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Parameters estimation model for multi-agent simulation of urban transportation
systems

«K. Sakakibara, A. Sakai (Toyama Prefectural University)

T. Matsumoto,

Abstract—

M. Ohara and H. Tamaki (Kobe University)

We propose an assessment technique for the urban traffic system using the multi-agent simulation

with optimization models. Traveler agents decide their routes and means of mobility by optimizing their
utility functions. A decision making process of each agent is divided into a common part and an individual
part where all the minimum travel routes are calculated for each means of mobility in the former part and the
combination of transportation options for each agent with the given origin/destination places is optimized
in the latter part. In this paper, we show a parameter setting method for the sence of value in the selection
of the means of mobilities by using questionnaires to the residents.

Key Words: Urban traffic, Multi-agent simulation, Mathematical optimization, Questionnaire
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Table 2: The result of estimating tiredness parameters

tA B

i 2

walk(j = 0) 1.704052851 0
blcycle(] = 1) 1.138514941 304.1297134
car(j = 2) 0.150109443 0.310758883
bus(j = 3) 1.105191515  225.6309406

Table 3: The result of estimating average and stan-

dard deviation
Category Lbe o

Student(c = 0) 0.510926868  0.325543147
Fulltime(c = 1) 0.515716822  0.230630875
Parttime(c = 2) 0.528290436  0.223791587
Unemployed(c = 3) 0.446483618 0.270490511
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Bayesian Estimation of Bus Operation Stability

* T. Minami and K. Tachibana (Kogakuin University)

Abstract—Arrival time of bus often delays because of traffic conditions. Recently, many researches have
focused on time differences between scheduled and actual arrival time. However, as far as we searched,
all researches only calculate operation stability as a deterministic value from differences of arrival
time data. Bus services are influenced by time-varying traffic congestion and uncertain. Therefore

calculating operation stability as a deterministic value is insufficient by nature.

In this research,

we build probability distribution of bus operation stability. We also define likelihood function from
relationship between bus operation stability and arrival time. Using these probability distribution, we
estimate bus operation stability stochastically with Bayesian approach
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Table 1: Numerical example of scheduled bus operation

FERZI B =PF2 =83 &84 BRS5
INA 7:00 7:05 7:10 7:15 7:20
INR2 7:06 7:11 7:16 7:21 7:26
JNR3 7:12 7:17 7:22 71:27 7:32
INR4 7:18 7:23 7:28 7:33 7:38
AV 7:24 7:29 7:34 7:39 7:44
INR6 7:30 7:35 7:40 7:45 7:50
INRT 7:36 7:41 7:46 7:51 7:56
AV E:] 7:42 7:47 7:52 7:57 8:02
AV 7:48 7:53 7:58 8:03 8:08

JNA10 7:54 7:59 8:04 8:09 8:14

Tablel TiE, 7:00~7:59 £ TIZHR1 ZFHE L, 2043 T
BRSIZEIET 2 FED, SR 10 KD, BIFETERZ %
RLTWD. BIZIFE SR 1 PMERET 3 ICBIE T 2 KEZ)
&, 7110 ThDH. F£To, BAFREETRE O EETRIRHIE
5L LTS, flHOD, REOFEREZ L1
ZREL TRV, I, EEORIERZE Lopl%
Table 2 (27”7,
Table 2: Numerical example of actual bus operation

FHERZ B {=HF2 =8MS =84 BR5
AV.S 7:00 7:07 7:15 7:23 7:30
INR2 7:06 7:13 7:21 7:29 7:39
JNR3 7:12 717 7:23 7:30 7:39
INR4 7:18 7:24 7:31 7:37 7:40
INR5 7:24 7:28 7:32 7:37 7:42
N6 7:30 7:36 7:40 7:44 7:52
INRT 7:36 7:40 7:49 7:54 71:57
JAVE:] 7:42 7:49 7:54 8:02 8:05
JINR9 748 7:54 7:58 8:04 8:09

JINA10 7:54 8:00 8:03 8:10 8:16
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Fig. 1 The result of MCMC (6; = 0.1,0, = 0.9)

Table 3: The summary of the result of MCMC
(6, =0.1,6, = 0.9)
MC Error 95%HPD interval
0.001 [0.102 0.351]

Mean SD
0.222 | 0.066
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Fig. 2 The result 100 buses are on time

