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1 [FLC&®IC

KR T — & 21, IFRGE & Hiz—E MR TEUED
ZT 27 —RTH5 [1]. KRIIT—REGHTHL
T, BMEOFH [2] R EHRIREL 72 5. RERYIT — 21Nt
3 2 IEELE r LT, Dynamic Time Warping(DTW)[3]
B X O Shape-based distance(SBD)[1] &\ o7z, KRS
T—RDBRICEH LI IEEMELH STV 5.

KRH T — R DOAMFIED 1 DO TH BT FAZXY ¥
&, T X EOELED U IFIEEMEIcE VT, F—
R IAREMINDF EDICHETE2FETH 5.
25 ARY Y IFED 1D, BEIHNZ AR I
H3. BENZ SZARY) V737 7 AR EBRNHEE
TERFETHY, 77 RXOFEBREIEERK E LTH
hahz, BERERHWS Z LT, 77 AXERDIERF
RT—XDELFHHAHULINS.

FEE 2 2 22 ) 2 N2 BT 3HEFED 1212 Ward
A DD, WardiElE, 2—2 Y v FEMZRELET
ETHHZePHISNTED, DTW BXUSBD \o
Jed—2 0y REMZRE L TORWIEEBEZRS 2
CIETEYITH B, ZORERERT 5729, DTW B X
U SBD & Do ALIE 2L, 1 — 2L Ward
% [4) WEA S 2 FEMER STV S [5].

BEREI 2 2 A% ) ¥ 7% W0 FED 1012 Hier-
archical DBSCAN(HDBSCAN)[6] 3% %. HDBSCAN
T, BENEZECT —22—EU Loz & v L
OPDHEBICHET 2. ZOEKDS B, F—EHEL
THETL2HEEDEBVEIEE Y AR AHRT. HEOH
H25%T 2 DT HEEAE L2 HRT 2720, HEOD
B 2HBOERD 258 TH 7 7 AR ZREA LTV
LN TWS, 2T, HDBSCAN Tl JH FEkE
(7 ZHOTBIERIZ AR L TW525, RIEIERRE 1
DD Z AR 1 DT OEEHFEE STV IR
FELRLTOHEYRD 5. SHMEIFAE L T2 ETEK
BPRICT-200E%1TO b, fAEN 10T onEIEHh
52T, HEPEALOORIZGEDH B LWV

EDD 5.

AFRTIE, ZORELZERT 27280, H—3b Ward 1%
% HDBSCAN IZEH X8 2 FEZRET 5. Ward i
REHEHERIC AR TR Z A LT WIEED H % 7-
B, F—REDET 3 21 —E U LR E & T iEE
ERALPLIL RZAREMEDH 5. REFEOHHALR
MRFES % 7= DIERS 7 — 2120 U CRUEFERR 2175 .

2 H—=JL Ward &

J1— )L Ward i% [4] 1%, Ward {1281 2 IEFEZ DRt
HIZh—3NVBEBERWEFETHS. T—Rx, y DA
J1ZER] RP 2 & @ RICORHEZERM H NDEAS ¢ - RP — H
BEZB. ZOLE, kiz,y) = (dx),0(y)) ZHTF ¢
PEET DL X, k(z,y) Zh—F VB VS.

J1— A Ward IETIEI (1) 1IR3 27 7 R N0 EE H
W3, K1) E7IRAXNTHEZER LR THS. 7
FRARDEER G={G1,...Gr} LI E 77X
G;,G; € G OIFFBIER, K (2) DX SITT 7 A XDHE
BLLEDI IAXNTHOBEMNITTERST . I—
oV Ward 5Tl d(G, Gy) Do 27 7 AR+ %, 7
T RAZED 1 DI % ETERNHKEET 5.

EG) =S k(z,z) - ,*g, S5 kwy ()

zeG zeGyeG

d(Gi, Gj) = BE(G; UGj) — E(G;) — E(G;)  (2)

3 HDBSCAN

HDBSCAN[6] 13, HBER—2ADY 5 RA&X) v FFikL
LCHISN % DBSCAN ZFEEIN 2 2 A&V ¥ 7% v
THFRL72FETH 3. HDBSCAN D7) X L%,
T2 X ={x1,...,z,} BEXUO 2D LOEKTEZ N
BT R=B s EAWTHAT 2. £73, f2; € X
¥ z; € X OIFFELIEZR (3) TR HAEZER REREAE
dmreach(Ti,2;) TEFRT D. T IT, deore() 1&, z D
5 myrs BWHDEHRE v, £ OIFELETDH 5.



dmreach (.’Ei, l’j) = max(dcore (J?»L), dcore (.’Ej), d(xu J}]))

(3)

Rz, HHHEFERTREFEE 2 B R RS 2 B O
FERZART 5. mEEEE, RDOIFELEZ RO
7 5 ARALZBRNHET 2FETHS. ElEh
7-RERIZ AJ1 e LT, Algorithm 1 ZFWT, K1®
L3 BN E WS DD Y TR ZIZHET 5.

Algorithm 1 HDBSCAN B3 7 7 2 X D5 E|
Input: RS N7BITFEX
Output: DEXN7-HEK

: Cparem: — %ﬁ? 7 AR

: Cleft < W7 I AXDFOEMD T2 5 AR

i Cright < M7 7 AZDBFEOERDF 27 5 A%

: N(Cleft) — Cleft i))é\U{{z&ﬁ

N(Cright) < Cright D@ TEAREL

[*Cparent DTV 7 AR R0 E &,
N(Ciept) =0, N(Crignt) =0 &3 5%/

: function SPLIT(Cparent)

if N(Ciegt) > mpes and N(Crignt) > mpes then
Coarent DETEMKICH LWV 7 L% F1T 2
Cparent ZIHRE T2 7 AR ZFIRT 5

10: SPLIT(Cieft), SPLIT(Chright)

11: else if N(Ciept) > mprs and N(Crighe) < Mypts
then

12 Crigne BETIEKISUET <2 2

13: SPLIT(Cleft)

14: else if N(Ciept) < mprs and N(Cright) > Mypts
then

15: Ciept DETIERIHNE S XV 2T 2

16: SPLIT(CMth)

