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Analysis of Relationships between Multi-Fractal Characteristics
and Functional Connectivity for Electroencephalography in Aging

«M. Ando and S. Nobukawa (Chiba Institute of Technology)

M. Kikuchi (Kanazawa University)
T. Takahashi (University of Fukui, Kanazawa University, Uozu Shinkei Sanatorium)

Abstract— Complexity analysis is a useful approach for alterations of cortical network detecting amputations
in senile psychiatric disorders that result with impaired neural activity interactions among a wide range of
brain regions. Multi-fractal analysis and multi-scale entropy analysis are typical methods for capturing the
complexity of neural activity in the brain. Multi-fractal analysis plays an important role in detecting changes
in neural activity; the multi-fractal analysis is superior in to other methods to detect alteration of complexity.
However, the relationship between the multi-fractal characteristic of brain activity and functional neural
networks has not been fully studied. Therefore, the purpose of this study was to investigate the relationship
between the complexity of neural activity and functional connections in aging EEG. As a result, it was found

that multi-fractal property can classify aging most.

Key Words: EEG signal, multifractal, phase lag index
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i A D AR TR B D IR IR A B O B HEME 1, R - &
E7 Y ORRIEHRMIIZ BT EERLHE2H-T WS
D, A OMRIEE 2 X 5 FEE UTHIEREIT S
N5, WL, HREMESERICEES L TRy
N7 — 2 TH S N MM RDEE 2R B2 &8
TE5. gAYy N7 —27ORBERZ ST LT
1, ITEEINOMEE 2D & A MEEEE 2 E S5 &
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D ) R DEALRI D FIH DOFLE & E B AL U 7= BEBER A
BDAY N7 —IREEICER LZH D0 BB IFs N5,
RDOBEHEMERIEZ Z2FHEL LT, L OIERNA
FACHHERITER VT T TR DT 5 7 RIIVIR
TIZEH U EFEDN TN TERTS),

7z, VAT LORBIM & EHEME ORI 1348 M 72 B
BAIH B LRI NT WS, Ibihez-Molina 5 1% EEG
DGHENE & R ORNZ IZEOMHEBIN D 553, fifE % v
N7 — 7 ORAMEST OIS B W TIE, EHEEEH
HWIMEDRNZIZFOMERH B Z W REINEYD. 2D
ZoxX, EHEE & RO BRI, MRTEEIOAHE
TEFRD AR T 2 MR IR 2 EET 5 2 L 2RIE
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£ D EE OMRTEE OEHEME DA HRE TN T WD
7,12, 13, 14,15, 16, 17, 18) %7 EEG &1 F I 7 A3,
FUIERSRE O RRAIRERE, HITHEREZR X A% theta I beta
e, gamma FDENY ROERE AT —VIZBWTHE

BAEREEREZLTWS Y. ZoZehs, FAVER
R A T =2 BT 2 EMMED 205 ONERE 2 X
g% 10),

BHEVE DA T — VARIFMEE LTV F 7 52 R
)V (Multifractal : MF) f#fr & <V F 27 —)L > b
1 ¥ —fi#ifft (Multiscale entropy : MSE) 2331 51 %
20,8)  FIOLYNA 2 —IRIZ T B BT & LTl
MF @i D F BB MEDREHEBEZ R D N TE
2rINTHYH, MANOMRESOZM 2T 5
THEELRZHZH-TWS W, v LF 7527 2R
D Fik & i U CTHRMEERANICEN T W 208, NS
FOSNVF 752 XM EEEN MR R Y b —2
EDOMBIZTDIZIRI N T WA, ZF I TAIFET
W, IR DN 2 RS I D HEME & BRERAE A O
BRI DG 247 5.
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ARG OERH 1 18 A DEFH (21~35 %) & 32 %
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F7, F8, Fz, Pz, T5, T6) 27/, WMEZEEAE%
SIERER L U TSI 2500 U 72, BMEIE 2 13 H
ANEHD EEG-4518 # W0, EREROESNX, DU
EX (EOG) 2fHALUTHBML~Z. Y7 V7AW
B 200Hz & 2.0-60Hz DNV KNA T 4 VR —%ffiH
Uik L7z, B/ IV X R ALV E—R Y
2%, BEMRT 5kQ R EIE L 7. wEERE ORI
1%, HEZEAU-ZHEIRET 10-15 SEIE L=, ¥
FTAEMY AT LEZMFHALT, ZMEDOREZ2HEN
HELUHZHA U CREREO TR Y 7 OADHIE X
N MR LEZ. £72, WMHESEB XU EOG L
JI—-ROHBEMEIZE D, HZEAU TEBRIRE TR
INTMRIESHERY 2 7" A v+ HiE X iz, MSE
fiffr & MF fi#fri%, #@fid 2 50 # (10000 7 — X KA
V) DRy ZIZHUTETLE.
2.3 TIFITSUYIVEENR

TNF T 50 RIVERTTIE, BERY = — 7Ly N A
DRI SEHINZTz—T Ly M) —X—HJE L
FAXNTWS 2223 < )LF 7 5 27 ZOVEERTIE Holder
BBIZE > T, 7—X X OREZRRHEAD T TV
WED TS5 7 ZNVIRTGE AR PVIZE>TEBTS
fRfr HikTdh 5. BEEES X (1) O#EER Wavelet (75X
(1) RATmREhb.

dx(iob) = [ X2, 0(27t = i
(j = 1727~-~7k = 1,2,)

ZZ T lda /827 b ¥R — b7 mother wavelet
B E 95, 1IRILD wavelet leaders 13 (2) TR
ns.