Table 4: The summary of the result 100 buses are on time
Mean SD MC Error 95%HPD interval
0.99 0.01 0.0 [0972 1.0]
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Fig. 3 The result 100 buses are delayed

Table 5: The summary of the result 100 buses are delayed
Mean SD MC Error 95%HPD interval
0.044 | 0.008 0.0 [0.035 0.053]
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Table 6: The summary of the result 10 buses are on time
Mean SD MC Error 95%HPD interval
0916 | 0.077 0.001 [0.761 1.0]
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Table 7: The summary of the result 10 buses are delayed
Mean SD MC Error 95%HPD interval
0.048 | 0.015 0.0 [0.022 0.077]
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Table 8: X of Numerical Example

X =B =83 EE ER5
INAT 0.1 0.25 0.4 05
INR2 0.1 0.25 0.4 0.65
INR3 0 0.05 0.15 0.35
INR4 0.05 0.15 0.2 0.1
INR5 0.05 0.1 0.1 0.1
INZ6 0.05 0 0.05 0.1
INRT 0.05 0.15 0.15 0.05
INR8 0.1 0.1 0.25 0.15
INR9 0.05 0 0.05 0.05

INZ10 0.05 0.05 0.05 0.1

Table 9: The results of MCMC for each stop

Mean SD MC Error 95% HPD interval
ER1 0916 0.077 0001 [0.761 1.0]
SR T2 0.709 0.163 0.001 [0428 1.0]
EREFT3 0434 032 0001 [0.203 0.705]
=84 0.266 0.08 0001 [0.117 0422]
BR5 0222 0066 0001 [0.102 0.351]
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Fig. 6 The result from all stop data

Table 10: The summary of the result from all stop data
Mean SD MC Error 95%HPD interval
0.315 | 0.049 0.0 [0.0219 0.41]
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Table 11: The results after changing thresholds.

6, 6 Mean SD MCError 95%HPD interval
ER5 001 099 0008 0.008 010003 0012]
B5 025 08 0707 0.63  0001[0426 1.0]
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An Efficient Improvement of the Equilibrium Solution Search on the Selfish
Routing Game by using SMO

«K. Toyoda, K. Yoshida, T. Okamoto, and S. Koakutsu (Chiba University)

Abstract The selfish routing game is a mathematical model to represent the behavior of the selfish players
who select a path in a network. In the selfish routing game, the result of the selfish routing are known to
converge to a Nash equilibrium solution. The equilibrium solution search problem of the selfish routing game
is formulated as an optimization problem with a linear equality constraint condition and a non-negative
constraint condition. This study proposes a new solution search method using the sequential minimal opti-
mization (SMO). The SMO is known as an efficiency solution search method to solve the leaning problem of
the support vector machine. In the proposed method, the SMO is applied to solve the equilibrium solution
search problem. The effectiveness of the proposed method is confirmed through numerical experiments.

Key Words: Selfish routing game, SMO, Normalization constraint condition
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FIW—TRIRS A =5 FIEHDIHR
ORMIMIT UKBTIRS)  BUHHF (RBIEEAT)

Effect of Parameter Control According to Groups Composed of Individuals
for Differential Evolution

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

Abstract— Differential Evolution (DE) has been successfully applied to various optimization problems.
The performance of DE is affected by algorithm parameters such as a scaling factor and a crossover rate.
Many studies have been done to control the parameters adaptively. One of the most successful studies on
controlling the parameters is JADE. In JADE, the values of each parameter are generated according to one
probability density function (PDF) which is learned by the values in success cases where the child is better
than the parent. It is expected that search performance is improved by learning multiple PDFs for each
parameter based on some characteristics of individuals. In this study, search points are divided into plural
groups according to a criterion such as clustering-based grouping or rank-based grouping. PDFs are learned
by parameter values in success cases for each group. The effect of JADE with multiple PDF's is shown by

solving various benchmark problems.