17: else if N(Ciepr) < mprs and N(Crighe) < Mypts
then

18 Coarens BEBERIAUET <A 21T 3

19: end if

oUR W N e

© %2 x>

20: end function
21: Crop=m D KREZWVIHELETHEL TWVWE 7 T A X
22: SPLIT(Clop)

FEXINBERK T, KRERZ FZAEZHBPNVL DHhD
INEI2 7 G AREEATWVWS., THIXNTBER D 5%
EoEWr 7 222 572912, X (4) 1IR3 77X
RLENE S(Cp) WS, ZZT, A\p(wi,C) 1, fEIK

6Okt FE & MEEDRIFA RS

1: DESNRIYE (I 2 5 2 XL H)

T MWTTARC,y, EIEERZFTLNT T AR T ILEAT
Tohlzex, LA NEILVEMITFON &
DIFFBE DI ERT. Npirin(C) &, 77 RARC,,
DY 7 22BN S 2 DIFELE DN ERT.

S(Cpn) = Z (@i, Cm) — Mpiren(Crn)} - (4)

z;€CHm

Algorithm 2 D X 5127 FAXR[ELD Y 7 A2 LEN
T 2 2Ty 7 R&pMliES. HlZEF, K1
AN LT Algorithm 2 #fws &, C,,C3,C4 DBZ
NENTIRZ e LTHMEN .

4 H—=FI)L Ward ;ZOEH
4.1 BRI FT—2IIX T ZIFEUEDH— )L Ward
EADER
RRFN 7 — & {xy, ..., 2, } I LT DTW ZHWTHE
572 IEBUE %2 W X 724T%] Dprw & X 5. Dprwy
DEZE (Dprw)ij &, i HFHOEK z; & j FHOMEIK x;
D DTW 12 & 2 IFFEBUE ST 5. Ward iKld1—2
Vy REMEPRELZFETH 2720, DTW ZHWT
1§ o7z Dprw % Ward IJEICHEH S % 2 2 IEREYIT
H3B. 2T, =7V v FEMZIREL TWRWIEE
PETH->TH, H—2VEEE U THAAIGETHIUR
H1 =2 Ward IEICEHATE 2 Z e AHIS TV S [4).
ZOMWHED S, Dprw #1552 2T, 51—/ Ward
RIS 2 FEMRR S [B).
%73, Dprw OEFE (Dprw)ij &, 1\ (5) DX 51T
BUE (Sa)ij AT 2. 2B, aldmKD (Dprw)i; &
DREVWHTH 3.



Algorithm 2 HDBSCAN 123513 % 7 5 2 Z DHliH
Input: 7H| X N7BITEX
Output: fHEIN/=F7 572 %
1: Cpa,«ent — %ﬁy F AR
2 Clepr < BV FARDPEEOEMDF 7 5 A%
3t Cright < WO IR E2pF OG0T 7 AKX
[*Crparent WFZ T AR RV E X
S(Creft) =0, S(Crignt) =0 23 2%/
4: function EXTRACT (Cparent)
/*Cparent B Croot TH B EE,
S(Cparent) =0 &5 5%/
if S(Cpa'rent) > S(Cleft) + S(Cm’ght) then
Cparent 27 7 AR e LTHIET %
else if S(Cparent) < S(Cieft) + S(Crignt) then
EXTRACT(Cicst), EXTRACT (Cright)
end if
10: end function
11: Croor — DEIINT-BIERICEBIF 2R 7 5 A %
12: EXTRACT(Croot)

(Sa)ij = a— (Dprw)ij (5)

(Sa)ij ZAUMARIZATH] S, IZIEEMEITINCIR 2 Z & MR
EExhTwiwvy, 22T, X (6) DL THKRERIE
DIl B % BAATH] T %2 FAWT S, DRARTITMZ S Z
T, IEEMEITH] Sp ICEHTE % [4).

Sp = Sa + A1 (6)

SB @%% (Sﬁ)ij Lij?‘—‘;‘f\ﬂ/ggﬁ k(aci,asj) ' LVC?&%_
5728, 13— Ward IEICHEHATE 5.

4.2 H—=F)L Ward EICED< HDBSCAN
HDBSCAN T, RFEHEHHEZHWTBIERZER L
TW3, BREEEEX 1 OD 7 52 &I 1203 OfEEINE
BEINTOLHMELIFKELLTOVHELRH 5. HENR
DFEAELTWE L E, Algorithm 112BWT, N(Cey)
B L KUE N(Crignt) D5 1ITIRD | mpys RIGITTR 5 IRAEA
BT 2580855, ZOLE, 77 ARESELTH
LWIRLEMIT S Z N TERNED, NI MEED
FETEROARESED D 5.

COMER RS 3728, H—F) Ward % HDB-
SCAN ITEH X4 2 FiETH % K-W-HDBSCAN %124
5. Ward IRIZSHM R 2 LA LIS WHEBED S 3 72
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®, Ward L& REROREM 24K T % 7 — %L Ward
EEHAWS Z T, HIRZ R U/ R AT
52 eHIFTE L. JFELEI DTW ZHW5E50
K-W-HDBSCAN IZBI} 37 72 &%) v 7DFE% Al-
gorithm 3 27”7,

Algorithm 3 K-W-HDBSCAN

STEP1: DTW % H\WCIHEMESTS Dprw %
RS 5.

STEP2: K (6) DZH#% FA\WT Dprw 25
Ss 2185,

STEP3: Sj &2/ — 3L Ward % FHWT
BHENZ LR T 5.

STEP4: ‘£ S -BlEX % B Algorithm 1 %
A TrdlEnfENzZ1§ 5.

STEP5: n#E| S 7K % 52 Algorithm 2 %
FHOWTHEEOKRE WY I AR EMET 5.

5 HYERER

RELFHEZHWVWT, UCR Time Series Classification
Archive[8] TR XN TV BRRYF— Xty MR L
TO AR VT RiTol. FATHIFRIE, Adjusted Rand
Index(ARI)[9] Z HWTFHi L7z, ARIIZ2DD27 7R
2 ¥ ZREROELIEZ AT 2458 TH D, R
PILTW2IFE LITEWEZES. AT, EBRICK
572X VIR, TRty FOIERI L
D—HENEVIEERERT —XGEPTETVDE A
ZASs

5.1 SREREMF

FECHEH LT —&ty b2, R1LIWIRT. ClX7
FARBERT. VJIARELIET—XtEy PDOIERS
~VDEHTH 5.

