)
9f ) 9f 1) )
95, y)_@[ 100 (3, ) + 4200 <x,y>]
8y f(O)(xay) +Zf(1)($,y)

Sor all (z,y) € Q, where 3(c) stands for the imagi-
nary part of c € C. 0; satisfies

F@y) = f (@)=Y forall (x,y)

(ii) Let Y : [a,b] — € be a piecewise C' path s.t.
T(a) = (xo,y0) and Y(b) = (x1,y1) € Q. Then

we have
b
9f(1‘1,y1):90+/ ] dr,
O

where F(;, ( ) —f(k)( (1)) (k=0,1).

Remark 1 (Note on Equation (4)) Note that

€.

Foy(7) 4 2F{(}(7)

Floy(m) +1F(1)(7)

R}

9f(0) 3)‘(1)

( 7y) (:E y) 0 arctan f(l)(xay)
lf(o( 7y)+lf1)(l’ y)] 8:5{ t ( (m,y))]
9f(0) 3f(1)

(@,9)+g @ y)| _ o o (fo(@y)
[f(o( ,y)+zf ( )] 3y{ ‘ ( (%10)]

holds at every (x ,y) € Q satisfying fo)(x,y) # 0, where
arctan(z) € (=%, 5) denotes the principle value of the
inverse tangent for all v € R, i.e., tan(arctan(z)) = z. O

Trying to estimate © by 6; € C*(Q), from Fact 1, we
can reduce the estimation problem of © to those of f(g) €
C?(Q) and f;y € C?*(Q) which respectively approxi-
mate cos © and sin ©. In particular, under the assumption
that phase noise v is not significant in (1), f(o) and f(1)
are desired to interpolate cos(0" (z,y)) ~ cos(O(z,y))
and sin(©" (z,y)) =~ sin(O(z,y)), respectively, at ev-
ery sampling point (z,y) € G. Moreover, on the basis of
the idea of functional data analysis’» 2, we search for
f0) and f(1) which are smooth. Here the word “smooth”
means that the energy of local change, i.e., the {5 norm of
the second order partial derivative, is small over ). There-
fore we design a smooth continuous phase function 6, by
minimizing the energy of local change of f(;) (k =0, 1):

LI

in a suitable functional space subject to | f(z,y)| > 0 for
all (z,y) € Q and!

f(O) (iC, y) = COS((—)W(:Ev y))
foyla,y) = sin(0" (2,y))

10Of course, condition (6) can be generalized in a natural way if am-
plitude information at every sampling point (z,y) € G is available.

32f (k)
0x?

82
2’ UCIN

Pl |
Oxdy

oy?

] dzdy (5)

} forall (z,y) € G. (6)
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We can guarantee W (0¢(z,y)) = ©W (z,y) for all sam-
pling points (x,y) € G if (6) and |f(z,y)| > 0 for all
(x,y) € . Motivated by Fact 1 and the successful utiliza-
tion of spline functions in functional data analysis*")=¢),
we adopt the bivariate spline space S7(A) (d > 3) as the
set of all possible candidates of f.

As a result, we propose the following 2D phase un-
wrapping scheme whose core consists of SPline Smooth-
ing (SPS) and Algebraic Phase Unwrapping (APU).

SPS: Find f(}) € 82(A) c C*(Q2) (k=0,1and d >
3) which minimize (5) subject to (6).

APU: For any point of interest (z,y) € 2, compute the
value of 0+ (z,y) defined in Fact 1(ii) along a
suitable piecewise C'! path Y.

Note that SPS is a convex relaxation of an original op-
timization problem, defined with (5) and (6), which re-
quires an additional condition f(o(z,y) +vf(1)(z,y) # 0
for all (x,y) € €. Fortunately, if the observed wrapped
phase ©" is not contaminated by severe phase noise and
sufficiently many sampling points are available to cap-
ture the geometric feature of ©, the solution ( f(*o)v f(*1))
of this relaxed problem tends to automatically satisfy the
additional condition. If there exists some (z,y) € Q s.t.
fo) (z,y) + o (z,y) = 0, we use a denoising step pro-
posed in Section 3.4 to avoid the occurrence of zeros.

3.2 SPline Smoothing (SPS)

Let c(xy (k = 0, 1) be the B-coefficient vectors of f(;) €
S2(A) (see Section 2). Then the energy of local change in
(5) can be expressed as ca)Qc(k), where @Q is a symmet-
ric positive semidefinite matrix*”). The condition fay €
82(4) is equivalent to He(,y = 0 and condition (6) can
be expressed as Zc(yy = dy) in terms of

and a sparse matrix Z%9 . Indeed, if we assume that

d(O) = vec (COS(GW(x7 y)) ) (z,y)€G

d(1) = vec(sin (0" (, y)))(rvy)eg

every (x,y) € Gisavertex of some 7 € A,  (7)

each row vector of Z has only one non-zero component
‘1. As aresult, SPS in the proposed scheme is reduced
to the following convex optimization problem, say SPS
again, for the B-coefficient vector Cky):

SPS: Find cZ‘k,) (k = 0,1) minimizing

(i Qe

subject to He(g,y = 0 and Ze,y = dg).

Moreover, by considering the influence of phase noise
v, we can relax SPS as a generalized Hermite-Birkhoff in-
terpolation problem**):

SPS+: Find C?k) (k = 0,1) minimizing

< Qe

subject to He,y = 0 and —€(1y < Zey — dg) < €xgys



where €y = vec(ew) (2,Y))(wy)eg € chd(g) k =

0,1) are the acceptable interpolation errors des1gned to
be small if the wrapped phase ©W (x,7) is reliable at
(z,y) € G, and relatively large otherwise. SPS and SPS+
can be solved by quadratic programming solvers*®)-50) if
the constraints are feasible.

Even if the constraint in SPS (or SPS+) is infeasible, it
can be relaxed in the following sense of hierarchical con-
vex optimization problem:

SPS++: Find c’(k,’g) (k = 0,1) minimizing

€ Qe
subject to ¢,y € argmin || Zey) — d)l[3-
HC(k):O
SPS++ is solved by hybrid steepest descent method®")=5%).
3.3 Algebraic Phase Unwrapping (APU)
Let A := {T; = (v§> vé),v§>> Y, be a regu-
lar triangulation satisfying (7), and let 90 € R satisfy

£y = £ i) +af g, (087) =

that we are interested in 07~ of f* at v

| f *|e*%. Suppose

(1 <K <N),
where we assume, without loss of generality, 'v§ -
v§i> (i =1,2,..., K — 1) by renumbering the indices of
triangles and their vertices if necessary. Define a piecewise
Clpath Y : [0, K] — Ufil T; by

T(7) = (r—i+ 1) (w5’ —of’) +o]

and then, from Fact 1(ii), 07+ ('véK>

K
07+ (v5")) = 0y +/ 3
0

- 00 + Z 7 K3
R sro

where Fiy,(r) := f7,)(X(r)) (k = 0,1) and F{}} (1) :=
Fuy(r+i=1) = f,(Y(r+i-1)) (7 €[0,1], k=0,1
andi =1,2,..., K). Since (<k>( ) € R[] (k=0,1) are
univariate polynomlals of degree d at most, all integrals in
(8) can be computed analytically by the following method

called algebraic phase unwrapping®)=7).

forr € [i—1,1],

) is expressed as

] dr, ®)

Fact 2 ([36]) Let Py, (7) (k = 0,1) be univariate real
polynomials, and let P(T) := Py)(T) + 1Pq)(T) be a
univariate complex polynomial satisfying P(1) # 0 for
all T € [a,b]. Then, for every 7* € (a, b], we have

/T*\S Ploy(T) +1P(1(7)
L [Po) +iPuy(n)
arctan(Q(7*)) + [V (¥(r*)) — (a)]m
= lfP())(T*) #0;
5+ VEE) = VE@)]r i Poy(r) = 0;
{arctan(Q(a)) _ i Poy(@) #0; ©
sgn(Vo(a)¥i(a))5  if Foyla) =0,

Input: Po)(7) € R[7], P(1)(7) € R[r]and a € R
Output: (VU (T))J:0

11 Wo(r) Lol

(eo: order of a as a zero of polynomial Pq))

(t—a)€0
2: ‘111(7') — % (e1: order of a as a zero of polynomial Py))
3§+
4: while deg(\I’ ) > 1 (deg(¥;): degree of polynomial ¥ ;) do
5: W1+ —rem(¥;_1,7;)
(rem(W;_1, ¥;): remainder of division of ¥;_; by W)
6 g4l
7: end while
8 q<+J
9: Return (¥} (T));:O

Fig. 1: Algorithm generating (¥ (7))7_, in Fact 2.

where Q(1) = Pu)(1)/Py(T), sgn(x) = x/|x| for
x # 0, sgn(x) := 0forz =0, and V(¥ (%)), V(¥ ())E
Z+ are the numbers of sign changes, at T = T and
T = a, in the polynomial sequence (V;(1))7_, gener-
ated by the algorithm in Fig. 1 (e.g., if ¢ = 5, T

1 and (Wo(1), U (1), Us(1), a(1), (1), Ws(1) =
(3,-2,5,1,0,—2), V(¥(7*)) = 3 because there are three
sign changes (3 — —2), (=2 = 5)and (1 — —2)). O

In [36], we also proposed an alternative way, based on
subresultant theory®”), of computation for V(¥ (7*)) and
V(¥(a)) in (9), to resolve certain numerical instabilities
caused by polynomial division in the algorithm in Fig. 1.
In this report, we use [36, Theorem3] for fast and stable
evaluations of V(¥ (7*)) and V(¥ (a)) in (9).