Key Words: differential evolution, group-based learning, adaptive parameter control

1 FL®IC

##1L (Differential Evolution, DE) & 1995 412
Storn & Price [1,2] IZ &> TREIN-FEHEMICE
I BEEAET VT ALTHY, #EHTLTY XL
(Evolutionary Algorithm, EA) ®—2T® %. DE &
FERIERIE, W A vTREZc T, FERE, g
RHIR Ok 2 il LI EA I N TETE D, Th
S OBIZN U CEETHEEZR T VIV XALTHDZ
EHRINTETWS [3]. 7z, DE IFEMEIEIZ
BT 2EBAHED IV RT 4 ¥ a VITBWTEFR R
2D TS [4-6],

DE OFHDPEML CTETWESERIEE LTI, #
MIZRBEATEBE IR OV T WA - @mBIcEfET 5 Z &,
TNT) AL - NRTGRA=RPAT =) VT 7577 R —
F, ®XKCR, Y1 AN D3 DLHMliTHSZ
ENFEFOEND. L L, NTA-XFEIZL->TDE
DOMERBIFRE <AL, MEIZ K> THEYZRANT A —
REBENRIND T2, 85X —RBEIFIEHIZEER
MEHREE o TWaE. T TV ALNT A—REH
I D ERGIRIE, FROXIITKRITES.

(1) B X 234%% (observation-based tuning): #
R 2B, BREIZGL THEY)LNT A —
RiEEHIRL, NTA—REHIHEST L. 7
7 ¥ 1 #edm & i\ 5 FADE(Fuzzy Adaptive DE)
7, 779425 A&Y v 2 %fI\w% DESFC(DE
with Speciation and Fuzzy Clustering) [8], Hil&
M - 2l % 3% LMDE(DE with detecting
Landscape Modality) [9,10], 7 ¥ ZI&#Z¥D
ENT A — &% ERNT 5 RDE(Rank-based DE)
[11,12] BRI NT W5, FADE TidtAARMIZH
1B N DOB R & BBUEDZ e %, DESFC
TR DA #EIT Y b B E— (partition entropy)
%, LMDE TIEM LICER LY v T VIR
IZEB T BEBUEDZA{L %, RDE TR ADREK
fEICNS 57 7l EBIES LTHWT NS,

FI0OIYE2—F—3FI - 12FUI TV RPRR
(2016 12R168-178 - 8W)
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(2) BRINIT & %% (success-based tuning): R\
PRRNEER UG A2 R E A, Lk
EEDNTA—REPFHEINPT VLS IZ
NIA—REFHIZHTHEST L. b, HEDE
IS5 A — 2 % 46 AR (slf
adaptation) B EINZ K HFHED—FETH B L E X
o5, HAENMZI LY F,CR,N %i{#3 % DE-
SAP(Differential Evolution with Self-Adapting
Populations) [13], HO#IGIZ LD F,CR % i
UMD & 0 RIS ORI R %2 {8
% SaDE(Self-adaptive DE) [14], B U T
F,CR O3l % %3 %5 JADE(adaptive DE
with optional external archive) [15], JADE O
WRT®H 5 MDE_pBX(modified DE with p-best
crossover) [16], SHADE(Success-History based
Adaptive DE) [17], CADE(Correlation-based
Adaptive DE) [18] 7R EDMERE I N T W 5.

(3) (1) & (2) A/ DLE TR . BEBO LAHE
5L T JADE ONS A — R E2EIET S
JADE-HV [19], ¥ 52 JADE ®7 — 541 7 %ffi
9 2RSS 5 JADEaa-HV [20] 72 & 032
HKINTWS.

UL, (1) BEEER RO 2 7 — A7 L 2
HEEZETLODVRETHZ L VHIHELDHD. (2)
T, HREADOEFTRVWERAZR AL GE, &
MART 2 HAIZ ST A —ZDFRINDE. ZD7-
b, RWEERGMPMAES 5 HFH O EREEME %
IEEPEDRTEIZ B NWT, /NI 72 (small success) D F5
IS T A =R DPHEE S 7, KE 728 (big success)
ZREL, FEIZPRLULTLES 2 D5, 20D
MEZ BT 27-DITREINTVWDEDN (3) DAL
Thb.

AWZE T, JHFTEANDIPUR 28 5 72 D TR
AENTWS (2) ICJBT 3 JADE 255 L, JADE
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ZWRT DL HERET L. JADE T, BhiEo s
FTRA—=REEHNT, NTRA =X EBERT D700
ROMTBI5E9ME (hifl) 2%8T5. 2ok
X, —FRED/NT A —RIZH LU T—DDMERS T %
WTW3., LAL, BHlESNZERADOHEEIZE T
RIRDBNT A =R NH%ETFEHTH I L2 &0 RN
210 LTEBAREAH L. ZOHEIE Q) IZaEN
BEEZOHND.