R Fr—20—%
T—=Rty b4 | C | 728 | T—XDEX
BME 3 30 128
CBF 3 30 128
Plane 7 105 144

S DFEERTIX, B FIETH S K-W-HDBSCAN 125
LT, JEEME:2 Zh 2N DTW, SBD, 2—2 VU v FifE#E
(ED) ¥ L7=dDZEHW5. FEe LT, HDBSCAN
WRLT, EFELEE 22N DTW, SBD, 2—27 VU v



FEifEE (ED) 2 Ld DRV, £/, EFEDART
X =R mu FRT3 2 LTV3.

5.2 SEERER

R2WKT =Xy MR LTIZ AR I %ITo
TAERICHTS 2 ARI OFHiiZ /RS, FLT—XIHRT 3
2 I ARDET, &b ARI DEd > = FiEE KFTERL
TW53.

#£2: EBRERD ARI —&

BME | CBF | Plane
K-W-HDBSCAN(DTW) 0.466 | 0.744 | 0.925
K-W-HDBSCAN(SBD) 0.266 | 0.375 | 0.379
K-W-HDBSCAN(ED) 0.266 | 0.165 | 0.209
HDBSCAN(DTW) 0.397 | 0.519 | 0.231
HDBSCAN(SBD) 0.266 | 0.421 | 0.819
HDBSCAN(ED) 0.266 | 0.000 | 0.735

#2755, K-W-HDBSCAN(DTW) W&t
W RIFR 7 7 AR 5B TEZMEMCH 2 Z & HRE
Iz JEELEICER TS 2, DTW, R\W\WT SBD A
zhveha—271 v NEEREX D b REFIR Y 5 AKX 0EIH
TXRMEANCH 2 Zehs, BRIIF—2BIRICER
LB D D, T—XORBEIRZ A TVWS Z
EWRBENT. 25 AXY Y IFRICERT R, K-
W-HDBSCAN D503 RAEF72 7 5 A X 3 E|I23T & % @A
WCHBZehs, H—F) Ward IEDREHRHELD B
IIARERATETVS Z e REBEINT.

6 HHDOIC

DTW % SBD & W7z, RERVIT—XDFIRICER L
72 FEFEUE % & — L Ward IEICHEH X8 2 FEE2HW
T, F1—%)L Ward i1k HDBSCAN Z42R L 7.
LEBRERID, h—V Ward iEEHWS Z 2T, &HE
FREERE W FE L D DRI BAF 2 7 9 2 X 98 %
TR ZehngIhiz. SHRoOFEL LT, H—xL
Ward % FWz 2 21 X 28R OB Rif i 7 &
A RGENHFG LIS OGN ETH 5.
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1 [FLC&®IC

k-means 2K T2/ 722 i 52 677
TR T —ZNOFUMEREICESE, 7—&%27 7
AR CWIND TV —A W8T 28 LEEOF
ETH 3 [1]. K277 ARCEEND T — &2 @KE %Y
FITRDEOITHIRT 27 72K ) v IFiEe LTH
A XGE 7 5 A2V > 7 (Even-sized Clustering Based
on Optimization; ECBO) 3% % [2]. ECBO TI3##¥
FTHEZ AL e TRBEOEHNEITS.

IIRAR) VT DNREIRDT =K% 7 7 AXNE|
DYTEZZIF =~y F v VREC BT 2 Z e 25T
X5, i, ZHivyF o HEERELFEL LTERD
BHBREENOZEEZ I o TW5 . B AT -
BAy P =227 —%2 i LD 3 X b ORI R
INeTeBT7n—%2RKDLMETDH 5 [3]. HNE TR
BUZEMBRHERELR EDEHO 7 LT Y XLIZE T
fElences. £k, MEARBEDOOEOTH
LA L k-means X ECBO 72 ¥ o H B %R
WHEDK 7222 v Z7OMHBEAREINTWS [4]. &K
fETld ECBO IZH1T 2 )& B 58 % i NE TR E &
LTHZZ L 2MET 2. X5ICREEDERICHK
NERREEZ R Sy =Y W5 Z e TaEdit
MAJRETH 2 02 METT 5.

2 i

2.1 BAXBEFISRRIYT

ECBO 1%, k-means {27 7 ARV A4 X&EIZT S
HFIEtEEMZ b DTHS. LFORICBNTT—
Xty b X ={x1,...,2,} E p KILDERZ b LDE
ETHY, nl37—FETH 3. cld377REHE, C=
(C,....Cy B I RREBLT B, KIZrFAXY
AR, up 1 E kBHOEKRD Y 5 2% i NDIRIBE, v;
B iB/HDYZ FRAEZPLNERTERTDHS. 7 I7RAXY
A RXWF 7 7 X 2NOMEEEE %S, ECBO TlEZ 7
2R TRITIFNC FARPIA XK #HBHL, K

21

CHSWTREBEZHRT 2. @80 &2 5224
4 2 K oBFRER 1) 1IORT.

'n—(nfl(nodK) (1)

R (1) 2ilizTr®, ci3k(2) L5425,

0<n<(K+1)

C:nf(n[r{nodK) @)

ECBO o HBIE % (3), HfIZ&HER (4), (5)1c
T

Jzzzukinxl@_vi“z (3)

min .
=1 k=1
s.t. j{:ukizzl,ukie {0,1},7 k (4)
=1
K<Y ui <K+17i (5)
k=1

ECBO TI3EBHETHMEZ B CIRBEOEHZ175.
ECBO 28} % 7 7 2&ZHuboEHAITK (6) TH
2N 3.

n
E Uki Tk
k=1
- n
E Uk
k=1

ECBO ® 713V X 4% Algorithm 112777

V;

Algorithm 1 ECBO

STEP1 7 5 AXY A XK BEDI FAX K c #E
HLU, v, OWEIEEZFEE? S F > & 2IERT 5.
STEP2 B#EGHHEME 2 X, uy, ZTET 5.
STEP3 X (6) ICitV, v; ZHHT 5.