Note that, under the condition f*(z,y) # 0 for all
(x,y) € £, we can compute 0~ (z,y) not only at (z,y) €
G but also at any (z,y) € 2 by repeatedly applying alge-
braic phase unwrapping. Therefore, unlike many existing
algorithms, the proposed scheme gives a smooth 0, as
a high-resolution estimate of ©, which is consistent with
the wrapped phase, i.e., W (0 (2,y)) ~ OW(z,y) at
(x,y) € G. This approach is particularly effective in the
case where phase noise is relatively small.

3.4 Denoising by Selective Smoothing (DSS)

It is well-known that phase noise observed at even small
portion of sampling points can create residues which influ-
ence the global feature of the results of existing 2D phase
unwrapping algorithms!)- ) 38)-%0) This has been a central
reason of the difficulty in 2D phase unwrapping. In the
proposed scheme for noisy wrapped samples, the occur-
rence of common zeros of f(*o) and f(*l) in SPS (or SPS+ or
SPS++), which yields the path dependency of 64+ in APU,
can be seen as such a type of difficulty. These facts sug-
gest that excessive fidelity to noisy wrapped samples easily
leads to poor estimates in 2D phase unwrapping problem.

To suppress the influence of noise, we denoise the
wrapped phase ©" (z,y) to obtain ©W (z/,y') € (—m, 7]
((«',y) € G'_D G) by smoothing ©" while keeping
the condition O (z,y) = W (z,y) for all (z,y) € G
(C G), where G is the set of all reliable sampling points.
The reliability of each sampling point is judged on the ba-
sis of the wrapped phase difference and the residues. The
smoothing is realized by using convex optimization. The
main idea of Denoising by Selective Smoothing (DSS) is
divided into the following two substeps.



DSS-1: Classify all sampling points in G into Gy (Type I:
reliable) and Gy; := G\ Gy (Type II: unreliable) by
using the information of W (A®}) and residues.

DSS-2: Produce smoothed wrapped samples @W(a:, y) €

(—m, 7] at (z,y) € G’ (D G), where OV satisfies
O (z,y) = 0" (x,y) if (x.y) € Gr

and ©%W (z,y) at (z,y) € G\ Gi is determined
by interpolation of a minimizer of the following
convex function:

J(©) = + D203 o, -

where we express Y, w;|A©; — W (AOY)|in J
as || D1© — 8|1, in J, and |D2®]3,,, stands
for the square of an weighted ¢, norm of the sec-
ond order differences of ®.

For more details on DSS, see [61].

4 Application to Terrain Height Estimation

In this section, we apply the proposed 2D phase unwrap-
ping scheme to terrain height estimation by InSAR.

4.1 Terrain Height Estimation by InSAR

Interferometric synthetic aperture radar (InNSAR)*-) is
an imaging technique allowing highly accurate measure-
ments of surface topography in all weather conditions, day
or night. In InSAR system (see Fig. 2(a)), Antenna 1 and
Antenna 2 on-board an aircraft or a spacecraft platform
transmit coherent broadband radio signals and receive the
reflected signals sj, = |sk|eﬂ( Shotur) (k= 1,2)
from a target corresponding to (x,y) € Q C R?, where A
is the wavelength of the transmitted signal, Ry, is the dis-
tance from Antenna k to the target, ¢y, is the backscatter
phase delay, v, is additive phase noise, and the dependen-
cies of variables Ry, ¢k, Vg, 0, and 6; on (x, y) are omitted
for notational simplicity in Fig. 2 and in the discussion be-
low. Since the backscatter phase delay ¢y, is determined by
the shape of the target, geological condition, and weather
condition, we can expect ¢ = ¢, in many situations, and
hence the interferometric image is obtained as

|51 || soer TR,

(10)

S182 =

where 57 denotes the complex conjugate of s; and v :
vy — vo. The interferometric phase Oy = 4mw(Ry —
R3)/A can also be expressed, from the simple geometric
relation in Fig. 2(a) and the law of cosines, as

47

@int - )\

{31 VR + B2 — 2R, Bsin(0, - a)}
and its noisy wrapped samples O, := W (O, + v) are
observed from (10).

Suppose that we know the height at (zq, yo) as Hy (see
Fig. 2(b)). Then we compute the reference phase O ¢ :=

4m(Ry — RY) /X expressed as
4
Orer = ~ {R1 \/R2 + B2 — 2R, Bsin(0X° — ) }
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Antenna 1 Antenna 2

Antenna 2

/

Antenna 1

Hsar Hsar

Ry Ry

(a)

(b)

Fig. 2: Outline drawing of terrain height estimation by In-
SAR. (a) Sectional view for the construction of the inter-
ferometric phase. (b) Sectional view for the construction
of the reference phase.

2 2 2
Hy _ Ri+(Re+Hsar)"—(Re+Ho) . . oy
s.t. cos 0,70 = ST (Rs+ Hoar) , which is a vir.

tual interferometric phase assuming that the terrain height
is always Hy. Note that the reference phase can be com-
puted because we can compute #2° unlike 6,. Define the
2D unwrapped phase as © := O,y — O¢. To estimate
terrain height H, as a refinement of [62, Equation A.2.3],
we newly derive the following relation:

4m B cos(§0 — o) (H — Hy)
)\sinﬂzHo \/R% + B2 -2R\B sin(Gf" —a)

0= , (11)

where #7° in Fig. 2(b) can be computed from sin 7
sin 0

W. The wrapped phase @V := W (O;,; —

Oret + ) = W (O, — O,r) is obtained from (10) and

O,ct. After reconstructing © from ©W via 2D phase un-

wrapping, terrain height H is estimated from (11).

4.2 Parameter Settings of The Proposed Scheme
Assume that noisy wrapped samples ©" are observed

on rectangular grid points G = {(ml,yj)};z%ﬁrjn
st.rx,—x;_1=:1h,>00=1,2,...,n)and Yi—Yj—1 =
hy >0 =1,2,...,m)in Q := [0, Zs] X [Y0, Ym].
In DSS, the denoised Wrapped samples % on g :=
/ 7\1t=0,1 ...,ln
{(xi’yj)}] =0,1,....lm. Sty = To, Ty, = T, Yo = Yo,
Yim = Ymo xé iy = hy/l G = 1,2 ,In), and

Y; =Yg = hy/l (G = 1,2,...,lm) are obtained by
using ] = 3, w; = 1 and wy = 11%1.

After DSS, we use SPS+ to obtain the smoothest bivari-
ate spline functions 7, € S3(A+) (k = 0,1), where Ay
is a crisscross partition by diagonally cutting every rectan-
gle [}, ¥} 1] ¥ [y}, Y] into four triangles. In SPS+, we

set €.y (7, ) = €1y (x y) = 0for (x,y) € G to guarantee

W(05-(z,y) = 0" (z,y) (12)
and we set €(oy(z,y) = 0.5 — 0.5 cos(©"W (z,y))| and
ey (z, y)~: 0.5—0.5]sin(O@%Y (x,y))| for (z,y) € G'\ Gt
because ©" is influenced by smoothing effect of DSS and

Gn C '\ Gr.

for all (z,y) € G,



(a) (b) (© (d) (e) ® € (h)
Fig. 3: Comparison of the proposed 2D phase unwrapping and the existing 2D phase unwrapping (I): (a) unwrapped phase
O (to be estimated), (b) wrapped phase ©", (c) estimate by BC (MSE = 1.7587), (d) estimate by MST (MSE = 8.2192),
(e) estimate by MCF (MSE = 0.0974), (f) estimate by LS (MSE = 20.4673), (g) distribution of Type I (white) and
Type II (black), and (h) estimate by the proposed scheme (DSS, SPS+ and APU) (MSE = 0.0379), where MSE is the
mean square error of each estimate, i.e, MSE := g1 52150 }8:% |©;,; — ©7 1> (©*: estimate).
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Fig. 4: Comparison of terrain height estimations based on the proposed 2D phase unwrapping and the existing 2D phase
unwrapping (I): (a) test mountain of height H (to be estimated), (b) estimate by BC (MAE = 37.6844), (c) estimate
by MST (MAE = 87.1949), (d) estimate by MCF (MAE = 26.9321), (e) estimate by LS (MAE = 162.3990), and
(f) estimate by the proposed scheme (DSS, SPS+ and APU) (MAE = 23.2882), where MAE is the mean absolute error
of each estimate, i.e., MAE := z-1— Zi% jlioo |H; j — H} ;| (H*: estimate).