AWRGETIX, ZOABEMZMREES 572002, R
BEEBOINV—TIZREIL, IV —TEBIZNTA—R
DAEEFBTHHERRET S, JV— Dk,
BBED T > 712X > T NV—td %}, k-means
HFIZE 0 WEERIZE > TV =TT B HiEIZ DV
THET 5. oo~y Fv—rEL HE#ELL, T
AT Z i1k, KRFEOERMEERT.

PR, 2. TDEIZDWT, 3. TJADE (2D W T
BIZHHT 2. 4. T, AFEOTILVIY XL EFHHT
5. 5. THDGEE IR U MEREEZRT. 6. 3F &
OTHhHA5.

2 E=5#{ (Differential Evolution)

DEDTATTETILNITY ALZDOWTHHAT 5.
2.1 HBE

Differential evolution (DE) & Storn and Price [1,2]
IZE o TRESNIZEMNTILITY XL THS. DE 1
MR R EHERERIETH O, MEFEZAWS SRR
2179,

DE CRE2PDOEAPRREINTE D,
DE/best/1/bin ¥ DE/rand/1/exp 7% & »% &k < Al
LNTWS. I 6k, DE/base/num/cross £\ 5
FUETRILI NG, “base” 1FHARNRT ML LR BED
BN EEET S, #HlAIE, DE/rand/num/cross
FEARZ PVOTO OB E RN S T > X LITE
R U, DE/best/num/cross &5 M O fx Rk % %
W 2. “num” IFEARS MV EZRIEL-0DD
RN MVOMEBEIRET S, “cross” 3T &k
S 2D T 2 RN G EEET B, HIZIE,
DE/base/num/bin & — & D3R THEIZ T % T 5
X (binomial crossover) &\, DE/base/num/exp
&, FREEBIIZIRA I SR TR F 2 ST 5%
X (exponential crossover) & i\ 5.

2.2 F7I3IAYRL

DE/rand/1/bin ® 7))L 3V XLIFBAFD & 5 123tk
TE % [5,21].

Step0 #IHAfL. N {HDOYIIAMEGAK 2, % EEHRZEM S N
AL, FIAER {x; |i=1,2,---, N} 2k
T5.

Stepl M THIE. RTFEME2HRETHIE, 7LVIV X
LMMIT 5, BTEMEE LTI, HADORDIE
U [ B0 B BGTHI [ B 2 FHW 5 Z 2 8%\,

Step2 ZEMZH. KK (target vector)x; 12X LT,
3f’ﬁ§ Lyr1, Lpr2, Lr3 x xT; BJ:UEV‘C:%%E[J@
WEDIZT VA LITERT 5. AR ML
:BJ:U‘%%’\? ]\}I/ Lyro — L3 73)“5%%/\7 ]\}I/
(mutant vector) m; ZAFD X S IZEKT 5.

m; = &1 + F(xr0 — ,3) (1)

ZIT, FRIRAT=VYINRITA=RTHS.

Step3 XX, ZHEART MV m,; ¥l x, ERXXL, T
ARZ7 MV (trial vector) z$tild 2T 5. RE M
jERETOIRG [I,n] 56T VR LGERT 5. 1
R PV hld @ § BREHOEFEE m,; O j&H
DEZENOMAKT 5. TNLSNDUTEIK, RN
T A =R CR DWERT, m; DERENPSMHKT 5.
o DAL, Blox; »OMKT 5. FEEOME
T, Step2 & Step3 l&—F & £ H DI THEE
INb.

Step4 HfFHER. X7 MVEHMES 5. 72 b
IV ghild RPIRY ML E D B RIFNETRT b
DL LD, BE TR MLVTERT S.

Step5 Stepl IZR 5.

3 JADE

JADE Tl&, A7 =V 27777 X—DVMl pp &
X RDNVYE pop 12 & > TRIFRINT X —R{EDE
BRI, RIIUZRO/NRS A —ZfE%FWT
WG EYEZ2 EH 5. IEEIE, pr=pcr=0.5
ThH5. &k x, DF=DIZ, BB Ar—) v 777
ns.