(1)

L.(j,k) = sup
N3Nk

|dx (4, k)] (2)

ZIT, A=X\jp = [k27, (k+1)27] ZAT—)L 27 (T
& AR RE %, 3)\j,k—1 = U)\j,k U )\j,k+1 I BB
PRI BEEARY FVIE, wavelet leaders 12 & -
T 3) XNTmEhd 2223,

DUUZ;%O+ﬂh—Cd®) (3)

ZZT, h&qlidEnZENn Holder 58 E wavelet lead-
ers DE—RAY NIRRT, 27— V7 L () Lk
SERESC S 1 (g, 7)1 (4) RE (5) RTRENB.

Ci(q) = limint (wi@ﬁ) W
SL(q’j):%i:‘LX(j,k”q (5)
J k=1

ZIZT, ny BAT =2 OBAED X OY VT
WV E RS, Rt TE, D (h) Ol =dIZ,
WOMIDEEE LT —RFasT Vb e 2MHH
U, XIVFI7I77XNVEDREL LT RFal
TV e BEALZ. RWMIETIE, ~VFT7 T2
KOV gkt % Wavelet Toolbox of MATLAB(https:/
/jp.mathworks.com/products/wavelet.html) (Z & > T

EEd 5.

2.4 VIFRHY—)Tv OE—8&EF

NI O B 55 41 D G HEVE D R A o — L N DR A7V
DFFMi 2475 72 DIZTIVF AT =Ty boE—
(Multiscale entropy:MSE) f##r & 47 5. i HF 2
{1,202,z PIZH LT, BTNy b —i (1)
XDESITERIND.

C(m-i-l (7“)

Cp(r) & 2" — 2 < r(@ # ji,j =
1,2,..) OELREZRT. 2™ lE m RGERT bL 2 =
xi,xiﬂ,...,me,l) %ZT—\‘@— MSE ﬁﬁ*ﬁcng\fli,
L1,L2y...y TN 72 (2) itVC, *ﬁﬁﬂ:bf:lﬁ%ﬁﬂ Yj 5:5({[‘
LTiTo.

h(r,m) = —log

. 1 Jr )
Z/j( ) = - Z T (1<j<
i=(j—1)7+1

) A — L T

2.5 Phase Lag Index f##7

PiAR R % JIE 3 5 72812 Phase Lag Index(PLI)
ko, FAPGESORMELZEEMNICHE L. EEG
155 1% delta I (2~4Hz), theta ¥ (4~8Hz), alpha ji
(8~13Hz), beta ¥ (13~30Hz), gamma ¥ (30~60Hz)
N5 72 5 DD PRI EI U . Wt & g, T
DEFIENEUZEFIL, ILb N EHE AW THA ¢,
LRI Aa(t) TREND. £z, Wt T2 ODHRL5
Ma & bZzROESHETEI S NAHDE Ade(t;)
X (8) X& (9) TREND 2D,

) (D

3=

ZIT, 7(r=1,2,..

Adap(ti) = da(ti) — du(ti) (8)

A¢1’nod (tz) = A¢ab (tz)

W DOWDESTIZHTZ 2008 o & b DR
DfES® PLI I (10) ATRI N5,

mod 27 (9)

T

PLIy, = %Zsign(&bmod(ti)) (10)

i=0

8) K& (9) RH» 5, Adaw(t;) D 0 TH Y,
Abmoa(t;) = 0 TH B8, 8insd) —ATEE
NP N5 450 PLI Offlk 0 &% 5. 7z,
RN 7 O KN B 5 T oBlix, (8) AT
Agop(t;) =m &7 0, EFIFIZHEFET IR &
WEIND. ZHZED PLI, =0127%5. (10) X
5, /J— R (ND) LIEENDMDOEMb = 1,2,
K (b # ) 2N UEEEOEM o DY PLL I,
(11) XTREINB. 22T K ZEBOMREERL,
K=16Td»5.
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c1 & cp T, HEZEL BB ICAEREEDD 5 h %
Wi g %7281 repeated mesure ANOVA (ANOVA) %
To7-. WREMER L L TEEE L SHED I —
TERMEAL, HBRENERNE LT 16 BMEHHAL 7.
ZTUTHEHBIRERMHALT, HEELEHREL LUE
MiZ e DMBEFERAOEREEFAMLUZ. TZT, ¢ &
c2(q <0.05) TOZELELD ¢ f#IZ Benjamini-Hochberg
DEMERHELEZEAL T3

PNy haE—THHEE L BHE RS
DH B0 %YW T 572012 ANOVA iz 7-7-. #%
BRAEMERNE UCHESE L ERED IV —T2MHL,
WERENER E LT 16 BB L RFA 7 — V2L
7. 2L CHBIREZMEHALT, HEFLERED
X OB L B A r — )V Z & OMHEAEH O X858 % 3
fii L 7=.