(a) (b) () (d) (e ® € (h)
Fig. 5: Comparison of the proposed 2D phase unwrapping and the existing 2D phase unwrapping (II): (a) unwrapped phase
O (to be estimated), (b) wrapped phase ©" | (c) estimate by BC (MSE = 2.5410), (d) estimate by MST (MSE = 49.4547),
(e) estimate by MCF (MSE = 1.4087), (f) estimate by LS (MSE = 5.8364), (g) distribution of Type I (white) and
Type II (black), and (h) estimate by the proposed scheme (DSS, SPS+ and APU) (MSE = 0.2011).
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Fig. 6: Comparison of terrain height estimations based on the proposed 2D phase unwrapping and the existing 2D phase
unwrapping (II): (a) test mountain of height H (to be estimated), (b) estimate by BC (MAE = 52.1210), (c) estimate
by MST (MAE = 210.7460), (d) estimate by MCF (MAE = 41.1130), (e) estimate by LS (MAE = 86.7128), and
(f) estimate by the proposed scheme (DSS, SPS+ and APU) (MAE = 30.3923).
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4.3 Numerical Experiments spanning tree (MST)27), minimum cost flow (MCF)ZS) (all

We demonstrate the effectiveness of the proposed 2D Weights are ‘1°), and least squares (LS)**) (all weights
phase unwrapping scheme by terrain height estimation ~ are ‘7). Figures 3(g) shows the distribution of samples
based on (11). Figure 3(a) shows the unwrapped phase ©  of Type I and Type II from which we see that samples
generated from a test mountain shown in Fig. 4(a). Here of Type I distribute sparsely but almost uniformly over
we set the parameters of InSAR system by o = 7/6 [rad], €2. Figure 3(h) depicts the estimate of © by the proposed
A = 23.5 [em], B = 500 [m], Hsar = 800 [km], R = scheme (DSS, SPS+ and APU). Figures 4(b), 4(c), 4(d),
6371 [km], Ry(zo,70) = 1243 [km], and H(xg,y0) = 4(e), and 4(f) show the mountains constructed from the
Hy = 2530 [m]. Figure 3(b) depicts the wrapped phase results in Fig. 3 and (11). Figures 3 and 4 show that the
eW on G := {(f%yj)};z%’il'f,’,lfg% st. hy = 16.2 [m] proposed scheme achieves the best performance compared
and h,, = 19.5 [m], where additive phase noise v is gener- with the other algorithms visually as well as numerically.
ated by [63]. Figures 3(c), 3(d), 3(e), and 3(f) respectively Figure 5(a) shows the unwrapped phase © generated

depict the estimates of © by branch cut (BC)®), minimum from another test mountain in Fig. 6(a). The parameter
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settings of InSAR system, the proposed scheme, and the
other algorithms are same as those used in the first simula-
tion except for Ry (zo, yo) = 1244 [km] and H (2o, yo) =
Hy = 579 [m]. Figure 5(b) depicts the noisy wrapped
phase © on G := {(xl,yg)}éi%llllgg% Figures 5(c),
5(d), 5(e), and 5(f) respectively depict the estimates of ©
by BC, MST, MCEF, and LS. Figures 5(g) shows the dis-
tribution of samples of Type I and Type II from which
we see that samples of Type I of this example also dis-
tribute sparsely but almost uniformly over 2. Figure 5(h)
depicts the estimate by the proposed scheme (DSS, SPS+
and APU). Figures 6(b), 6(c), 6(d), 6(e), and 6(f) show
the mountains based on the results in Fig. 5 and (11). In
this example, the proposed scheme achieves again the best
performance compared with the other algorithms.
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Essence of Geometric Algebra

«Kenichi Kanatani (Professor Emeritus, Okayama University)

Abstract—

With a view to understanding geometric algebra, which has recently been attracting attention

for its potentially important role in physics (e.g., mechanics, electromagnetism, quantum mechanics, and
theory of relativity), and engineering (e.g., robotics control, computer vision, and computer graphics), we
describe in elementary terms its background topics, including Hamilton’s quaternion algebra, Grassmann

algebra, Clifford algebra, Grassmann—Cayley algebra, and Hestenes’ conformal geometry .

The equations

are restricted within the limits of high-school and first-year college mathematics, without requiring any

specific mathematical knowledge.
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Key Words: Hamilton’s quaternion, Grassmann algebra, Clifford algebra
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Improvement of ACSM for the Aliased State Problems
—Efficient Utilization of the Internal Memory by Using Relative Position Table for Maze Problems—

«T. Hayashida, I. Nishizaki, S. Sekizaki and H. Takeuchi (Hiroshima University)

Abstract— This study suggests a new learning classifier system which are developed based on ACSM (Antic-
ipatory Classifier System2 with Memory) (Hayashida et al., 2014). In the suggested system, named ACSST
(ACS2 with State Transition table), a state transition table which records the environmental information
and relative position are introduced. POMDP (Partially Observable Markov Decision Process) is one of the
Markov decision process such that an agent can observe only a part of the information of the environment.
POMDPs often include multiple aliased states which the optimal actions cannot be decided based only on
the current environmental information. The state transition table used for discriminate the aliased states
and other sates. The experimental results which are conduced in this paper indicate that ACSST has higher
performance for the large-scaled maze problems and shortest path selection problems than ACSM.
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il U POMDP IZE X852 77 74T VAT AL
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& ACSST(ACS2 with State Transition table) &IP3,
RETFE%E POMDP BREIAFAE T 2 KB RTEIC# U,
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2.1 ACS2

ACS21%, &2 527 74 T WEAER, (TENER, hE
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fb2FHIL, ELWEERZFDII7VT7 74 7 DT
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ACS22 2D 1ZBWT, 275V 7747 c; 1%, Fig. 1
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ERFET 5.
SEER AT | VR
c,.C A V' cl.E

Fig. 1: A classifier ¢l;
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Fig. 2: Flowchart of ACS2
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GETIvavey h[A T 5.
2.1.1 773774 T7DE

257747 c; €Al LT, BEREp Iz
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T, PHIKEPRANZE D EHEING.

cli.q<—{ B+ (1—B)cliq

if correct
otherwise

(1= B)cli-q )

ZDLE, [A|ZEHEENDE T TV T 74T ORIERERIL,
MBI NEBES LI EONWTERTI NS, )IZ, F
MR/ L OCHEEELZEHT 5.

+— cjr+ B(p+ymax P —cl;.r)

cli.q X cl;.r

(2)
3)

cl;.r
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EEEOEED I VT 7 A THFIIIYFEY b
IZEMENSE., £/, A=V VT RITFHSIELTI I
VI A THOBY R ERZ B5E, HEEDK
WISV Ty AT REIRTAZET, V7V T7747T
HEROBNR—EU TR LD ITH%T 5.
2.2 IAYTRRE

ACS2 1%, BEDHDEREEIZET 2B HROAIZL>T
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DREZMETEE T CTRIREEL2EETERVWE
HEemoTWb, 2F DT —Vxy bHESNBHE
TEEAPEE I NT WS, FHIEDOHOIERD A TIE
B AEEEBRTAZLATEY, 2ok REBEER
POMDP BED—HTH 5.

3 MHAXMIBT—TILEED ACS2

AW TRET 2REBEEL T — T V% H D ACS2
(ACSST: ACS2 with State Transition table) I%, ACS2
WIRBBER T — 7V EEAT L2 LI2& b, POMDP
BB T AREBIIRINIHR L TW5S. AC-
SST 1%, #&IREEH S IT— )L F TOMMALEZEET S
HATEH e R FEH P ORBI NS,
HETFHOHMWIE, #IRE, SKImREE TO&
25T 74T D=5 DHMAEEEET S
ETHD. FEERIZIET VA LTENEREZ WS, 5
VR LZRE S N7 RSO A & — A O FERE %
(0,0) & U, AZX— MFUIZKES 2l U 72585 o
=V hOELIGERERLRKT D, TV A
T—)VIZEE L2 5GE, 5 F Tidk L 7@K
L5I=» o O EEEZFREL, kT s, AX—
FPS5T—=NETE 1YY —RNE UBREHEBUZET
5 ETITO.