F; ~ C(ur, oF) (2)
CR; ~ N(ucr, oer) (3)

ZZT, Clup,op) FMNENRXTA =X pp, RENZ
A =& op=0.1 ® Cauchy D EIZHE D MHERDHTH
%. N(ucr,obp) &V por, BYERZE ocr=0.1 O
ERAFICED KRN A THS. OR; IFXM[0,1] &
BBHEDICYDEBETONG. FIZEDEDHZVIZ0D
BEEEERS N, TNUAOEGEIFTITE25 K
2T oONS. FLENTA =R up &Y puer
&, ELLFEZERT 57012, BB EHVE%
HWTHEFEIN5S.

purp = (l—=c)pup+cSp2/Sp (4)
pcr = (L—c)ucr+cScr/Sn (5)

ZZT, Sy BEEYBWFPERE NS L 72
B, Sp, Sp2, Scr WXENETNH L O LV ERI N
f:ﬁkljjﬁ%o) Fi, Fiz, CRl @*DT@% 3_73:;1’)‘5, HCR
WA D A2 BAT I K D FEHIND. ThiZ
HNUT, up ML RETT 572012, RERMEEZE
HUZEAM ST L > TERINS. T8 c 13MH
ZHEFHTHERICMHHI NS XM (0,1] DEATH D, #
BEEIX 0.1 TH 5.

JADE Tl “current-to-pbest“ & X1 5 225848 L
g R E T N, Bl LAERO R RAEARX 2 b
N d, BRARI FMVIRATEREING.

m; = m; + F(xP*" — x;) + Fy(x,0 — ,3) (6)

Z 2T, xPhest |k BN 100p%fifk i & 2 & LITER
IR TH D, p DHERAEIL 0.05 TH 5.
JADE Ti¥7 =4 72T 2 HEbIREINT
WBED, KWFRTIET —HA T2MHHLR\N0, @t
BT ENET 5.
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4 REFZE
4.1 J)L—T1t
AWigE T, HEORLS 2 D20 [ETI/V—T{b%
FEHT 5. UNTE, BHRERAZ {z; |i=1,2,---,N},
TN—TH%E K L$5.
k-means #FHWEI SR Y v JIC&BTIL—T1b
HEDF & FOHNINRT XA =R EZHIET D728,
WEMZE 7 I ARX) Y7 U, HEEOE TV — T2
75, 25AX%E K& LU, kmeans /EIZ k527 5 X
AT ERMHLUTIN—TE2EEHT 5.

(0) #FIAfE. AN L HARDAT VX LIZT T AR
ZEDYMTS, ZDHIZ, K a, 122O20WT, fr
B3I AX O k=1, K 27 VX LIE
RT2. kIFI2IAXFSTHL. B2 A5
&, Z— T2 R D7D, BiOHAR
DY ITARED B TEYMMEE UTHHETS.

(1) ATy S VI ARDEL p, 2HFLWVWI T A
2T 5.

1

Hp = —— xT; 7

a2, "

(2) EIMAT Yy 7 BHEREIEVT T ARIZE DY
T5.

G = (il arg min,[l&; — pll = i} (8)

(3) HHIZEAA LR BB ET, (1) ~NES.
AR x; DTN —THEE group(x;) 1%, FDOMEEKNET
507 ARFEFLILD.
BEEDOZ Y VICL27IL—T1t

BBUE D R WIHIZ &M@ EICZ > 27 r (o =
1,2,---,N) 2153 5%. 22T, RBEOEAD T
231 TH5. ik z;, DTN—TES group(x;) 1%,
ARD & 51275,
v
T )
4.2 JI—=THIIRT A =G I

JADE DX F A — & ilffliz 7 )V — THNAT S 712,
GO N—T k=1, KL TAFORE NS,

group(xz;) = [

F, ~ C(uf, or) (10)
CR; ~ N(NgRa UQCR) (11)
pipo o= (L—c)up + Sk /Sp (12)
per = (L—c)uip +cSEr/SN (13)

ZIT, ph EINV—T kTS F O Cauchy 44
DALEIST A =B, b F TN —T k25 CRD
EHAADONEITH D, S 1T NV—T k2B WTH
FORWTIPERS N B U, Sk, Sk, Sk
BENFNTN =T EIZBVWTHID L WF2R 4k X
NRINRED F;, F?, CR; DRIT®H 5. JADE & [FAlkk
2, CR; XX [0,1] &b K512 Tonsd. F
WTEDED B WX 0 DEEIFEERE N, Thllsto
BEFIDTERE 512y Tons.

4.3 7TV XL
BEFFEOT7TLI) XALILLTOM®EY TH 5.

Step0 /37 A —Z DIk
A=V T77 X—DFH uk = 0.5, KX
ROV b, =05 25 5. T A — ZARHF
DOIE¥ER2% 0p=0.1, ocp=0.1 23 5. 7=7ZL,
k=1, K37V —THETH5.