PLI ® ND IZDW T HHEH L @AME ICAREND
L0 EYWrT 572012 ANOVA it 217> 7=, #hERE
MERNE U THEEE L GHEDO I V-T2 AL, #
BRENERE LT 16 EMAEMFH L. TLUTHEELR
EEMALT, HEELAERES LUBEMI L OMAE
PEFH D F 5 5 % G U 7=

AN & GHEE DBIfR %2 FE S 57212, c1, o &
PLI ® ND O OMBIRE R 2 HL7-. £7/2, MSE
fiF it & MF ikt OBEIRZ FHii S 572012, c1, e &PV
TNy hu¥—0MOMHBEFRE R 2 #HL 7. MSE
fifhir & ND OBfR%FA$ 5 72DIcH %> v v b
Ov¥—& PLI® ND OOMHEBERE R AL 7=,

Receiver operating characteristic (ROC) 71— 7%
L CEGEDDEZIT> 72, ERDOHIXUTH]
OB L UTHEHAL, ¢, o, Y7 VT bhnm
¥'— & PLID ND I2E2O<K B Y AT v 2 [A]F % {#iH
L7z. ROC H— 7 IEEHD %2 MHH ULES L Sins
BT AEENETMET A0 HA L. B0k
X, ROC #7— 7O FOHE (AUC) 12 & > Tl L
7=, £z, @FEEENIET S22 5 DEI ARG %
HRLUZ. 20K, AUC=1.0 352882 @Bz it U,
AUC=05 135 v X LRI L TWS

3 MRNTIER
3.1 VNIFTSUYIVERNT

AT, HEHELERETLTIVF T I I X
RN AT o 72, LFEE LB D ¢y £ co ® ANOVA
ML % Table 1 IZRT. FERNLS, ¢ & e ITH
WTEWERIE L Groupxnode & DFHEEANR S
7-. F#tETIE, F3, Fz, F4, C3, C4, P3, Pz, P4,
01, 02, F7, F8, T6 M 13 D iZHB VT ¢ DIEME
BIZ&L, Fpl, Fp2, F3, Fz, F4, C3, C4, Pz, P4,
01, 02, F7, F8, T6 D 14 FHZHWT ¢, DIEHMA

EWE WS FERBE SN/,

Fik t MUEDFER % Fig. 1 1TRT.

3.2 TIFRHy—)ILTv NOE—@ER

ARG T, HHEE L FEEE LT MSE @
Ziiotz. HiffZemmEoYy Loy oy —
@D ANOVA fEMrE R % Table 2 12587, #ERP5,
EMRIEE S5 N D 572D Groupxscale TDAHH
TEREPR N, Ffk t RETIE, BHEAT -
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Fig. 1: (a) t values between the younger and older
groups. The warm (cold) color represents higher
(smaller) ¢; values of older than those for younger
group. The left and right correspond to the t-value
and t-value satisfying the false discovery rate (FDR)
correction criteria ¢ < 0.050. ¢; of the older group
had significantly lower values at F3, Fz, F4, C3, C4,
P3, Pz, P4, O1, 02, F7, F8 and T6. (b) t-value
between the older and younger groups warm (cold)
color represents higher (smaller) c; values of older
than those for younger. The left and right corre-
spond to the t-value and t-value satisfying the false
discovery rate (FDR) correction criteria ¢ < 0.050.
c1 of the older group had significantly higher values
at Fpl,Fp2 F3,Fz F4 ,C3,C4,Pz,P4,01,02,F7,F8 and
Té6.



Table 1: younger vs. older repeated measure ANOVA analysis results (F' value (p value)) in multifractal (MF)
analysis results, F' and p value with p < 0.05 are represented by bold characters.

Group

Group x node

cl F =2525(p

=7.41 x 10~°)

F=1.73(p=0.13)

2 F =22.23(p

=211 x 10

=5 F=173 (p=0.11)

1~5(0.005~0.025]s]) THEMZEDH > FLTy hut—
PERBITENWE WIRERP R oz, FE ¢ BUEDH
B2 Fig. 2 ITRT.

3.3 PLI&#

AR TIE, HFEH & @E I LT PLI#ET 217>
7=, HEH L G D4 band @ PLI @ ANOVA fi#ffr
ik % Table 3 IZ/R9. #5HA 5, alpha #gIZHWT
AT IZ B W THEZE DS E L, gamma H75IZ
BVWTREBEDINREWI bbb o7, it RE
DFEHR, delta #IHTIE P4 & C3DRTIZBEWVWTEHE
HEOHDPEREICEL, alpha K Tld Fpl & F7, Fpl
& Fz, Fp2 & Fz DRTIZBWTERED AP ERIZ
K\, % U T gamma #IK Tl Fpl & Fz, Fp2 & Fz,
F4 & P4, FA4 L Pz DRTIZBVWTEMED NG E
WZEWE WS Z e dbhorz.

t-value

Fp1
Fp2
F3
F4
F7
F8
Fz
C3

()
3 3
c G4 -05 =
P3 15 >
P4 R
Pz -25
T5 35
T6
o1 -45
02 -55
5 10 15 20 25 30
. temporal scale
q<0.05
Fpl 5.5
Fp2 45
F3
Fa 35
F7 25
F8
1.5
Fz
3 c3 05 o
2 c4 -05 S
P3 i
P4 1S
Pz -2.5
T5 -35
T6
o1 45
02 -55
5 10 15 20 25 30

temporal scale

Fig. 2: Multi-scale entropy analysis in younger and
older group. The horizontal axis represents the
temporal-scale factor, 7. t-value between the older
and younger groups (left part). The warm (cold) color
represents a higher (smaller) sample entropy value for
older than that for younger. The t-value satisfying
the FDR correction criteria ¢ < 0.050. Significantly
smaller sample entropy of low temporal scale regions
1 to 5 (0.005 to 0.025 s).