STEP4 IUREH 2R L TWHRIEKT T3, 5
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1 Introduction

A method for continual learning with fuzzy inference is
proposed on the basis of a-FUZZI-ES learning [1]. In a-
FUZZI-ES learning, fuzzy rules can be evaluated indepen-
dently of each other. This property is effective in continual
learning because only fuzzy rules with low evaluations can
be updated. The performance of the proposed method is
demonstrated with simulations.

2 Formulation for Independent Evaluations of
Each Fuzzy Rule

A method for evaluating fuzzy rules independently of
each other has been proposed in [1], which is called a-
FUZZI-ES. o-FUZZI-ES is briefly introduced in the follow-
ing. Let X and Y be the input and the output spaces,
respectively. o-FUZZI-ES is performed under the con-
ditions that the input value z € X is numerical and
Z;.Izl pp;(z)=1,V¥r € X. Here, n denotes the number of

fuzzy rules and p p, () is the membership function of the an-
tecedent fuzzy set P;. In a-FUZZI-ES, the evaluation value
e;j of a fuzzy rule R; is calculated by e; =312, Expup, (2k),
where ng4 is the number of learning data given by numerical
input-output pairs (Zx,9x) (k = 1,2,...,n4). The symbol
E}. denotes the evaluation value when Zj is given as an
input. In this paper, the small value of E} means better
performance. The mathematical derivation of e; is shown
in [1]. More efficient calculation of e; is presented in [1]. An
extended method of a-FUZZI-ES has been proposed in [2],
which is called a-FUZZI-EX.
3 Continual Learning with a-FUZZI-ES Learning

The fuzzy-rule learning method with o-FUZZI-ES is
called a-FUZZI-ES learning [1]. In a-FUZZI-ES learning,
the consequent fuzzy sets Q; (j =1,2,...,n) are tuned in-
dependently of each other so as to minimize e;. Even when
the evaluation functions are not differentiable, a-FUZZI-ES
learning enables fuzzy rules to be optimized independently
of each other. This property provides fast convergence in
fuzzy rule learning [1

Under the condition that 3°7_; up;(z) = 1, each fuzzy
rule has its own coverage given by its antecedent fuzzy set.
Although adjacent antecedent fuzzy sets overlap each other,
a-FUZZI-ES can provide the way to evaluate fuzzy rules in-
dependently of each other. Thereby, a-FUZZI-ES learning
makes it possible to update only fuzzy rules with the large
value of e; while maintaining the other fuzzy rules as pre-
viously tuned. This property of a-FUZZI-ES learning is
effective in continual learning.
4 Numerical Results

In order to confirm the performance of a-FUZZI-ES
learning in continual learning, a-FUZZI-ES learning is ap-
plied to interval prediction. As a cost function for eval-
uating fuzzy rules in learning, the coverage-width-based
criterion (CWC) [4] is adopted. The numerical index of
CWC is non-differentiable and thus it can demonstrate the
effectiveness of a-FUZZI-ES learning with derivative-free
optimization. In the interval prediction, a fuzzy inference
method a-GEMIL [?j is applied. a-GEMII mathematically
proves that deduced fuzzy sets are convex and hence the
supports of them can be used as prediction intervals.

Simulations are performed under the conditions shown in
the following. The number of the fuzzy rules n and that
of the learning data ng4 are set to 21 and 501, respectively.
The membership functions of P; and Q; (j = 1,2,...,21)
are given by symmetric triangular functions in [0,1]. The
cores of P; (j = 1,2,...,21) are placed at equal intervals
in [0,1]. The parameters for CWC are set the same as
those shown in [1]. Each fuzzy rule is optimized with an
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Fig. 1. Continual learning with a-FUZZI-ES learning.
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artificial immune system (AIS) in the same way as in [1].
The number of antibodies is five and that of the clones for
each antibody is four. The fuzzy rule learning with the AIS
is performed iteratively for 500 generations.

The learning data are generated by the following equa-
tion: g = [-3.2(2x — 0.5)2 + 0.9] + 7% (k = 1,2,...,501),
where 7. denotes additional noise and & (k =1,2,...,n4)
are regularly sampled values in [0, 1]. For initial learn-
ing, the value of ry is given by a uniform random number
in [—0.05,0.05]. For continual learning, the range of 7
increases linearly from [—0.05,0.05] to [—0.15,0.15] as 2
changes from 0.5 to 1.0; that is, the learning data for con-
tinual learning are different from those for initial learning
data only when Z; € [0.5,1.0]. Assuming that the cores of
Q;(j=1,2,...,21) are ideally tuned, they are set by using
the first term in the above equation for g ; the core of Q; is
given by —3.2(z% —0.5)2+40.9, where a:‘,’, denotes the core

of P;. Thereby, the effectiveness of CWC can be focused
on in the fuzzy rule learning.

Figs.1 (a) and (b) show the results of the initial learn-
ing and the continual learning, respectively. As can be
found in the figures, the prediction intervals are properly
maintained in continual learning when #x € [0,0. 5) On
the other hand, the prediction intervals are updated in con-
tinual lea.rning when #; € [0.5,1.0]. It demonstrates that
a-FUZZI-ES learning is feasible for continual learning.

5 Conclusion

A continual learning method with fuzzy inference has
been proposed. The proposed method i1s based on a-
FUZZI-ES learning. a-FUZZI-ES learning provides the way
to evaluate fuzzy rules independently of each other. This
property of a-FUZZI-ES learning makes it possible to main-
tain fuzzy rules with high evaluations same as in previous
learning and to update only fuzzy rules with low evalua-
tions in continual learning. Numerical results have shown
the feasibility of a-FUZZI-ES learning for continual learn-
ing.
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Study of pose estimation method for soft manipulator using EMG signals
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Recently,Japan’s declining birthrate and aging population have increased the demand for robots
in various industries. However, the rigidity of commonly developed robots makes it difficult to ensure
safety for complex movements and objects.Therefore various types of soft manipulators characterized by
mechanical softness have been developed. Since these manipulators are composed only of flexible materials,
they are expected to play an active role in environments where safety is required, such as medical care and
nursing care. In this study, we propose the method using machine learning with time-series data as input
for classifying the posture estimation of soft manipulators based on myoelectric potentials. Specifically, we
calculate several features from time-series data of muscle potentials, and verify their effectiveness through
comparative experiments using Neural Networks (NN) and Recurrent Neural Networks (RNN).