Stepl fE{KDHIHA{L
HIMIER P = {z;|i=1,2,---, N} 28%R%EM S
HTTURLTERT S, NIZERY A ATH 5.

Step2 #4715
BB 1 85 AN B R BTG [E1 8 F Erax % 88 2 40,
TUTY XL TT 5.
JRIIRED 8T A — X% R{FFT 5 ) A b Sk %22
29 5.

Step3 7 — 71k
DI AR) VAT EBITN—TIDGEIZIX, k-
means JEIZ LD 725 AR VT E2TW, BEED
IN—TEERWET D, TV 212&B7NV—T
fEDGETIE, FERERM {x;} 2 BEBEIZ DWW T
V—bL, Tv7rRD, IN—THSERE
5.

Step4 DE #/E

BMER 2, (2 DNWT, TIN—TES k= group(z;)
ZRDD. KNHE CR; % EBDH N(uf g, 02r)
THERT 5. A=Y > 277 72 X— F; % Cauchy
D C(ph, op) WD EERT Z. T A—X%
F;, CR; £ LT DE/current-to-pbest/1/bin ##{F
BFETL, Thild 24EgT 5. FOREIORY
UL, bW L, TEREFEE UTERL, K
DT A — R (F;, OR;) 2V A~ Sk 238
T5. BRI, Bla 2EEEET 5.

Steps /37 A — X DFHH
BTCOIN—=TIZBNVT, ph & b, % SFIcH
DWTHHT 5.

Step6 Step2 ~NRE 5.

RETFLEOFL I — N 2X 1I1ZRT. + THE AT
&, JADE IZX$ AAHHEZRLTWA.

5 25
5.1 T X MHERE

£ 112, 7 A MIEOREEE & T OWHLEK %
RY. BB, DIFRTHERLTNS.

RITE D = 3012 &L, JADE @7 )L3Y X
LNTA—=RIFJADE LRIUEDEFEHLZ. T4b
b, RSN = 100, FAEDHIHUE 1y = pgp = 0.5
(k=1,---,K), /X7 A—RERREDREE X 1177 fEHE(R
Fop=0cr=012T5.1B, J7AZX) 72k
50 N—TBE I OBEBED S v 21z b 70 —T1k
AL, V=T K=23 ¢ L. KREBIZOWT
50 M DFRIT 217\, JADE OFGHR & k217 5.
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JADE with groups/current-to-pbest/1/bin()
{
+ ph = pfR=0.5 (1 <k < K);
op = ocpr=0.1;
// Initialize a population
P=N individuals generated randomly in S;
FE=FE+N;
for(t=1; FE < FEpqz; t++) {
+ Sk=9p Q1<k<K);
+ Divide P into K groups according to a criteria;
for(i=1; + < Nj; i++) {
+ k=group(z;);
+ CR; = uép + N(0,08R);
if(CR; < 0) CR;=0;
else if(CR; > 1) CR;=1;
do {
+ FL'=/,L’;;~+C(O7G'F);
} while(F; < 0);
if(F; > 1) F; =1;
2P’**! = Randomly selected from top 100p% in P;
x,1 = Randomly selected from P(rl & {i});
x> = Randomly selected from P(r2 & {i,r1});
m; = a:i+Fi(wpr5t — :I:i)"'Fg(il:r,-l — (Br,vz);

child

Ty

= generated from x; and m;
by binomial crossover as a trial vector;
FE=FE+1;
// Survivor selection
() < f(2)) |
2 = m:hild;
St =8 U {(F;, CRi)};
// a success case is added to SF
}
else z; = x¢;;
}
P={z;};
+ for(k=1; k < K; k++) {
+ if(|S*| >0 {

* = (1= ol + CEF,iGSk F?/EFiGSk Fis
+ BeR = (1*C)M15R+CZCR1_€SIC CRi/|S*|;
}
+ o}
}
}

Fig. 1: The pseudo-code of proposed method
5.2 RRER

JADE & 2 EF RO R %2 £ 2 1TRT. f2EFIR
IZDWTIE, 77 AR v I %AWz 54E (clustering),
BBUED Z > 7 & W= 554 (rank) IZDWT, Z)L—
THK=2,3 DGEER Uz, &I RS I £K
FEpa: BEOKRITITE T 5 REMOEIMHE & ik
fRA%m U7z, 5612, Wilcoxon signed rank test %
7\, JADE 2 U CTHEICENTWELGAIZ +, A
BIZE o TWEGAIC —, AREVNRVEHIZ = %24
UK. b, BRKESKROEGEE 4+, —, HEKIE
1%DHBEE ++, —— TRELTWVWD., 2TOTILIY
ALHTHREDOMERE KFETRUT.