3.4 HEEREK

PLI®OND &H > ATy hu ¥ — D% % T4
5= OMBEBE R 2k, PLIOND &3> 7L
Ve E—-DRIZEWAHEBTIZR S h o 72, PLID
ND & ¥ v 7Ty ba¥—DHBERBOMEEZ Fig. 3
2R

c1, o &YV TNITY hEY—OHEBEZIZDOWT
1%, FRFNHE KA — Uiz B W TR\ FEEE R R
NhHY, YT NTyhab—RNERT L ¢ EEHD
U, o X ERTEZ Dol ¢, cg &Y T
IV Y —OHBEREORR % Fig. 4 1TRT. 7,
c1, ¢ & PLI ® ND OBIOMHBERBRIZ DO WTIE, /W
FHEIZ R S e h o 7=,

3.5 ROCH—7

c1, ¢y, YTy O —¢ PLI®O ND D43
BEHZMT 572012 ROCH—T2RD=., 7
LIy b=, AT —IL 1~5 OfE % EE{kL
TW5., B—EEOP OB =R 2HHLTRDE
ROC OfER % Table 4 (27787, ¢ & NDyjpha @ AUC
A GDbEETbRWVWSHED T —2DhT—&FK
%< AUC=0.86 ThH-7=. ETHODTF—XDHFTHRD
AUC D EVDIT ¢ & ¢ ZHAGOET—XTHY,
AUC=0.89 TH 5. %7, PLI® ND OHTixb /M
K D3\ (AUC=0.86)ND,ipha ZHlAADET AUC
BERDIZE ZADFRENPH LELZ. ULRL, ¢ & e
& NDaipha ZFHABDOE GG EREEN T o 72,

4 ER

ARRGETIE, IR DX 2 RS I D HEVE & 1
RERRS A DBRMEDMRE 217072, IV F T 57 X
M TIEINBAE B DI O T DIBEETH 5 1 DRI
s TRAL, SUVF T 527 ZNEDEETH S ¢y 1T
MRz T ER U, S VFATF— )Ty hob—
it ik, EiREDOANNI VI AT =T v 7
LNIy hav—388h10 7=, PLIf#TCIE, HEEEE
i DOMIC Kk EREITRSNL) - 72, HBERKTIE
¢p EPLIOND, ¢ £ PLIOND, ¥ LT b
¥'—& PLI ® ND OIZ K ERHEEIZR S e h o7z,
¢, o ¥V VTN b -0z, THEhE
W A r — Wiz B W THRWFHEARER D D v, S T
NIy hab—NERTE L cy WA U , C2 I EHRT
52N birotz. HEREETIE, o P—FEWAHE
W ZR U, NDapha EHAADES ZLIZE>TH
EHER EL.

F—IZ c1, C2 b7 B2 ) Vs s N w R D] i [ A A
PR SNIZHEIZOWTEZ D BELDH D, g I3
RIEER2ARDOWE SN IDFEZE LTHWSNTED,
co IERIE S DfHF LB 2 3L T3 25, %

ZHLTH Yy Iy b — R ERFIESDES
N LR EE 2 2 TER—DOREIZL DML T
Wb, F0EH, YNy o —NEAT S L



Table 2: AD vs. HC repeated measure ANOVA results (F value (p value)) in multi scale entropy (MSE) analysis
results, F' and p value with p < 0.05 are represented by bold characters.

Group Group x node Group x scale Group X node x scale
F =337 F=1.51 F =24.94 F = 2.08
(p = 0.073) (p=0.21) (p=5.8x1079) (p =0.034)

Table 3: Younger vs. older repeated measure ANOVA analysis results (F value (p value)) in Phase Lag Index
(PLI) analysis results, F' and p value with p < 0.05 are represented by bold characters.

Group Group X node
delta F = 4.18 (p = 0.05) F =1.26 (p=0.26)
theta =0.04 (p =0.83) F =0.98 (p=0.45)
alpha = 1.09 (p = 0.30) F =3.95 (p =8.9 x 107%)
beta =0.10 (p = 0.76) F =2.89 (p=5.8x1079)
gamma =417 (p=0.05) F =3.35 (p=2.1 x1073)

Table 4: The area under the ROC curve (AUC) for
c1, 2, sample entropy, and PLI ND. In this case, ¢,
ca, and PLI, each 1st-3rd principal components was
used separately. We evaluated ROC in the case using
all these values; the results show the enhancement of
classification ability (AUC = 1.00).

AUC

c1 0.86

Co 0.79

sample entropy 0.84
NDgelta 0.60
NDiheta 0.55
NDaipha 0.86
NDyeta 0.74
NDgamma 0.62

C1 & Co 0.89
sample entropy & NDaipha  0.84
C1 & NDalpha 0.87
C2 & NDalpha 0.86
c1 & ca & NDgipha 0.84

g AU, ca WMERTBEE Vo721 & e
WOMBEBEBE R oNZEEZEZONS.