3.1 ACSST OX%E

ACSST T, FIH U 7-BRBIERIZ G S 2 AN ERE
BB O EDHAGHOEIREBES T — T
EENDGE, NIST 2REZ ) 7 RMREE & H
U, T—Vzy MIRBELHGMEOHASGLED 1
DIZBEINBE T VR AZTEHT S, HEFAEDN
¥/ hse, HAMEOERZMAL, BB
PMER—HTEIIV T 74 TEYYFEY LT
EINT 5. egreedy FiEZHAWVWTY Y FEy hOFD
WEBIZESLK IV 7 74 7 OITEH 2 T8 &
UCTHAT 5. LRBTERERIZE, FHRRE L FHE
EOMAHEEELTE. v vFty FOIBERIN
AN TEI R R D 2 SV Ty A TR T 2 ayky b
YR, T aviey DI T AT DEMEE
A UT GA BT 5. 272, R (1)-(3) HVTT
WK, PHMBOEHZITS. T—Yz v h2d—
WIZRETEHETHROEKL, AX—=— P55 T—=VET
1TV —R&g 5.

3.2 ACSST ICHIT2EFRIZEZEDOUR

i@y, ACSST Tk, FIH U 7z BREEREHRIZ SIS
T B HNEREREE & O E DA S D IIREE
BF— 7Nz hTWaES, Nt 3kEL2 T
AT RREELHWT S, UL, REERT—TIL
PEATAEMEETIE, TV MBI URAIZ
TEIEEINT 205, KB CEME KRR I T )s
BLENNETHEI VDD, KX Tl, FEIE
HHERIZED CIFENEHIC X D, ’hRNH» DGR
ACSST 2B 2 HATFH %2 IT/T5 FHEL U TRET
5. ACSSTr IZ B 2 HiiFEOFEHERT LIV X
LIZDOWT, PARIZHRAR S,

FIE 1 =—Y v MIEFES vIVOINTIEREHEL,
KM ThrEKZFARS, FAMES wLIZT—
PEETHIEFIE 3 I2HED.
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FIE 2 FMH 8 vV R LB HBEIET 256, K
A7 EE AT ENR IR 2 T WFIH 1 ISR S, A
8 LIVIZKEAMI A N W, ARH M i
WFET B8 ETRY, FIH1IZKES.

FIE 3 =—Vxry MIITIZEHEL, HEFEETO
1Y —R2KTT5.

TV RNRITENRINZ 1T 5 546 % ACSST, X E
RBERIZ X BTENERZTS5HA% ACSSTr & LT,
INS5 220DV AT LY ACSMD 2 WL DHDRYF
Y — VMBI U - SR E L L, RETFED
BRMEDMEES X OFHFIEE OBEEDS R E2 MG 5.
4 BEZER

A TIE, POMDP iZ{ 3§53 RyFv— 2 RS
UCTHWSNT WS REFES X O RERE M EZ
WTC, RREFIEOWREZMGET 572D DE % i3
5. REBIZHBIT A5 A—&IE, HERMZETORAE
FER 13.5) L [AIRRIZ, Table 1 DX S IZHEEL TS,

Table 1: Parameter settings for the experiments

Reward for achieving the Goal 100
Learning rate B8=0.2
Discount rate v=0.71
Crossover probability 0.75
Mutation probability 0.025
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Fig. 3 IIRINLRKIETIE, =T—Yz v Itk
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DA 8 IV (EFEABLXORD 4 L) DY, 2h
ZTHEE, @, T—LOVWTIhIrTHD I LE2HiHL
T, BUNAT Y 7T I[G] (T—Lel) IZEET S Z
YEHEMET S, Fig. 3T, HHEWEHNIL—0
TIVILEEERL, BOWI L —0DRIVIFEEZRT. (a)
woods101, (b) maze7 TlX, W/ L —DwILIZTA
V7 AREEERL, T—Y Y MG 2EDRT
RTOVNPE TV XLERI NIz PR S AR —
M9 %. 72, (c) Labl, (e) Nevison-maze T, [S]
(AZ—F+1)N)H» 5, (d) Labl-aliase T [S'] 25 5
VRALTEREINSZ 1L DDA SARX—RT B, F
NZNORBE ORI E Table 2 12737

HA¥ P % 50 TV — K, ACSST O%¥# % 6000
EY =R, I5IZ¥FEBRLT00TEY - NEFLZN
AT E § 5. 30 A T coORIT I TOEE A
KEFERE T 5. BEFIEL ACSST Oz ACSM®)
TA )T AREBOE EN D RAREMEIEA L7z
BUEFEERZ1T>. WAMMICBY 2 T—LETDOATY
DY (mean), HERE (best), HCEAHE (worst),
13T H 72 0 OFEATEE D G 7= FAT M (time) D 30
RITOEIIMEZE Table 3 (2R

Table 3 &V, (a) woods101, (b) maze7 7% & D/
B2 kR CIE ACSM A b W7 A —F v A%
FoZ &2 5. (c) Labl *® (e) Nevison-maze 72 &
D KB KB RIE Tl ACSM Tk 30 47D 5 B#
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Table 2: Summary of the maze problems

MV | BB IVE | oAU T AARIERE
(a) woods101 11 11 4
(b) maze7 10 10 2
(c) Labl /(d) Labl-aliased | 144(12 x 12) 79 35
(e)Nevison-Maze 900(30 x 30) 505 473

G — —

(a) woods101 G |

(e) Nevison-Maze

Fig. 3: Maze problems

ERVERITE Do, — /T, BETETH D ACSST
X ACSSTr TIETRTORITT, WYL —ILDOES
WZRRII LT W5, ACSST & & O ACSSTr D FE1THEH
IZDWTiE, ACSM &R LT20 0D 1 B TH
MTAZLITRINLTE D, RNV —IVERDIT
ETWHEEARD. £/, (d)Labl-aliased D 2 DDA
R— NV [STIETA )T AIRETH B, Table3 £ 1,
ACSM TIF AR — NS A V) 7 RREDIGEIZIE
WYL — L DB LN 2395, ACSST,
ACSSTr TlE, AZX— bMIALNZ A ) T RRETH S
%E, T—YxzYhMIzA) T RRETLRWVEIVIZE
ETLHETHTEL—LVEZAWTIZT VX LMTEERN
T5720, ThoOREKETIEZ AV 7 AREEIK
THTZ &Iz LTWwWA. Table3 &b, =14 VT X
RETIERWEIVIZERET S Z e hTcENE, I—L

Table 3: Results (maze problems)

Ave. of
shortest
ACSSTr | ACSST | ACSM ® | steps
(a) woods101
mean 2.96 2.96 2.73
best 2.83 2.88 2.60 2.45
worst 3.08 3.06 2.87
time 1.15 1.16 46.13
(b) maze7
mean 4.31 4.34 4.13
best 4.05 4.09 3.80 3.70
worst 4.49 4.47 4.86
time 1.72 1.73 72.20
(c) Labl
success 30 30 24
mean 14.49 14.52 19.84
best 14.26 14.36 15.09 14.50
worst 14.81 14.71 55.26
time 22.75 23.78 3202.63
(d) Labl-aliased
success 30 30 0
mean 15.26 15.29 —
best 15.05 15.08 — 15.17
worst 15.54 15.55 —
time 23.26 24.64 —
(e) Navison-maze
success 30 30 13
mean 45.26 45.54 142.84
best 44.65 44.54 58.72 45.33
worst 46.79 46.85 298.38
time 1578 1613 27778

FCORERKZBRINT 5 &5 2V —VOERIIES
THHZEbLbhb

mE, AETIE 1 RITOHRK 200 T Y — RO
HEEBRERE UTHOE->TEY, £TEY—RKDA
R—= R IET Vv ELTREI NG, ZD=d, AX—
VTR BEL, T—ILETORBAT Y THN
RN A &2 — b 2L 934 GEIRE 72354, Table
JIWRIND IS EHRHEAT Y 7HE D BE VWA
Fw FTIT—NVIZEREL TWARTHEES Z &b %
ZoNb. T, RBEFERIZLD, ZhT N0k
I WTHREAT Yy 7T NVIZEET 5720
D, BOERITEN -V E2ERLTWEI L 2E KT 5.