REFRIBWC, BBEDOT 27128527V —7
{bDGE, JNV—T8R2DL EIZIEHDEEE f1, fi.
BRI - 72 BBUE . TV — TR 3 DL E1k 8
THDBIEKL f1, f2, fo, fs~ fr0, fi2, fi3 \CBWT JADE
IR U TEAMIZENTE D, BAIZS - 72BE8IE R
W, ZIARY VI EBIN—TIDGE, Tv—
T2 DE ZX fs DATEMMIZEBNTED, o7z

Table 1: Test functions of dimension D. These are
sphere, Schwefel 2.22, Schwefel 1.2, Schwefel 2.21,
Rosenbrock, step, noisy quartic, Schwefel 2.26, Rast-
rigin, Ackley, Griewank, and two penalized functions,
respectively [22]

Test functions Bound constraints
fi(@) =37 o [—100, 100]”
D D
fo@) =377 lwil + [, |l [~10,10)P
D i 2
fs@) =", (ijl ) [~100, 1007
fa() = max; {|z;|} [—100, 100]”
D—
fs(@) =307 [100(@ig1 — o) + (i — 1)?] [~30,30)”
fo(m) = >0 |wi +0.5)2 [~100, 100]”
fr(m) =327 iad + rand(0, 1) [-1.28,1.28]°
D .
O At Y o
D
folw) =57 [xf — 10 cos(2mx;) + 10} [-5.12,5.12]°
fro(®) = —20 exp <—0.21 /L ED=1 zf) [—32,32]P
1 D )
— exp (5 Zi:l cos(27rml)) +20+e
D D x;
Fii(@) = g > @ =[] cos (41) +1 [—600, 600]°
fia(z) = F[0sin®(ry1) + Yy — 1)? [-50, 50]”
{1 +D10 sin®(ryi41)} + (yp — 1)7]
+> 7 u(=s,10,100,4)
i=1
where y; = 1+ 3 (2; + 1) and u(z;,a,k, m) =
k(z; —a)™ T >a
0 —a<z;<a
k(—z; —a)™ 1z, < —a
fra(z) = 0.1[sin?(3ra1) + Y Hws — 1)? [—50,50]°
{1 + sin®(37wii1)} + (@p — 1?
{1 +sin?*(27zp)}] + Zi=1 u(z;, 5,100, 4)

BTN, IV —TER 3D &k fy, fs TENT
WBMW f; TEHoFERE R -oT WS, Lo T, 7
SARY) LB TN —TIDRRIFE DS, B
DIV 7I2&27NV—TD%FRITE L, JADE &
FA%ELL EOBENZ M2 B TELLEEZONS.
I BV 5 B BAEAR O BIBUE O ¥ S L O k.
ok, OHDOEEFRD 72012, HIEHEEETH
5 H0777%X217, ZIEEREBTHS fig DY
77 %M 31T Y. BREHXBIBGEHE R T H 5. #HE
iz >WTIE, & EBIIBIEUE, i T rank(K=2),
rank(K=3), clustering(K=2), clustering(K=3) D¥%;
BIZBI D ph () & pk (G OZERLTWS.
BRI L 5 70— iz, B0 £
Tl, JADE Ofi& LT, BRIV —TD pl
B puly oINS <D, BERTHRVWIIL—TD
pE BEO pE, OEIFKREL RN DD, Ll
DB f10 THRBRDMERIZH B, L= >T, Z—
T2 & 5T JADE & #7325 35 A — X Ol 58
I, BRYROM LR - EZEZONE. Th
ZXHLUT, 29AZ) vz & b7 V—Thizs\nT
3, BIEVERE, ZIEMBIBOWTIIZBWTS uh B
KO pk p DT B 7N — T DEIINE L, 1T
AEDT N —TIZB\WT JADE & [AREDHIE b
TW5. ZD7=d, Z)V—7{LTH JADE & [FFfEE
DYRMRE o EZ5N5.
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Table 2: FERKSEHE