FIZ PLI® ND @ alpha & ¢;, ¢ @%M%M’E%ﬁ
AEbLEDEZ LIk o THBEBEN A LT 2HEIC
wt%ié%%ﬁ%é.mﬂ®Nth,@®muﬁ
HHERERED T RoNBhr oz, ZD-OMIKDE
HEME & BERERNAE & XM Bk 2 o T wWB & E X
515, ;ODW?@E’J&@@{?# MEREE DM EIZFS L
TWAHBENEH L LEZILNS.

M*C PLI®D ND @ alpha & ¢;, co 22 THAED

2R LT

B E I EBENTRLZHEII O OWTEZ S RE
ﬁ%é.$ﬂ%f@,nyl%fvﬁﬂﬁﬂi P

21TV, AUC 23Rz, 2ET 55— X ORMENS
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Fig. 4: Correlation coefficient between the sample entropy and ¢; for younger group (upper left parts). The
figure on the right shows the correlation coefficient between the sample entropy and ¢, for younger group (upper
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shows the correlation coefficient between the sample entropy and ¢; for older group (upper left parts). The
figure on the right shows the correlation coefficient between the sample entropy and ¢y for older group (upper
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Evaluation for Echo State Networks by Indexes for Chaotic Synchronization

xY. Ebato , S. Nobukawa (Chiba Institute of Technology) and H. Nishimura (University of Hyogo)

Abstract— An echo state network (ESN) is a reservoir computing framework consisting of an input layer, a reservoir, and
a readout layer. A reservoir is a recursive network comprising neuron models. Time-series learning for ESNs requires a
high memory capacity for storing the historical information of past inputs. However, generally used neurons are incapable
of storing time history by themselves. Therefore, historical information gained by introducing internal neural dynamics
can enhance the memory capacity of ESNs. In this context, we hypothesized that the evaluation of the functions of
internal-neural decay factors and optimal balances between the decay factors of chaotic neurons can provide useful results.
Therefore, to validate this hypothesis, we investigated the performance of an ESN using a reservoir comprising a chaotic
neural network (ChESN). The proposed approach is expected to have wide applications in reservoir computing.

Key Words: echo state networks, transverse Lyapunov exponent, synchronization
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Fig. 1: Overview of the structure of an echo state network (ESN). In the learning process of an ESN, only the synaptic
weights in the readout layer are adjusted. Consequently, reductions in the size of the learning synaptic weights lead to
high efficiency. All the vectors in this figure are vertical vectors.
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Memory Mechanism utilizing Oscillations with Chaos-Chaos Intermittency

«S. Nobukawa, (Chiba Institute of Technology), N. Wagatsuma (Toho University),

H. Nishimura (University of Hyogo), K. Inagaki (Chubu University),
and T. Yamanishi (Fukui University of Technology)

Abstract— Recent progress for application of stochastic resonance showed that the presence of additive noise
enhances the memory functions in the memory elements with bi-stable oscillations even under the extremely
low power consumption. In addition to additive noise, the deterministic chaos induces a similar phenomenon
like stochastic resonance, which is known as chaotic resonance. Chaotic resonance emerges in the non-linear
dynamical systems with chaos-chaos intermittency where the chaotic orbit moves among separated attractor
regions through attarcor-merging bifurcation. In previous studies, higher sensitivity of chaotic resonance
than stochastic resonance was reported. In this context, we hypothesized that memory devices based on
chaotic resonance would realize a novel device for storing memory with lower power consumption than the
case based on stochastic resonance. In this study, to prove this hypothesis, we proposed a memory system
through attractor-merging bifurcation by approach adjusting internal system parameter under noise-free as
chaotic resonance and one for applying stochastic noise like stochastic resonance. Through the comparison of
ability between them, we revealed that the former exhibits the higher memory storing ability than latter even
if weaker memory storing input signals. The approach by chaotic resonance might facilitate the development
memory devices that was previously limited to the application of stochastic resonance.

Key Words: Chaotic resonance, feedback control, noise, synchronization.
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Online Estimation of Driver Model Parameters by Dual Particle Filter
* H. Suzuki (Nippon Inst. of Tech.) and K. Fujiwara (Graduate School of Nippon Inst. of Tech.)

Abstract—

Driver models which is generally recognized as car-following models are the key components

of traffic simulation tools. Nevertheless, the model parameters are regarded as constant or distributed randomly
with specific probability density functions although they are changing in real-time depending on traffic situa-
tions and other stochastic factors. This paper attempts to make an online estimation of these unobservable pa-
rameters by using extended dual particle filter. This approach enables us to identify the reaction delay time in-
cluded in the driver model as an implicit variable. The online estimation requires no linearization of state-space
models. Numerical analyses based on driving simulator experiment showed that the proposed approach suc-
ceeded in describing individual driver’s behavior by estimating the model parameters in real-time. In addition,
the identified parameters are able to express the real acceleration precisely including the rapid deceleration sce-

narios.
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An Estimation Scheme for Pedestrian Behaviors from Their Skeleton Signals

«T. Sakai, T. Isokawa, and N. Kamiura (University of Hyogo)

Abstract— This paper presents a scheme for estimating the behaviors of pedestrians from these images, in
order to construct behavioral models for pedestrians in crossing roads. The proposed scheme first extracts
the structure of the body for pedestrian by using the OpenPose system that extracts the skeleton structures
of humans from the image. After collecting the structural changes in a short duration, such as angles of knees
and toes, these time series are used for classification of behaviors. The proposed scheme is evaluated by using
actual images of a pedestrian, and it is shown that a k-neighbor classifier achieves the best performances for

estimating his behaviors.