4.2 RERBEEZBVMHEREEER

Z ZTlX, Fig. 4RSI N5 BIGRIEME (BB 1-3)
EHAWTERZITS.
BREE 1-3 ORI DWW TIE, Table 4 IZRE N 5.
Table 4: Summary of shortest path problems

Number of
grids corridors walls aliased stat.
env.l | 15 x 42 400 230 392
env.2 | 36 x 36 893 403 861
env.3 | 50 x 31 965 585 939




(c) env.3

Fig. 4: Shortest path problems

HEi#HE % 60 TV — K, ACSST O%% % 50000
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30 iRAT T OMITHIRI TOEIIME A EEFER T 5. B
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A1) 7 AREEDE N 5 e RS I A U 72 BUE
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DIEYAE (mean), FEAE (best), BEAE (worst), 17
173 7= b OEATIEH] (time) DF-FIfEZ Table 5129,

Table 5 £ 0, 3 DDEBiZ WG ETRXTITEWY
TREFIRBIERME L AFDNT 4 =<V A% Kib,
EORMPRETH S, HERIFZE TIIRBEZHE T
DHEFIFEE IS T D MR 2B DORRIZHEL 2o 72
N, RREFETHE U ATEREFUS X 0 DR 7R 8
BT — 7 NVOESEARRE U, FHERH D S
EEZOND.
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Table 5: Results (shortest path problems)

Ave. of
shortest
ACSSTr | ACSST | ACSM ® | steps
env. 1
success 30 30 0
mean 32.44 32.70 —
best 30.08 29.87 — 19.5
worst 37.76 37.62 —
time 693.5 696.3 —
env. 2
success 30 30 0
mean 35.92 34.92 —
best 32.22 32.32 — 21.5
worst 39.32 42.16 —
time 3154 3185 —
env. 3
success 30 30 0
mean 37.45 34.92 —
best 33.93 44.23 — 28.5
worst 41.56 44.23 —
time 4845 4877 —

ACSSTr Tl, 3 FIHOREIZ B W THRRME & [FH
LONRT =<V A%RFL, EfFEME2EHKIHLTY
5. ACSST Tl, FHiEHIZ T v X LATERERNZ W
5728, KB BRI EET O E CTHRMEN
BB A ERPIRETH D, VATLDNRNT F— v
ANVZRELSHELTWED, REFETHIEGHIZE
FRTEER AR LT, WMENRIERZIT, %)
KUNREBE T — TNV 2 EET I NAREL o
Jo. ZHIZ X DIREEBR T — TV 2 RMIZFHT S
ZEMTE, 1 RfTH7-0 OFHEREIEmI N L
EZoND.

5 F&HESERDEE

AR TIE, ACSST OISR ZLR L, RO
AT LIHRENN T — T VAR BLI R TE .
ACSSTr % i RRIKFIEICHEH T 5 Z & T, fEkitsE
TIIYIHAER DR T H - 7= RECEME R Rz
LT, MBI 2178E&NZ2HET L2 TR
R OB IR 2T 252 2R L. 5
BOPEL LT, &0 REELEREHEDE G, A
X — MUEDRESINBGEEHR LI, REMAESEKD
MRARIERDNEETH D EEZOND. DD, #)
HEROTEHEN TNV T XL Z2RET3H6ENH 5.
72, REFHEOWREEMRILT 2728, XD AKEL
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Extracting Topics in Geo-Social Images using Density-based Spatial Clustering

«T. Sakai and K. Tamura (Hiroshima City University)

Abstract— In this study, we focus on a multimoral spatial clustering method for extracting areas of interest
(AOIs) in geo-social images such as geo-tagged tweets with photos. The geo-social images include not only
personal topics, but also local topics and events; therefore, a local topic and event extraction method for
geo-social images is a very attractive research topic in many different application domains. To extract AOIs
in geo-social images, we propose a new method for local topic extraction based on a density-based multimodal
spatial clustering algorithm called the (e, o)-density-based multimodal spatial clustering. The (e, o)-density-
based multimodal spatial clustering algorithm can extract multimodal spatial clusters that are spatially and
semantically separated from other spatial clusters. Moreover, to present the main topics of each multimodal
spatial cluster, representative geo-social images are detected using network-based importance analysis. To
evaluate our new local topic extraction method, we conducted experiments using actual geo-tagged tweets
that include photos. The experimental results show that our method can extract AOIs as multimodal spatial
clusters.

Key Words: Local topic extraction, Geo-social image, Multimodal spatial clustering, Deep learning
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Fig. 1: Overview of the proposed method.

ZEMTON TS, £7-, YD TiE, LA Y
t—VICEB MY IETAEANT, £hE YT
BT, 77 7R_R=ZAO7 /LT Y XA THEY LI
TR HTFEEZRLTNS. £7-, McParlane
51, by ZICBhELZEGERY L, Fo%
VITBHRIEERELTCND.

3 REFZE

KRETIX, VFYV =¥ NEBT—2 DT — XS
NV ERETIEICOWTIRR D,

3.1 T—AETIL

VF Y=y VEET — X1, RO 5 ODEREND
R ESND BT —2ThD.

(1)

T IT, pty (XL, pl 1 ZERRALE (B 20X, i
PRGSO IR EDOUAH TR YY), usery 1T —
PIEH Bz, 2—FDIDLTr 7 4 —L7Ry),
texty (MG & RRFICER SN T A T —% (il
1x, ZA b, A RRXTRE), imagey ITHE1E
T—4%, b L EMEBT =3B n a4 7
4> EDOURL TH5H.

3.2 #HE

MR L=T A ) — v v Vi T — 2 NEICER SR
TV D ZER E oS I I = — 3 ORI O H fElE T
by, HEEHEWREETONEE/ETHIETUL Y —
TNV T — X EEND NE 7 T 5. Fig. 1
\ZIRETEOME L2 R, IBETIETHE, (1) BEICK
DL NTT—HINWIERY T AR 7 FEEHANT
ERfERZ 2R 722 & LTI L, (2) (1) THiH
L7z~ VT E—HIVIER T T ARITOWNT, ZEf 7
FRAINZEEND Y — v VG T — 2 DB AR E
F—H Xy N =7 R_R—=2AOEEEHHFEE A0
T&EHET 5.
3.3 EHEfEEmE

VY = VBT — X ELERCEE LUt Y —
X INVEGE T — Z Fa— OO EN Ny 7 S
ATOWBREEMERE W, £/, BULEY A Y —y
VIR T — 2 OBFEBET LTV B EI0E, & Hidki
BWTa2—FORRLAEW M v 7 TH D alRetEn G
V. FIT, BEICESS e ALVTFE—ZNVERMT TR
X)o7 REERANC, ZERICEL, migT—4 &
TXANT =X ONENEL L=V A Y — v Vil

gsiy =<ptg, pli, usery, texty, imageg>



FT—REEEEM T AL L THINT S, A Y —
v VBN ERORE L, BT —Z 2T, AL
BIHHR, THXFANT—HEELIOTILTE—FLT

HY, SNTFE—FNRT —HDEMI TAZ) T

ELTEEICESISwVTFE—FLNVEMI Z 25
TREERHWD. BEIZESS < VT E—F VLR Y
FABY T FEIZOWTIE 4 ETHE LGRS 5.
3.4 RKRREBET—2HE
BREIZESS VT E—FNVEM I TAX ) T F
EERWTHHE Lz~ TFT—FVZER Y T A2 3iE
HEE CTH DN, KZ4E/M 7 T AL DO Ny 713, %
T8 T ARG END VA = ¥ VBT — 2 &
OEDUDESHE LW E G DBRW., 22T, K%
M7 7 AZICEGENDLTA Y —2 ¥ VRGBT —Z OFE
g7 Z 752 ERL, Xy N —7 X—ZAOHEBHEH
HFEE AT, EEEZRNTS. EEEOH W E
Rt D UA Y — Vil T —Z 280 L, &
BT —H L L Ca—FHRT 252 LT, £1EHER
DD M Ey 7 DNERIICHET 2 2 6N TE 5. Xy
D — 7 R—=Z2OEHEERHFIEIZONTIE 5 ET
FELLS BT 5.

4 BEIZEID(TILFE—SILEEI SR
2 UG FE

ARETIE, BULEVF Y — o v VT — 2 H32e
R el STV DRI A LD T 72 O DR
WAL VT E— L NEM I T ALY v TRIEIZD
WTCHRLHT 5.

4.1 ZEETERE

BREIZIESL VT B—FNVZERM T T AKX, BE
WZHAL =Ry S22 ) 7 FEY OEREILEL
TEZEIND. BEIZESLSEM Iy 7 ALY T FikE
T, T—2NEEL WD EZEM T 7 A%, BE
LCWRWE &R ZER 7 T AX TIERWEEREL,
M7 A2 &35, BELTWDLNE D HOHE
X, %7 —# OirfE e UINIZ, MinData LA EDOFT —#
DIFIETDME I D THIET S.

ARFZETIE, SR OFEICESE, (1) b5HVF
V= VR T — ZICONWT, LY Y —
JVEE T — 2D MinGIS VL L, TR AET 58,
WA Y = VBT — & L OB L E O &
WrL, £7=, (2) 227 722 EEKTIHEMETHD
MinGIS %z OBRFRRCTERST 2 2 & T, Hilgm
DEFEN IS UT-2ef 7 5 A 2 Z i Alae & LT 4.
OMERSTIEE, SCEL ) TERESA TV ARET —%
AW FEEZHNTWD.