1 &S

AR, EEEATID TRl E2EAR L 72 TR
Ry POFEDEL Ko TS, LiL, —MRINCES
ENTWB Ry b TEEIPED SN 7 DEHE LN ExS
FYNOZENEDMHERHHE LV OHBIRTH S, 22T
WK oD 2 RBE T2 224 TOY 7 b
ZEa2L—XAHEINTETVE. ZhHDv=a
L — R BIFREMB DA THR SN L 720, EFR, i
IR DREWNER SN2 BIR T OIEELHIFTE 5.
ZDORMETIE, HEMEHAVWEZY 7 h~v=Fa
L — X OLEFHEE DRI, RRIIT— 2% AN LT
B8 e 02 FERZIRRT 5. BN, AL
DRFRAN T —Z WL O DR EZEE L, Neural
Network(NN) % Recurrent Neural Network(RNN) %
AW HES 2175 e TEOHREMEZHERT 5.

2 HFHEORH

AWFETIE, ZEHEE T HOBE 2R LEEs 2%
Hii e LT, TOMEMD SERORHEZHEH L TV
5. ZhHDORHERIIHAGDE 2 Z & THAZEH Y
R 578, ZBENHHDIEMRN L7 T2 Z e h—ANC
HHATW3. Tkach 513 WL D DRBEZHASD
B2, FEEOHAG LRI 4 D0 D IEARHIE <
BBERLTWS [1]. L7edio TARMZETIE, FitdlE
DIHAGOE LT 4 DX TICHIR LEFHZ1TS. DIRICK
MATHWER#ELZ 2T iURT. 2L, o, 3H
%5 EMG £y HicBI 2 kFEHOT—X 2R LTS,

* Mean Absolute Value(mAV)
mAV & EMG £ 3281 % N HORRY 7 — &
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mwzﬁijm (1)
k=1
7272 UREBRAIC N 1& 250 &3 5. +Zero Crossings(ZC)
ZC X EMG t >3 DRERYI T — XN TIEADYT D
boBOGRTH 5. BRI, ZC X FREOFM
e FIC1EMNT 5.

Tryr1 < 0}

Try1 > 0tand|z, — vp1] 20 (2)

{zr,. >0 and

or{zrp <0 and

*+ Waveform Length(waveLen)
waveLen (¥ EMG & > #2813 % H 2 K4 & 1 KX

HIDT—REDEDZEFT LD THS.
N
waveLen = Z |xp — k1] (3)
k=1

- Willson Amplitude(wAmp): Z575 DA F V1L
wAmp & EMG & >8I % H 2K e 1 RZIRTD
T—REDETDETENAFILLDDTHS.

N
wAmp = Z flar — ry1]) (4)
k=1
)1 if T>e€
fla) = { 0 otherwise

7272 L, BRERANIC € =0.0001 ¥ 5 5.
M ETRUERBHEEEZW O HAEDE S Z LT,
EBROAN T —RIZHWTWS,
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Fig 4: Results of each method with training data
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Train-Accuracy(Tr A),test-Accuracy(Te A), train-
loss(Tr L),test-loss(Te L), train- Precision(Tr P),test-
Precision(Te P), train-recall(Tr R),test-recall(Te R),
train-F1-score(Tr F1),test-F1-score(Te F1),mAV(M),
ZC(Z), waveLen(W), wAmp(A) D X 5 I1T/R7.

Table 1: Result of RNN

Input | TrA TrL TrP TrR TrF1
M 0.8721 1.2840 0.8632 0.8721 0.8524
Z 0.8394 0.7691 0.8074 0.8394 0.8147
w 0.8723 1.1880 0.8616 0.8723 0.8491
A 0.8525 0.9951 0.8306 0.8525 0.8335
M,Z 0.8887 1.2750 0.8864 0.8887 0.8739
M,W 0.8868 0.8099 0.8828 0.8886 0.8806
M,A 0.8772 1.2336 0.8720 0.8772 0.8725
7Z,.W 0.8784 1.4450 0.8617 0.8784 0.8632
Z,A 0.8723 1.0837 0.8677 0.8723 0.8566
W,A 0.8827 0.8377 0.8729 0.8827 0.8700
M,Z,W 0.8923 1.0840 0.8888 0.8923 0.8834
M,Z,A 0.8800 1.0548 0.8836 0.8880 0.8758
M,W,A 0.8719 1.0117 0.8600 0.8719 0.8618
Z,W,A 0.8790 1.4647 0.8725 0.8790 0.8701
M,Z,W,A | 0.8986 0.9599 0.8958 0.8986 0.8914
Table 2: Result of RNN
Input I TeA TeL TeP TeR TeF1
M 0.6911 5.1725 0.6183 0.6911 0.6274
Z 0.6336 4.1420 0.5348 0.6336 0.5675
W 0.6768 4.2037 0.5788 0.6768 0.6011
A 0.6700 5.5387 0.5978 0.6700 0.6236
M,Z 0.6938 6.5192 0.6092 0.6938 0.6322
M,W 0.6819 4.6244 0.5841 0.6672 0.5975
M,A 0.6696 5.9474 0.5856 0.6697 0.6160
7Z,W 0.6726 4.1938 0.5923 0.6726 0.6140
Z,A 0.6620 4.3851 0.5938 0.6620 0.6107
W,A 0.6884 5.3231 0.5949 0.6884 0.6316
M,Z,W 0.6868 5.3448 0.5827 0.6868 0.6142
M,Z,A 0.7039 4.4893 0.6038 0.7039 0.6414
M,W,A 0.6756 4.6152 0.5813 0.6756 0.6051
Z,W,A 0.6786 5.3785 0.5499 0.6786 0.5922
M,Z,W,A | 0.6921 4.2898 0.5882 0.6921 0.6174




Table 4: Result of NN during test without shuffling
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Table 5: Result of NN during training with shuffling

Input | TeA TeL TeP TeR  TeFl Input | TeA TeL TeP TeR  TeFl
M 0.7011 5.8051 0.6352 0.7011 0.6441 M 0.9305 0.1750 0.9270 0.9305 0.9281