Key Words: Pedestrian, behavior estimation, time series
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Fig. 3: A set of extracted skeleton structure for a
pedestrian
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Fig. 4: Calculation for joint angles
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Fig. 6: A pedestrian in the experiment
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Fig. 7: Configuration for a camera and a target pedes-
trian
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(c) Signals with SC3
Fig. 5: Time series for joint angles with three types of compensation

Table 1: The numbers of image frames for each be-
havior class

Behavior #. frames
walk from right 7175
run from right 2495
walk from left 4736
run from left 2157
walk from back 2560
run from back 1518
walk from front 1669
run from front 1356
walk on smartphone from right 2545
walk from right with looking aside 2397
walk on smartphone from left 3230
walk from left with looking aside 2781
walk on smartphone from back 3665
walk from back with looking aside 1713
walk on smartphone from front 2661
walk from front with looking aside 2055
stand still 3377
fall down 527
rise after falling down 3377
Total number of frames 49605

Table 2: Classification accuracy for each classifier,
where k-NN, RF, SVM, LR, and MLP, are respec-
tively k-Nearest Neighbor, Random Forrest, Support
Vector Machine, Logistic Regression, and Multilayer
Perceptron

. Compensation method
Classifier | 'so1™ 'goo sc3
k-NN 0.961 0.973 0.977
RF 0.964 0.976 0.975
SVM 0.512 0.569  0.482
LR 0.816 0.850 0.862
MLP 0.914 0.940 0.947
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Table 3: Classification Accuracy using Deep neural
networks(%)

Compensation methods
Classifier
SC1  SC2 SC3
RNN 0.781 0.826  0.836
LSTM 0.873 0.881  0.898
CNN+LSTM | 0.913 0.937  0.933
ConvLSTM | 0.933 0.934 0.944
|
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Fig. 8: Confusion matrix by k-NN with SC3
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Investigation of Feedback Modalities Suitable for Flick Input in VR Environments
* H. lida and J. Imai (Chiba Institute of Technology)

Abstract— Modern virtual reali
in the real world for input in the

(VR) technique allows us to use a movement of a user’s fingers
) r ] 'R environments without w_earlnﬁ any special devices. The method
for flick text input in the VR environments using this technique ha:

s been proposed. However, this

method has the drawback of high input error rate. In this study, we focus on modalities of feedback
for VR flick input and investigate their effectiveness on the input error rates and usability.
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Fig. 3: Flick keyboard.
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(a) Touch

(b) Flick
Fig. 6: Visual feedback.
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Gaze-based estimation of target visual cognition
and its application to visual search assistance

S. Yoshida (University of Hyogo), M. Sei (ATR/Ritsumeikan University),
A. Utsumi (ATR) and *H. Yamazoe (University of Hyogo)

Abstract— To assist tasks that require visual search, such as driving a car, guiding people’s attention is
important. In particular, in situations that the surrounding environment change from time to time, it is
important to provide attention guidance at the appropriate timings. For this purpose, we need to estimate
whether the person has visually recognized the target objects (target visual cognition) or not, and to provide
appropriate support for visual search tasks in response to the visual cognition. In this research, we propose
a method for efficient assistance of visual search tasks by guiding attention based on target visual cognition
estimation, assuming a scene in which multiple visual search tasks are required continuously. In this paper,
we evaluate the effectiveness of the assistance of visual search tasks based on visual cognition using a VR

game environment.

Key Words: Target visual cognition, Assistance of visual search task, Visual cognition difficulty, Virtual

reality environment
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Fig. 2: Preliminary experimental environment
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Fig. 4: Difference of visual cognition difficulty
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with respect to visual cognition difficulty (VCD)

Table 1: ANOVA results of minimum distance be-
tween target and gaze

Df SS MS F p
size 2 1.02 0.51 11.61 <.01 %
cont 2 0.03 0.02 0.34 0.71

sizexcont | 4  0.09 0.02 0.50 0.73
*: p<.01
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Fig. 6: Duration from appearance of target to sub-
ject’s recognition of target with respect to VCD

Table 2: ANOVA results of time from appearance of
target to subject’s recognition of target

Df SS MS F p
size 2 035 0.17 5828 <.01
cont 2 007 0.04 1216 <.01

sizexcont | 4 0.02 0.01 1.84 0.12
*x: p<.01
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Fig. 7: Scenes including 1st targets
(Uppercase letters A, D, J, F, M appear)

Fig. 8: Scenes including 2nd targets

(Lowercase letters a,,d, j, f, m appear)
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Fig. 9: Assistance to 2nd target candidates (Assisted target candidates are shown as green boxes)

Table 3: Threshold angles for visual cognition estima-
tion

Font size  Angle [deg]
16 2.46
32 3.86
48 4.38
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Table 4: Confusion matrix of visual cognition (VC)
estimation

VC non-VC total
cut targets 1227 14 1241
other targets 1663 3396 5059
total 2890 3410 6300
% p<.01
% p<.01l
* p<.01
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Fig. 10: Number of task completions
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Table 5: ANOVA of task completions