4.2 TILFE—HILELE

A =y Vg T — X IV TFE—F L THY,
AR T, THXA T —F L BT —2D225%%
BL~wVTFE—XNVBELEZEDLVLERDS. B
ZIE, BB 200D — y )LVEHET —HIZHONWT, T
F A PONFITHEL L TV &b lifg T — & » R
L7338, RGNS, TF A FONESITEL L TWD R
%7 — Z I IFELL L 2 W AIZRB N T, 200 — %
JVIEHE T — Z L L T D &I B RSN LEE L
D,

Ja
Z=

-
—

-33-

ARFZETIL, ROBY, T XA BT —F OFELIE & @
BT —2OFPED hL—RE 72N ET, U4
V= VIR T — X D~ LT — 2 VEBIBIE msim
EEDD.

msim(gsiy, gsiy) w X tsimg,

+ (2)

ZIZT, tsimg, T XA RNT X OHEBETHY,
isimpg, IZEGT — 2 OFEETH 5.

THRANT —Z OBPE tsimy; X, FHAN—
20V A CEPEZENT S, 22T, di
{twi1, twea, -+ twy g, } % teat, \CH D FEME
BLET5H. 22T, TWIX, {texty,texts, -, text,}
BN D TR TCOBRIOEATH L. AFETIE, 7
XA N —FRUCBN D45, BiEl, A LiER L
LTHD.

(w—1) x isimy,y,

tsi |dtk n dtl|
simy, = ————.
V|dtg||dt]

W8T — ¥ dimager \ZOWTIE, REFEECTH
% Stacked Denoising Autoencoders(SdA)%) & 7214,
DBN (Deep Belief Network) ) % I\ THiE~RZ kv
ifop ZAERKT 5.

SdA 1T Denoising Autoencoder % %)@ | f& A HEiaT-
Fv hU—27THY, %EIX Denoising Autoencoder
TR SN TW5. Autoencoder I, AJIE, FEn)E
(M), HhEERi > >==2—F LRy hT—7 DD
EOTHY, ANEMIIPELSRDLIITATIBNIS
EhjE, R ot E~DEAZFEIEDL L
T, FREBEICATIT — X OWITIERME LR B
JZ LN T& 5. Denoising Autoencoder 1Z AT/
AREGE25HZETHFERBNE®HDOTND.

SAA Z# Wi 7 — # OS2 MVAERTTIEZ
KOEY ThH 5.

(1) LEROVAY =X VEBT -2 IZEEN
LT — 2 EEEHANT, £7 2 —X T, De-
noising Autoencoder OFHBFAAEZ /NI T 5 & 9
(2, NI A= EFETL. ANELRVEZIRY
H LERAVE D A RO AJJE & LT Denoising
Autoencoder Z A4 EIF T <.

IR DAY — 2y VBT — 2185 %
NAHMET — ¥ imagey, & EZE L, SAA IZAT)
L, &MEBD dim D=y ;D HIIfE% R~
7 Mvifu, ET5.

DBN (X, RBM (Restricted Boltzmann Machine) 7
LB ER- Yy N —2 ThDH. F£72, RBM
X777 4 BNVETAOOEDTHY, AIFE L RN
O 2 @b sh, AT —4%%2 AL T%®
BHIoE, BEDHEZRIERTRTA—FPREE L
TRABIZEND =D, TNERICIENHE L FHSR s L
TR HTZENTED.

DBN % Tzl 7 — # DR 7 VAR
WOEN ThHD.

(1) FRHO U Y — VT — 2 A E

LT — A ELSERNT, &£ 72— X TIE, i

(3)

(2)



Q Ogsi}

Geo-coordinate space

Multimodal space

Fig. 2: Multimodal-Similarity-based Neighborhood.

THEEIZ L 5T, RBMOEFIL -85 A—HF %K
HAhH.

MR G D DT Y — ¥ VBT — 2 ZE
NHEMERT — X imagey, &1, DBNIZAT)

BAKE O dim B D= v s O HIIE % R
7 Mvifo, ET5.

B8 T — % imagey, DFHE~T R IUIZHOWT, jRIT

(2)

HOfEA ifoplj) ERFLT D&, BT —2Dap A1
FELEE 1%
dim - . . .
isimy,; = E:j 1vak[]><2fvﬂ Jl (4)
VS o0 i fuli]

L.
4.3 FHTEE

KREITILY 7 AX HEHRT DD OHERE IR

Definition 1 ((¢,0)-ZEICE DI TILFE—HILiAE)

AV =X VBT — F gsi, O (e,0)-T 6 &
DMN,. ,(gsiy) EFFRL, kROLHITEHT 5.

DM N »)(gsix) = {gsiy € SGSI|dist(gsi, gsii) < €

and msim(gsig, gsi) > o},

BAYL dist |1 3MEEE - RREE 7R CEE A fE > C, A Y —
T VEE T — X gsiy & gsip T OZE R E o A R
HLHEFTH Y, A TIE Lambert-Andoyer DA
ZRVTHE LA =T, B msim (X4 Y —
Vo VIR T — X gsiy & gsi MOREEE 2K RE%C
H5.

Fig. 212 (¢,0)-FBEIZED vV FE—F Vi fF
D& RT. ZOHITIX, gsiy DT E— XL
51X, DMN( o) (gsir) = {gsiz, gsiz,gsis} TH 5.
Z T, gsip VL, gsip D e LNIZHFEE L TV 5708,
DMNc »(gsix) \ZIFEEN TRV, ZHUT, gsip &
gsiy DEREN 0 LV /SN2 dThS.

Definition 2 (BTG IRBEE LRE) o4V —
Y VIR T — 2 gsiy, DMFET 2 WIS JR T 7 R
% ldg(gsiy) L EiLT D, VA Y — Uy LEBRT —H
gsip \CXT DBME AMN 2D X 5I12E#RT 5.

AMN (gsi, MinGST)

= (MinGSI — 1) x ldg(gsiy) + 1. (6)

Uy RilZE&EENDZ VA Y =X VBT —Z O
% gn; &L, Bk geogid(gsiy) &2 A Y — v L
BT —#% gsiy, PMIET D7V v RO ID %R 5Bk

(5)

_34-

LT DL, gsiy ODRFTH RS 1dg(gsiy) 1ZIRD
ATERIND.

9N (geo_gid(gsir)) — 9Mmin

9Nmaxz — GNmin

72720, gnmin (SO EBRBDDINT U v RIZEE
NDHZUF Y =2 v VBT — 25 TH Y, gnmas 35K
HEMEDZNT Y v NIZEEND VA Y — 2 ¥ /L
BT —2ETHhH 5.

ldg(gsir) = (7)

Definition 3 (& >4V —SvILEBEBT— 4 A
BWCAY—SXLERT—48) b L, VA4 Y —
VX NVEBRT — % gsiy B, |DMN o (gsix)| >
AMN (gsig, MinGSI) ZWl=3 726, gsiy I A
V= VBT — & LIRS, S TR, B
TF Y =Ty VBT — S LIRS,

Definition 4 ((¢,0)-ZEICE DV TEEEERARE)
A =X VBT —F gsiy INVUA Y — T Vi T —
4 gsiy D (€,0)-FEIES S NVTFET—FNWEHTH
W, |DMN( »(gsir)| = AT (gsir, MinGST) Zii= 3
R, gsig 1% gsig D (6, 0)- BTSN CRHER|EE AT
BTHLLERBTH.

Definition 5 ((¢,0)-ZEICE DV TEZEREE) 4
V= VT —H gsip ) DNUA Y — T Vi T —
2 gsiy M5 (6,0)-ﬁ§(C%db\TE?§§Ui¥ﬁﬁE'€%é,

THY = VNG T — 2 B (gsiy, gSia, -+, gSin) BB
5. ZORE, gsiy & gsin 1%, (6,0)-BEIZHESNT
BEFRETH D L RBIT 5.

Definition 6 ((¢,0)-ZEICEDNTHESR) o4/ —
Uy VBT — X gsiy, EVA Y — X IVEBRT —
X ogsip B, BHOAEBEOVE Y -y VEBRT —H
gsio & (6,0)-BEIZESWTEREEFETH Y, gsi,
|DM N ¢ y(gsio)| > AT (gsio, MinGSI) % i 79 ¥,
gsir & gsip &1 (6,0)-BEIZE SN THER L T &
KT 5.