Z 0.6345 4.7685 0.5543 0.6345 0.5870 Z 0.9128 0.2415 0.907 0.9128 0.9012

W 0.7052  5.2447 0.5916 0.7052  0.6398 W 0.9227 0.1904 0.9154 0.9227  0.9082

A 0.7101 4.8881 0.6396 0.7101  0.6635 A 0.9222 0.2106 0.9165 0.9222 0.9091
M,Z 0.6924 5.6693 0.6002 0.6924 0.6373 M,Z 0.9598 0.1005 0.9603 0.9598  0.9506
M,W 0.7039  5.5362 0.6155 0.7039 0.6421 M,W 0.9571 0.1036 0.9550 0.9571  0.9557
M,A 0.7182 6.2358 0.6237 0.7182 0.6568 M,A 0.9586 0.1003 0.9556 0.9586  0.9566
Z,W 0.6879 6.1681 0.5856 0.6879  0.6276 Z,W 0.9642 0.0887 0.9615 0.9642 0.9602
Z,A 0.6809 6.5773 0.6034 0.6809  0.6326 Z,A 0.9524 0.1189 0.9463 0.9524  0.9475
W,A 0.7104 4.2494 0.6416 0.7104 0.6671 W,A 0.9584 0.1099 0.9578 0.9584 0.9519
M,Z,W | 0.6777 6.4124 0.6048 0.6777 0.6329 M,Z,W | 0.9678 0.0731 0.9687 0.9678 0.9627
M,Z,A | 0.6893 6.1824 0.6142 0.6893 0.6452 M,Z,A | 0.9720 0.0762 0.9707 0.9720 0.9696
M,W,A | 0.7110 6.3607 0.6244 0.7110 0.6583 M,W,A | 0.9679 0.0756 0.9683 0.9679 0.9628
Z,W,A 0.704  6.1961 0.6036 0.7045 0.6431 Z,W,A | 09681 0.0763 0.9673 0.9681 0.9640
M,Z,W,A | 0.6976 6.5130 0.6083 0.6976 0.6429 M,Z,W,A | 0.9691 0.0712 0.9687 0.9691 0.9651

Table 3: Result of NN during training without shuf-

fling
Input [ TrA TrL TrP TrR TrF1
M 0.9366 0.1589 0.9346 0.9366 0.9222
Z 0.9175 0.2206 0.9130 0.9175 0.9031
W 0.9278 0.1778 0.9289 0.9278 0.9088
A 0.9257 0.2004 0.9297 0.9257 0.9033
M,Z 0.9597 0.0916 0.9563 0.9597 0.9551
M,W 0.9568 0.0980 0.9532 0.9568 0.9512
M,A 0.9564 0.1027 0.9526 0.9564 0.9536
Z,W 0.9606 0.0918 0.9574 0.9606 0.9575
Z,A 0.9533 0.1170 0.9480 0.9533 0.9472
WA 0.9578 0.1087 0.9578 0.9578  0.9500
M,Z,W 0.9680 0.0749 0.9662 0.9680 0.9660
M,Z,A 0.9626 0.0895 0.9612 0.9626 0.9617
M,W,A 0.9688 0.0758 0.9675 0.9688 0.9679
Z,W,A 0.9666 0.0862 0.9672 0.9666 0.9622
M,Z,W,A | 0.9694 0.0683 0.9684 0.9694 0.9688
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Table 6: Result of NN during test with shuffling

Input [ TeA TeL TeP TeR TeF1
M 0.9230 0.1891 0.9203 0.9230 0.9208
7 0.8962 0.2694 0.8903 0.8962 0.8837
W 0.9148 0.2014 0.9078 0.9148 0.8989
A 0.9142 0.2287 0.9075 0.9142 0.9005
M,Z 0.9567 0.1070 0.9570 0.9567 0.9475
M,W 0.9560 0.1073 0.9540 0.9560 0.9547
M,A 0.9523  0.1075 0.9493 0.9523  0.9505
Z,W 0.9599 0.0961 0.9571 0.9599 0.9554
7Z.A 0.9452 0.1299 0.9383 0.9452 0.9398
WA 0.9531 0.1197 0.9525 0.9531 0.9464
M,Z,W | 0.9647 0.0808 0.9652 0.9647 0.9597
M,Z,A | 0.9707 0.0793 0.9694 0.9707 0.9687
M,W.A | 0.9645 0.0827 0.9652 0.9645 0.9589
Z,W.A | 09641 0.0845 0.9633 0.9641 0.9596
M,Z,W,A | 0.9651 0.0806 0.9649 0.9651 0.9606
BE Xk

[1] Dennis Tkach, He Huang, Todd A Kuiken, “Study

of stability of time-domain features for elec-

tromyographic pattern recognition ”, Journal of
NeuroEngineering and Rehabilitation, VOL. 7,
NO. 21, 2010
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otherwise,
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Algorithm 1 Calculate Range Algorithm BEHKT 5.
Require: integer centerindex, unsigned integer 51 AAOTF—4
rangeSize, vector(double) actvalue ATHRHF— X ARG R F— 2 TH5E
Ensure: pair(unsigned int, unsigned int) repre- W Xon(t) B, FEE, LY FEEOE
senting start and end indices Wik, 5B TET 5 B, MMEATE
L start  centerindex — ~~ 3= = b3 3 B0 4 MEEAVS. BASF—X
2: end < centerindex 4 £S5 BUTORTEXRS.
3: if start < 0 then
4: end < end — start ’ - ’
5: start «+ 0 Xain(t) = = ~sin((_¢) += (8)
. 2 50 2
6: end if
7: if end > size(actvalue) then Xirend(t) = 20000 + Xsin(2) (9)
8:  overflow < end — (size(actvalue) — 1) Xyin(t) {0 < ¢ < 20000
9: end < end — over flow Xechange(t) = s T ’
10: start < start — over flow 1+ Xin(t) if 20001 < ¢ < 40000
11: end if (10)
12: 0make_pair(start, end) Xain(t) if 0 < ¢ < 20000,
X chnages(t) = § 14+ X (t) if 20001 < ¢ < 40000,
Xsin(t) it 40001 < ¢ < 60000
(11)
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Study of Shape Recognition and Matching Based on
Growing Neural Gas Generated Topology Structure

* Continual Learning and Emergence of Intelligent Systems

15t JIAQI ZHANG

OKAYAMA University

Abstract—Shape recognition is a main challenging problem
in computer vision. Different approaches and tools are used to
solve this problem. Most existing approaches to object recognition
are based on pixels. Pixel-based methods are dependent on
the geometry and nature of the pixels, so the destruction of
pixels reduces their performance. In this paper, we construct a
graph that captures the topological and geometrical properties
of the object using growing neural gas(GNG). Then, using the
coordinates and relation of its vertices, we extract features that
are robust with respect to rotation and scale variation. We applied
distortion and noise to some shapes and tried to match them to
the original image, the results show that matching using this
method is feasible.