Df SS MS F P
assist | 3 486.2 162.07 8.38 <.01 %
*: p<.01
% p<.01
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Fig. 11: Duration between two-target cuttings

WRT. ZOREFITH LT, DR 2T o Ttk e &
5ITT. XTI (assist) DRMEICHEENA LN
Tele®, THIZELEEITo 7. MiFRiE Fig.10 IR
LTEY, ZHEAL (None) &Z8HH (All,Cut,Gaze)
ORI HEREEDPR LN, XD D DL T
BRENRON R, ZDZehb, IRFRIC
X 2 B2 7 IO RIIMERTE D DD, H
RICED S SHROMRIITER T E IR o 72,

4.5.2 FRUVRTRBEEXEZAIVY

K2, XRIC K2 EZ R 758 TIRENDEE i3
5. XAESME 3 HHH (Al Cut, Gaze) IZDWT, 1D
H?D Box ZY]->Th 5 2 O0H®D Box 2Y] 2 £TiIzh
o 7R Z ot Lz, #5538 % Fig 11 ITR$. 7277
BN % AT o 724558 % Table 6 ISR S, BRENRS
N7 DZ BB RIT - 78RS Fig 11 IRT. R
XD, Cut & & HARTHERRIITHR D Gaze =M DM
WEHEEPRORN, Zi3bLITHrTEH2d50D, 1 OH
D Box ZH]>Th 5 2 O0HD Box 2] 25 £ TiZhhro
TR 725 Z e HERR T & /=,

iz, ZAZSETRRNICHAEED R 67z 2 544 (Cut
M, Gaze &&fF) I22OWT, EBIHzEiTol. %
T, XEPRETERA I TOREKE LT, 20H
2—>y NOHIRNS, ZDXR—7 v MADTIERRS
TN 2 FTORMAZFM L. 2 2T, XES
B R SE (7 4+ > b A X Size) D 2 BREHE
L7z, &38R % Fig.1212, 2 BRGEGHT OFER % Table
TIWRT. F7REMER (sizexassist) DHER SN
72, BHfiENRO O 2ITo 7. HiR% Fig.12 IR
T, MRED, Cut FfF e ARTHEICE D X HEE
79 Gaze TR A I VP ERICEL, ¥5
12, Gaze S THEREED MRV CCFEBIREW) 1F
YXERA I VIIDBERICREWZ b, b, MR
Table 6: ANOVA results of duration between two-
target cuttings
Df

assist | 2
*x: p<.01

SS MS F p
0.04 0.02 390 <.05x
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Fig. 12: Duration from target appearance to task as-
sistance

Table 7: ANOVA results of duration from target ap-
pearance to task assistance

Df SS MS F p
size 2 148 0.74 29.64 <.01 =
assist 1 1323 1323.2 14956.7 <.01 x
sizexassist | 2 1.01 0.50 26.06 <.01 %
*: p<.01
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Table 8: ANOVA results of detailed analysis of dura-
tion between two-target cuttings

Df SS MS F )
assist 1 0.04 0.04 15.14 <.01
dis 2 054 027 10794 <.01 *
assist*dis | 2 0.01 0.01 1.85 0.18
*: p<.01
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Efficient classification learning using Fuzzy Measured Active Learning

«Keigo Kimura and Tomoki Hamagami (Yokohama National University)

Abstract— One of the learning methods for efficient learning of classification of specialized images is active
learning, in which the data with the highest learning efficiency is interactively queried. The efficiency of active
learning depends greatly on query strategy. In this study, there are two types of data that are necessary
to improve the accuracy of the model. In order to obtain the data explicitly, we proposed a query strategy
using fuzzy measure which quantifies the certainty of attribution. The results of active learning on multiple
datasets showed that the proposed strategy can provide more efficient data than existing strategies.

Key Words: Active Learning, Fuzzy Measure, Assisted Reproductive Technology
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Table 1: Datasets for experiment 1

Name #Instances #classes #attributes #nominal
Abalone 4177 3 8 1
Car Eval 1728 4 6 6
Census Income 48842 2 14 8
Covertype 581012 7 54 0
Dry Bean 13611 7 17 0
internet 65532 4 12 0
Letter Recog 20000 26 16 0
Mushroom 8124 2 22 22
Pen Based 10992 10 16 0
Poker Hand 1025010 10 10 10
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Fig. 4: Initial Labeled Data
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Fig. 7: Fuzzy Measure of query from sep metric

Table 2: Datasets for experiment 2

Name #Instances F#classes Fattributes
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Dataset FMUS  Entropy LC
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A Calibration Scheme for Brightness of Pixels in Cross-Sectional Soil Images

*S. Maegawal!, T. Isokawa!, T. Kimura?, H. Ikeno®, M. Ohashi?, and N. Kamiura'

(!Graduate School of Engineering, University of Hyogo 2School of Human Science and
Environment, University of Hyogo 3The University of Fukuchiyama)

Abstract— This paper presents a scheme for calibrating the pixel intensities for soil images taken by flatbed
scanner buries in the ground. First, our proposed scheme first detects the region of gray balance cards in
the image by using template matching method, and then obtains average value of gray scale level for these
cards. Then, calibration of pixel intensities are carried out by using a intensity curve that is made by pixel
intensities of these cards. Experimental results using a set of actual soil images in several observation sites
showed that the proposed scheme was effective for compensation of brightness distribution.