4.4 YVS3REITEE

AV = x VBT — 2 EE SGST 1BV T,
(€,0)-BEIZEAS v NTFE—FNVER T T 22 MSC

iuT@2o®*ﬁ%%t#% YUY — 3 L
—HESTHD.
(1) EBEOYF Y =¥ VEGT — 4 gsi, €

SGSI & gsip € SGSTIZDOWT, (e,0)-FEICH
DLV TE—LNZER T T A MSCIZ gsiy 2
g (gsix € MSC) L, gsiy 2% gsig 25 (€,0)-
BEREICHESWTEIERE CThIUL, gsi 1T (6,0)-
BEIZESS VT =L NVZER T T A2 MSC
WZFTE (gsip € MSC) 5.

(€,0)-BEIZHAS VT E—HNVERM T T
AR MSCIZHET HDHEED YA Y — 2 v Vg
T—H gsi, € MSC & gsip e MSC L1%, (e,0)-
HEREEIZESWTHE L T 5.

(2)



: SGST - a set of geo-social images, € -
neighborhood radius, o - similarity rate,
MinGS1I - threshold value

output: SDMSC - a set of density-based
multimodal spatial clusters

input

ad <+ 1;

SDMSC + ¢;

for k + 1 to |SGSI| do

if IsClustered(gsiy) == false then

DMN <+ GetNeighborIDs (gpik,e€,0);

if |DMN| > AMN (gsi, MinGSI) then

DMSCliyq

<MakeNewSCluster (cid,gsiy);

cid < cid + 1;

GSIQ <+ ¢;

EnQueue (GSIQ,DMN);

while GSIQ is not empty do

l < DeQueue(GSIQ);

DMN <«

GetNeighborIDs (gsije€,0);

if [DMN|

> AM N (gsi;, MinGSI) then
EnNniqueQueue (GSIQ,DMN);

end
DMSClrig < DMSCiqU gsi
end
SDMSC < SDMSCUDMSC,;q4;
end
end

end
return SMDSC,

Algorithm 1: Density-based Multimodal Spatial
Clustering Algorithm.
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Fig. 3: Network-based Importance Analysis.
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Table 1: Top-5 Areas of Interest (Proposed Method - SAA).

ID | Number of Tweets Range (longitude) Range (latitude) Top-5 Frequent Words

10 191 135.75200149 - 135.76434961 | 34.9819044 - 34.99082657 | mi&k, BR, 72V>, i, R

4 94 135.77589205 - 135.7857 34.99363475 - 34.99821005 | TE/KTF, IH/K, UL, TR, i

13 45 135.67733236 - 135.68136966 | 35.0112679 - 35.01426093 | H &, 1, #EF, X, WL

8 31 135.77730202 - 135.793 35.00917021 - 35.01610389 | mififi~F, Zevy, =M, ALHE, FELemhe
37 27 135.7657691 - 135.77663241 | 34.99974855 - 35.0096629 | 72\, J&3b, BT, FEEZANLL, Tkl

Table 2: Top-5 Areas of Interest (Proposed Method - DBN).

ID | Number of Tweets Range (longitude) Range (latitude) Top- 5 Frequent Words
4 321 135.7519184 - 135.7691693 34.97906077 - 34.99371366 | IHAB, B, 72\, X, 1
172 135.75503111 - 135.77490628 | 34.99877176 - 35.01372872 | nt#B, i, X, HJ, /v
11 146 135.66887068 - 135.68158552 | 35.01032366 - 35.022244 | Hi@, ¥, b, m, X
113 135.77589205 - 135.78573167 | 34.99363475 - 34.99995822 | /K<, ik, L, mU&S, i
16 82 135.7632261 - 135.780774 | 34.99974855 - 35.01115985 | 72\, J\Hwitl, nUél, ik, #IGe

Table 3: Top-5 Areas of Interest (Term-based Method).
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Fig. 4: Top-5 geo-social images (SdA).

BT — 2%, XV —T ¥ VEBRT— X LR, S
WCHAS L NTFE—HNER Y T AR ) 7 Fika A
WC, VA Y =T VBT —Z AR O FE
7 T 5 FEAEE L. BEFETIE, &I,
BEICESS v VFE2—LN T T ALY 7 FiEEH
W, ERMERAEZEM Y 2% L LTHIET S, I,
ey S ARICEEND Ny 7 A HEICHI L, W]
HbT B0, REWBT — X ZFETH. FHIE
BRoOfER, SHigko Ny 7 2RO T ENTED
TLEMERTERL. IS OBEE LTI, T
T NVELEE N FEORENRSIT OS5, BRN

-37-

(c) clusterll.

Fig. 5: Top-5 geo-social images (DBN).
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SLS-SVMIZHIF B R/N— MR EAR
OJLHISCA Ak thth (=1L & sFEMZER)
Improvement of sparsity for SLS-SVM

«xF. Ebuchi and T. Kitamura (National Institute of Technology, Toyama College)

Abstract— In this paper, we propose a novel method that reduces the number of support vectors in sparse least squares
support vector machine in empirical feature space. The empirical feature space is generated by the linearly independent
training data as basis vectors, which become support vectors. In the proposed method, unlike the previous method, we
remove the basis vectors, which are closely similar to other basis vectors, of the empirical feature space. Using benchmark
datasets, we show the effectiveness of the proposed method.

Key Words: Least squares support vector machine, Empirical feature space, Pattern recognition
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Fig. 1: Closely similar basis vectors of ISLS-SVM
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UFIZRETFEOT VI AL E2RT.
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Step3 p=1&795.

Step4 F,=07%51F, Step 1I0NED. 25 Tl
I, Step 5D,

Step5 g=p+1&75.

Step6 F, =07%51E, Step INED. Z 5 ThRIF I,
Step 7NED.

Step 7 3 (25) & NT, p(a)) & d(a,) DREDIfi%

KD 5.
Step 8 Step7 TK& 7= |cosh,,| HEIE B LD KEFh
i, F, =023 5.

Step 9 p= N 72 51E, Step 10D, 7 5 TR,
g=q+1&LTStepb~NRE5.

Step 10 p= N — 17 51F, Step LIN#ED. £ 5 THT
X, p=p+12LTStepd~K3.

Step 1l F; (i=1,2,..,N) DfEH» 1 TH 5 N’ @i
DF— 2% {2}, .. ) & U, AR
FDEERZ ML T 5.

Step 12 Stepll THRLONZHHAIT—X L O A (17) D
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Step 13 & (19), & (20) DRGEALIEA ML = & T, &
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4 ETEREEER

PERTFIED SLS-SVM, ISLS-SVME EL T 12oWn
T2 FARVFI—IF =KLy b 210 2w &f
HRERZITWV, SV, NMEEEH DK - FHifi 2475 .
AEITIX, BEFER “ISLS-reduction” £ EFHET 5.

4.1 EHEBETRR

FERFERI AW EEEO 4R IT OS : Windows 7
(64bit), CPU :AMD Athlon(tm) Il X2 250 Processox &
) :4.00GBTH 5.
42 RUFI—95—9tv h

Table LIZ R U722 0 SARVFI—IF—XEY
ERHWTEIERER 17> 7/-. 2 2T, “Data” 1357 — X
£, “Input” 1XRTEY, “Training” (&3l — 2 %4, “Test”
X5 A b F =&, “Sets” l3HHT— R L T AN TF—X
DX RT.

Table 1: Two-classes benchmark datasets

Data Inputs | Training | Test | Sets
Banana 2 400 4900 | 100
B. cancer 9 200 77 100
Diabetes 8 468 300 | 100
German 20 700 300 100
Heart 13 170 100 100
Image 18 1300 1010 | 20
Ringnorm 20 400 7000 | 100
F. solar 9 666 400 | 100
Splice 60 1000 2175 | 20
Thyroid 5 140 75 100
Titanic 3 150 2051 | 100
Twonorm 20 400 7000 | 100
Waveform 21 400 4600 | 100

4.3 NAR=NRSA—FDERE
SLS-SVM,ISLS-SVM IZ B W T AN ENAR ZEME I
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REWRET D BEFIETIE, RO =, —*
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W, H—=FNWNT A =R, =TV NT A =KL ISLS-
SVM L FAIRRIZT 5. 72, IREFETIIEME 8 DA%
FAEIRFEMETRIC X OV PET 5. 71— 7OV 1,
WA — 2 (K (x, x' )=z - '), ZIEA D — 2V (K (z,
z')=(z -z’ +1)%), RBF 7 — 3 ) (K (z, =’ )=exp(7||z —
Z'||*) D5B 1 OHWE. ZHAN— 4 )V, RBF A —%
NDA—=FNWNRNTA—=RIFENEN, d, v & U, d={2,3,
4,5},7={0.1,0.5,1.0,1.5, 30, 5.0, 10, 15, 20, 50, 100, 200}
DHPSRET . v =V U NRTA—=& CIF,C={0.1,1.
5,10,50, 100,500,103, 5 x 10%,10*} O » SRET 5.
72, IV AF—ROBME n 1%, n={1072,1073,1074,
107°,107} o IE L, RIKDEME 8 1%, 8 = {0.80,0.8
1,0.82,0.83,0.84,0.85,0.86, 0.86, 0.87, 0.88, 0.89, 0.90,
0.91,0.92,0.93,0.94,0.95,0.96,0.97, 0.98,0.99, 1.0} 7%*
SIRET 5. Table 2IZ KA R R ZMEEIZ L > TR S
NTZNANR=RTRA—=RERT.