Index Terms—Shape Recognition, GNG Graph, Graph-Based
Features, Robot vision systems, Mobile robots

I. INTRODUCTION

Shape is a significant concept in image understanding. It
includes considerable meaningful properties of an object and
provides stability to different object deformations (such as
articulation, occlusion, and noise) and transformations (such
as rotation, translation, and scale). In this paper, we study
object recognition from a graph theory viewpoint. Graphs
are robust with respect to rotation, articulation, and noise, so
they can be effective tools to capture image properties. We
use the growing neural gas (GNG) algorithm to construct a
GNG graph model of input data incrementally. The number
of vertices of the graph does not depend on the size of the
image and it is not sensitive to articulation and noise on the
boundary. In this graph, every vertex has a coordinate, so we
can use the geometrical properties of the graph as well. We
use both topological and geometrical properties of this graph
to extract meaningful features from the image. Both theoretic
discussions and experimental results show that our method is
invariant to articulation, noise, occlusion, rotation and scale.

II. METHODOLOGY

In this section, we introduce our proposed GNG method.
We use a graph to approximate the object. The vertices are
scattered almost uniformly inside the object. The main steps
are:

1) Constructing a graph that models the object using the
growing neural gas (GNG) algorithm. The constructed
graph is called GNG graph.

2nd YUICHIRO TODA

OKAYAMA University

3" TAKAYUKI MATSUNO

OKAYAMA University

2) Extracting the outer boundary of the GNG graph, us-
ing computational geometry approaches and extracting
geometrical and topological features from this graph.

3) Measuring the similarity between objects using a dy-
namic programming algorithm.

The system consists of three main parts, the first part is floor
guide map recognition and intelligence extraction, the second
part is the matching of robot local map (generated by slam) and
guide map information, and the third part is the path planning
based on area distribution.

A. Advantages of GNG Graph

Our method is based on a GNG graph. This graph must
have the following properties:

- The vertices are placed almost uniformly inside the object
and the edges have almost equal lengths.

- The number of vertices is fixed and does not depend on
the size of the object.

- The graph is robust with respect to noises. It ignores holes
and cracks inside and on the boundary of the object.

Different approaches can be chosen to construct this graph.
We used the GNG algorithm because it satisfies the mentioned
properties, the running time is satisfiable, and can be extended
to 3D object representation and object tracking. Also, since
the structure is not fixed but adaptable, GNG can learn new
evolving patterns in an online learning process and is able to
adapt to dynamic changing operating conditions.

B. Boundary Extraction

In this phase, we extract the outer boundary of the GNG
graph. If the graph is 2-connected, then the outer boundary
is a cycle, otherwise, it is a closed walk. So, we can store
its vertices in a cyclic array, C, in a clockwise order of
appearance. The idea is similar to the idea of a convex hull
algorithm. The full steps are like:

1) Find the rightmost vertex v and its neighbor v with the
smallest clockwise angle with the vertical upward ray
starting at v. Insert v and u in C.

2) Consider the two last vertices 7 and ¢ — 1 in C, and
for all vertices j, adjacent to ¢, compute the size of the
clockwise angle between the edges ¢, ¢« — 1 and i, j.
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Select a vertex with a minimum angle as the next vertex
on the boundary and insert it in C.

3) If the last two vertices in C' are equal to initial vertices
(u and v), exit otherwise go to step 3. (This helps pass
the cut vertex if it exists.)

Fig. 1 shows an example of a GNG graph and its outer
boundary.

Fig. 1. GNG structure and contour detection on a binary image.

III. FEATURE EXTRACTION

Although the vertices on the outer boundary of a GNG
graph capture special information about the object, the rela-
tion between the boundary and internal vertices can provide
new topological features that lead to better recognition. We
introduce features for each vertex on the outer boundary, then
compute and combine these features to describe the global and
local properties of the shape. The features are perimeter(P),
boundary-in-disc (B) and convex hull-area (CH) for outer
boundary vertices of GNG. Given the GNG graph of an
object, let U = wuy,us,...,u, define the sequence of outer
boundary vertices in clockwise order. A feature vector F; =
(P;, B;,CH;) is computed for every outer boundary vertex
u;, 1 € 1,...,n. F; consists of three features P;, B;, CH; and
C;_with lengths|Pi| = ml,|Bi| = m2,|CHi| = m3 and
Zj:l m; = m. So F; can be considered as a m-dimensional
vector. We compute F; for every outer boundary vertex
u;, 4 € 1,...,n and define F = F(U) = (Fy, Fa2, F3, ..., F},)
which is a m X n matrix. Let G be the GNG graph of an
object and V(G) be the set of vertices in G. For every two
vertices v,u € V(G), d(u,v) shows their distance in G. For
every outer boundary vertex u; and for every integer j, let
Dj;(u;)) = veV(Q) :d(v,u;) < j be the discrete disc of
radius j around w; and D;(w;) = v € V(G) : d(v,u;) =3
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be the boundary of the discrete disc. Figure 3 shows the
discrete discs around a vertex in a sample image. We define
four features P, B, and CH for a given GNG graph with outer
boundary vertices U = wuq,us,...,u, as follows (shown as

Fig. 2. Upper-left: feature P for a single node; Upper-right: feature B for a
single node; Bottom: comparison between two nodes of feature C'H, a larger
value means a convex area.