Key Words: Soil image, template matching, brightness calibration
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Fig. 1: An example of soil image taken by a flatbed
scanner. Gray-scaled balance cards are embedded on
the scanner and they are also imaged.
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Fig. 2: An example of gray-scaled balance cards.
There are three types of cards (black, gray, and white
cards).
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Fig. 3: An example of brightness calibration curve
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Table 1: Detection accuracy for finding gray balance
cards

Observation site #. images #. successful

Ryukoku (Bright) 9 9

Ryukoku (Dark) 20 17

Shiiba 10 10

Terasawa 10 2
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Fig. 4: Histograms for pixel intensities and calibration
curve in Ryukoku (Bright) images
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(b) Calibration curve
Fig. 5: Histograms for pixel intensities and calibration
curve in Ryukoku (Dark) images
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(b) Calibration curve
Fig. 6: Histograms for pixel intensities and calibration
curve in Shiiba images
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(b) Calibration curve
Fig. 7: Histograms for pixel intensities and calibration
curve in Terasawa images
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Table 2: Similarity evaluation of the histogram before/after calibration

Observation Site

Before calibration

Averaged similarity

After calibration

Ryukoku (Bright) 0.996 £ 0.000 0.900 +£0.014
Ryukoku (Dark) 0.916 £ 0.008 0.561 £+ 0.066
Shiiba 0.058 £0.003 0.244 +0.298
Terasawa —0.017 £ 0.000 0.580 £+ 0.000
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Explainable Deep Learning-Based System for Discrimination of Drowning in
Post-Mortem Lung CT Images

xShota Sakamoto!, Xiaoyong Zhang™', Noriyasu Homma', Yusuke Kawasumif, Akihito Usuif,
Terumasa Ogawara’, Masato Funayama, Kei Ichiji',

Norihiro Sugita', and Makoto Yoshizawa!
(TTohoku University, "National Institute of Technology, Sendai College)

Abstract— Diagnosis of drowning is a difficult task in forensic medicine. Our previous study proposed deep
learning (DL) to analysis the post-mortem lung CT for drowning diagnosis. The experimental results have
demonstrated its effectiveness. However, due to the black-box nature of the DL, the output of the proposed
method is not explainable and is restricted its clinical use. In this study, we applied Grad-CAM and Deep
SHAP, two visualization methods of DL, to analyze the contribution of an input image feature region to the
diagnosis of drowning. As a preliminary result, the Grad-CAM and Deep SHAP shown their capabilities of
extracting several typical features of drowning, and providing an explainable diagnosis decision.

Key Words: Deep Learning, Explainable AI, Postmortem CT
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BWIEHW T U, EE&EZ W (Autopsy imaging :
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ZEMBET & DT TWB D10, UL, WFEAED

c; =08
DCNN — [, =0 2
Output :
. Class score
Input: 1:Drowning
Image 2:Non-Drowning

Fig. 1: DCNN-based method to classify drowing.'?
¢1 is DCNN’s output for drowning class and cg is
DCNN’s output for non-drowning class. Each output
score means probability that the input image belongs
to the class.
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2.3 Deep SHAP
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Output for
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Fully-connected layer

Fig. 2: Architecture of VGG16'®) Feature map is out-
put of last convolutional layer in VGG16. I: height,
J: width, K: channel, mfj: element of feature map
at (i,7,k) € (I,J,K).
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a: Original b: Body segmentation

d: Not lung area

c: Lung area

Fig. 3: Example of each image
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VGG16 12 X 2EHIBGEEDOREFR & LT, TAMT—X
XL AUC =0.90 (Fig.4) 25U, Al#EOE TV
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FNFTNOFHEDEH L HEAZ R U, £72, Grad-
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False Positive Rate

Fig. 4: ROC curve for drowning classification task

a: Input image b: Heatmap c: Attention area

Fig. 5: a: Drowning case. b: Grad-CAM’s result. The
redder the area, the more evidence for prediciton of
drowning. c: Binarize the heatmap and the threshold
was 80 percentile value when heatmap values were
arranged in ascending order.

b: Attention features c: Attention features

( n Attention area)

a: Input image

Fig. 6: Example of Attention features (made from
Deep SHAP). Green points are Attention features in
input image (a), and indicate contribution to the pre-
diction of drowning. Attntion features (b) is more
interpretability than original (c).
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Table 1: Attention degree for each area. dr: drowning
case, ndr: not drowning case, correlation: VGG16’s
output for drowning class and Attention degree

dr ndr  total
lung average 479 30.1  39.0
correlation || 0.74 0.55  0.77
not lung | average 3.22 4.6 391
correlation || -0.26 -0.058 -0.26
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al: TP (0.86) a2: Attention features

b1: TP (1.0) b2: Attention features

c1: TN (0.16) c2: Attention features

d1: TN (0.37 ) d2: Attention features

Fig. 7: Example of Attention features (Green points) for drowning. TP is True Positive, TN is True Negative,
and each value is model’s output for drowning class (al, bl, cl, d1). Attention features (a2, b2, c2, d2) are
tend to show ground glass shadow (GGO). Red arrows (al) indicate GGO. Blue arrowhead (d1) indicates high

CT values area in lung which is not GGO.

Fig. 8: Example of Attention features for non-
dronwing (Yellow points). These are tend to show
respiratory tract. However, some of them are near
the boundary between body and background.
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