Table 2: Selected kernels and hyper-paraneters by five-
fold cross validation

Data Method Kernel C n ]

SLS-SVM v=20 | 5x103 | 1073 -

Banana ISLS-SVM y=20 | 5x10% | 1072 -
ISLSreduction || v=20 | 5x 103 | 1072 | 0.96

SLS-SVM d=2 100 1073 -

B. cancer ISLS-SVM linear 100 104 -
ISLS-reduction, linear 100 1074 | 0.99

SLS-SVM d=3 5 1075 -

Diabetes ISLS-SVM d=3 10 103 -

ISLS-reduction d=3 10 103 1

SLS-SVM y=5 50 1073 -

German ISLS-SVM linear | 5x 103 | 1073 -
ISLS-reduction linear | 5x 103 | 1072 | 0.99

SLS-SVM =15 0.1 102 -

Heart ISLS-SVM linear 103 10~2 -

ISLS+reduction linear 103 1072 1

SLS-SVM d=5 10% 107° -

Image ISLS-SVM d=5 104 106 -

ISLS—reduction d=5 104 1076 1

SLS-SVM v=0.1 50 10-% -

Ringnorm ISLS-SVM y=1 0.1 1073 -

ISLS+eduction y=1 0.1 103 1

SLS-SVM d=3 10 102 -

F. solar ISLS-SVM d=5 1.5 1073 -
ISLS-reduction d=5 1.5 1073 | 0.97

SLS-SVM y=10 100 1072 -

Splice ISLS-SVM y=10 100 102 -
ISLS<reduction || v =10 100 1072 | 0.8

SLS-SVM v=20 | 5x103 | 1072 -

Thyroid ISLS-SVM v =20 500 102 -
ISLSreduction v =20 500 1072 | 0.98

SLS-SVM y=10 10 1072 -

Titanic ISLS-SVM linear 500 105 -
ISLS-reduction linear 500 105 | 0.99

SLS-SVM y=15 5 1072 -

Twonorm ISLS-SVM y=1 10 10~4 -

ISLSreduction y=1 10 1074 1

SLS-SVM v = 100 1072 -

Waveform ISLS-SVM 7=20 1.5 102 -
ISLSreduction || =20 1.5 10-2 | 0.86

4.4 SV E O

Table 3IZ&FED SVEDEHEE R L, SVEL &
INE TR B RERE RFETHRT. £77, ISLSweduction TR
HOBMEIZ 1 PRI NZT — Xy T SVED
ISLS-SVM & ZE L\, “" ZE0T.

Table 3& b, CISLS-SVM T F. solarr —& & v b
ERLAT =Xty b TRAD SVEEZoTWEZ L



MHERT & 5. T ouhRH e b C AR I B8 8L
U7z8iliT— 2% SVORORALIZZOTHEEE R
503, F solarr — Xy MZBEWT SLS-SVM & D
H SVELL WHEIENA R=RF A= X DIREITH
WT SLS-SVMTlkd =3 & n=10"2 ISLS-SVM &
ISLS-reduction Tl d =5 & n = 1073 E NI N T
W5 728, EIRGTRIEZE ] C — RN e Bl T — 2 8
SLS-SVMIZERTE o/ ThHhbHeEZ NS,
F 72, ISLS-SVM & R SV EAHITET & TR\ B.
cancer, Titanicr — X & ¥ MMZDWTIE, ISLS-SVM D
AR ZE M DT & A ZEROUGTENIEL L, £
NUAEHIH T 2 Z N TERD LD THBELEER
5N,
Table 3: Comparison of the number of SVs

Data SLS-SVM | ISLS-SVM | CISLS-SVM
Banana 44 62 40
B. cancer 52 9 9
Diabetes 165 107 -
German 189 20 19
Heart 126 13 —
Image 277 453 -
Ringnorm 22 98 —
F. solar 32 68 56
Splice 977 977 958
Thyroid 29 32 29
Titanic 10 3 3
Twonorm 306 240 -
Waveform 393 398 344

4.5 RAbBEA DEFE

BEFIETDODTANT—& @@%ﬁéﬁ%ﬁ [%)] % Table 4z
R E, BT =Xy MBS RRE#HERE KT
TR U, ISLS-reduction D233 HY ISLS-SVM D 233
REYFENENE LB ET =Xy MZBEWTHRH#EER
DHGIZ “*" %2309 . CISLS-SVM TRIEEDRMHEIZ 1 A%
REzT—&X+E v b TIXISLS-SVM &t R TZ{LA
W= BET.

Table 4 & v, German, Thyroidr — X v b 2R <
T —&X ¥ w ;T ISLSwreduction DIRFHEH ISLS-SVM
DRBRLEARTHASEUETH D AR TES. 2
13 ISLS-SVM DFEARHEHZE M DELE X 27 b LD S %,
NAHBIZHEBL U 72 B E R 7 ML DA Z ALY R\ 72 Z

THRBEEME L THI e EZIONS. German
Thyroid 77— & v b TRBERV FE->ZJHK & LT
ISLS-SVM TH K X 11 A EEARRFBZER O ZE R T hL
PSRN MR FLE AR MIVHBELD RPN/ D TH
bEZ2605, LU, Thyroid5T—Z+&y MMZBWT
& Welch® t #MUE (5%) & 0 FIFEOFE#ETH 5 L HE
XNz, £7z, SLS-SVM & [t d % & Titanic, Waveform
?\_ﬁ‘{z b I\ %B%< 7“_&‘{2 b4 }‘Tﬁ%@munﬁfﬁl
Nz FE>TWSZ EWHERTES. LA L, Welchd
tiRE (5%) £ 0, GermanT — Xt v F RRS 2T —X
v N TCTHEDRBERTH 2 L HEI N, SVEHHI
WTELZBHDT -2y bDSH THDT—ZE Y
b T SLS-SVM, ISLS-SVMD XK L [[ETH 5 L f|
EI NIz, Ui T, 1IREFIETIX ISLS-SVM DL
BAOZMKRLTWEEEZ OGNS,

5 o

ARE X TlE, SLS-SVMD A/ — A\ EFEE RE
U7z, @R e E OB T — X O REEZ XS
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Table 4: Comparison of the average recognition rates in

percent and the standard deviation of the rates

Data SLS-SVM ISLS-SVM CISLS-SVM
Banana 89.2 + 0.50 | 89.2 + 0.50 | *89.2 £+ 0.53
B.cancer || 74.1 &+ 4.52 73.4 + 4.69 *73.4 + 4.62
Diabetes || 77.0 £1.70 | 77.0 & 1.55 —
German 75.9 + 2.06 75.7+2.16 75.0 & 2.29
Heart 84.2 4 3.28 84.0 + 3.07 —
Image 91.7 +£1.23 92.0 £1.10 -
Ringnorm || 94.2 4+ 2.95 93.7 £ 3.97 —
F. solar 66.6 + 1.64 66.4 + 1.56 *66.5 + 1.57
Splice 89.3 4+ 0.70 89.3 £ 0.70 x89.3 + 0.70
Thyroid 92.7 + 2.76 92.7 4+ 2.44 92.6 + 2.47
Titanic 77.2 +0.82 77.3+1.13 | ¥77.3 +1.13
Twonorm || 97.5 +0.15 | 97.5 £ 0.16 -
Waveform 89.6 + 0.62 90.3 + 0.35 x90.3 & 0.34

Z Tz T — R340 & R DR AR R B D B E R &
FMLVERDBRL Z 22k 2= 2Mom EE2FERL
7z. 77, SLS-SVM, ISLS-SVM 1R T D #H EHEEER
AT\, BFED SV, iRiR % Ll - G U 72, Ri%
DOFMEIZ LANER X NZTF— Xy 2R REDOT—
¥y MIBWTIRETIEIIMERTIE L FEONAEE
THY, SVEOHEAHEZR X 7z, SLS-SVMIZ LR T
SVEMBEIN U 72 ERIFANA R—=08F A — R 2 & Do
ThHO, FNEERT 5L A—ZAMIE SLS-SVM % [
H>TWdEWx 5. PAEXY, #%EFHIT ISLS-SVM
A% OPALEESI T, A= ADE BRI TH B &
WZ 5,
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