- Perimeter (P): For each outer boundary vertex wu;
,perimeter counts the number of vertices that are in
Dj(u;) for j € 1,...,mq. Small values of j describe local
properties, while larger values represent global properties
of the shape. (See Fig.4a).

- Boundary-in-disc (B): The number of outer boundary
vertices inside D;(u;) for each outer boundary vertex
u; where j € 1,...,mqo is called boundary-in-disc. If
the boundary has peaks and troughs inside the disc, this
number is bigger, so this feature can keep the shape of
the boundary if it is computed for different radii.

- Convex hull-area (C'H): For each outer boundary vertex
u; and integer j € 1,2,...,m3, let S be the convex hull
of vertices in D;(u;) that are on the outer boundary of
G. The number of vertices of D;(u;) that are inside S is
called convex hull-area.

To determine the scale number m; (maximum radius), they
follow this condition: If the average difference of features
between neighboring scales m; and m; + 1 is less than a
threshold, the scale m is enough.

IV. MATCHING

To carry out matching between the two contour sets, we
simply slide one feature sequence on the other and search
for the point that minimums the distance between the vectors.
Letp1, po, ...,pn and q1,q2, ..., ¢n be the boundary sequence
of two objects A and B, respectively. A matching 7 from
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A to B is defined as a mapping from pl,p2,...,pn to
1,42, -, gm Where p; is mapped to g, if 7(i) = 0 and
otherwise p; remains unmapped. The cost of 7 is defined
as > ¢(pi, qr(s)), Where ¢(pi,qm(i)) equals the Euclidean
distance between feature vectors p; and ;). Fig. 3 shows part
of the matching between two patterns, one of which is partially
cut away and rotated by 180 degrees. Another matching in
fig. 4 is made in a situation close to real conditions, where the
pattern on the left represents one of the areas on the floor and
another is a simulation of the metric map constructed by the
robot. We consider this result acceptable as The area referred
to can be marked on the map more or less correctly.
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Fig. 3. A matching example

V. ATTEMPTS ON SCALE-INVARIANT

Considering that in real-world usage scenarios, we will
sometimes need to match parts of the pattern to the whole,
in addition, the scale of the input data (the scale of the image)
is likely to be inconsistent. In order to maintain the consistency
of the feature vector dimensions, the scale-invariance of the
algorithm is very important. We have tried in several ways,
but have not yet achieved the desired results. Here we give a
brief description of the methods we have tried.

A. Density Control

Our initial idea was to control the generated GNG structure
by setting an error parameter, the value of which is calculated

FEomlikiFE & MEEDRIFRARR

MLT1

Fig. 4. A real-world condition simulation

by the following equation:

n

E:ZI(az,y)@M(x,y) (D

=0

Where I(z,y) stands for the pixel value at position(x, y),
and

1avni7 ‘(Ia y) - nz| < (62/2)3
0, otherwise.

M) = { o)

This method turns out to be useful while the shape of the
input data is the same, which means it is only robust towards
rotation and scaling, but shows a bad reaction to cutting and
deformation. Experiments have been done between different
scales while the shape of the input image remains unchanged,
Fig. 5 shows the result between two different scales, where
the data scale in the lower chart is 4 times the upper one. By
controlling when to stop generating new nodes according to
the error, we could get a similar amount of nodes as a result.

B. PCA of local point set

Another method we have tried is using PCA(Principal com-
ponent analysis) to compare the similarity between local and
global structures, the algorithm could be roughly summarized
as follows: For a given node i, let nf be the set of nodes in the
ksteps range. Perform a principal component analysis on the
set n¥ and set its first principal component vector to w¥, its
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Fig. 5. Node number controlled by ’Error’

first and second eigenvalues to )\fl, )\52 and its first principal
component relatedness to

P AN
TS NF Ak,
il i2
For each node, the evaluation factor k is calculated as follows
The result is shown in Fig.6) We have tried to use this method

Algorithm 1 Similarity calculation
k=0
while True do
if |[r¥ — 79| > 0.1 then
break
end if
if (k+ 1)dis? — dis® > v; then
break
end if
if 70 > 0.7and10° < arccos(w? - w¥) < 160° then
break
end if
end while

to remove points that do not contribute much to the local
structure, meaning that we would get fewer points in a sparse
structure and more points in a dense structure. However, it
proved difficult for us to reconstruct the topology between

points in this process, and the new structure generated was
difficult to use for matching.
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Fig. 6. Similarity between local and global structure, where redder nodes
stand for higher similarity.

C. Image Descriptor

The last method was inspired by SPE(Screened Poisson
Equation). We tried to build an image descriptor. Firstly we
calculate the distance between the pixels and the contour and
let the result be I’, then calculate AI’.Some results are shown
in Fig.7. Although we believe that this descriptor can describe
the structure of shapes to some extent relatively well, we did
not proceed further. The reason is mainly that it completely
abandons the advantage of the fast response of GNG, and its
computational effort is unacceptable in practical applications.

Fig. 7. Similarity between local and global structure, where redder nodes
stand for higher similarity.

D. Summary of the attemption

Summarizing the research experience so far, we believe that
constructing scale-space may be the most effective way to
simultaneously satisfy the robustness of shearing, scaling, and
deformation. In fact, the idea of scale-space is also implicit
in our feature extraction algorithm, where the feature values
contain both local and large-area features. Therefore, in the
following research, we may try to construct a method that

can assign the optimal scale to each feature point in order to
realize scale invariance.

VI. CONCLUSION AND FUTURE WORK

In this paper, we proposed a method using both topological
and geometrical properties of a graph to extract meaningful
features and apply these features in the shape matching.
Results have proved that this method is feasible. In future
work, we want to apply this method in an in-door navigation
based on building maps, with which we could carry out
matching between the robot’s local map generated by its



SLAM algorithm and However, to meet the requirements of
our further work, some problems remain to be solved:

1y

2)

3)

[1]

Dense of the nodes is controlled manually, an algorithm
that could automatically control the density is needed.
The nodes are matched one by one, we need to consider
the situation in which the numbers of the contour nodes
are not the same.

The transformation matrix between the two figures, i.e.,
the relationship between the sample image and the image
remaining to be matched is not clearly described with
mathematics formulas.
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