FE. oz JADE rank K=2 rank K=3 clustering K=2 clustering K=3

f11150,000| 9.38e-59 £ 6.5e-58 4.32e-66 + 1.3e-65 3.36e-64 £+ 2.2e-63 1.41e-56 £ 9.8e-56 3.48e-61 £ 1.7e-60
++ ++ = =

f21200,000| 4.19e-31 + 2.4e-30 5.10e-32 4+ 2.7e-31 2.57e-37 + 1.6e-36| 9.81e-28 &+ 6.8e-27 3.80e-29 + 2.5e-28

f31500,000(|8.17e-62 + 3.0e-61 1.77e-59 + 1.2e-58 2.25e-60 £ 1.5e-59 2.70e-61 + 7.8e-61 2.07e-60 £ 1.2e-59

f4 1500,000| 2.01e-23 + 9.8e-23 1.20e-24 + 4.3e-24 3.70e-24 £ 1.0e-23 9.18e-24 £ 2.7e-23 4.16e-23 + 1.5e-22
+ = = +

f51300,000| 5.78e-01 4 3.5e+00 7.97e-02 £+ 5.6e-01 7.26e-01 + 3.5e+00 | 1.59e-01 + 7.8e-01 |6.88e-02 + 4.8e-01

fe | 10,000 |3.02e+00 + 1.3e+00|1.78e+00 + 1.2e+400|1.98e¢+00 + 1.1e+00|3.02e+00 £ 1.1e400|2.76e400 4 1.4e+00
++ ++ = =

f7 1300,000(6.04e-04 + 2.4e-04 7.11e-04 + 2.3e-04 6.80e-04 £ 2.2e-04 6.62e-04 £ 2.3e-04 7.31e-04 £ 2.1e-04

fs1100,000{2.37e+00 £ 1.7e+401 2.46e-05 £ 3.1e-05 1.18e+401 + 3.6e+01|2.23e-05 £ 1.9e-05| 2.30e-05 + 2.3e-05
+ + ++ ++

f91100,000| 1.01e-04 + 3.9e-05 5.64e-05 + 2.8e-05 5.95e-05 £+ 3.0e-05 9.19e-05 + 4.1e-05 9.79e-05 £+ 5.6e-05
4 ++ = =

f10]| 50,000 | 9.20e-10 + 6.4e-10 4.22e-10 £ 3.0e-10 3.41e-10 + 3.1e-10| 9.01le-10 £ 7.8e-10 7.80e-10 £ 6.3e-10
o+ 4 = =

f11] 50,000 |1.15e-08 + 6.9e-08 1.97e-04 + 1.4e-03 3.46e-04 £ 1.7e-03 1.10e-07 £ 4.7e-07 8.81e-07 £ 6.0e-06
+ = = -

f12| 50,000 | 2.40e-16 + 1.6¢-15 | 4.99e-18 + 2.6e-17 | 1.37¢-18 + 5.5¢-18 | 2.98¢-17 + 1.6¢-16 | 2.00e-17 + 7.2¢-17
++ ++ = =

f13] 50,000 | 1.15e-16 + 2.2e-16 2.17e-17 & 5.1e-17 1.69e-17 £+ 7.5e-17| 2.39e-16 + 7.2e-16 2.57e-16 £+ 1.0e-15
++ ++ = =

+ — 9 8 1 2

= 4 5 12 10

— — 0 0 0 1

6 HbhiZ the 2006 IEEE Congress on Evolutionary Computa-

AWFETlX, EAEERE2 —EORE LD TNV —T
LU, ZNV—FHIZ JADE O35 A —X &4 55

RERELL.

TN—T{hoFEHEL LT, BEED S

VO YHRBEIZ X B T AR v\ D 2 FEEED HE
ERELZ. 2055, BEEDT Y 71z&EI< T —
TR TEDOHEAE T IV TH S JADE & v ENM
BEVFEHETELZ 2R LT

AL T, TV —TEWN 2.3 DEGEEMRG L 7D
WY R TN —TBIZOWTE SITHRET D0 EDH 5.
BUE, ph % plp OFEMEE 05 L TWSA, &b
R I D BAE TIEIZ DOWTHRET T 308 H 5.
F 7z, B ERAEAR AR N 2 R 7R f N D W
THERFTLEEVWEEZEZT WS,

5

ZOWED — X, RWFFEIE JSPS BT E

26350443 DR & Z 1 7.
23 3k
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Comparison with Difference of Gaze Direction of Cornering using Optical Flow
on Spherical Image

Y. Nagai, H. Masuta, Y. Okajima, T. Motoyoshi, K. Sawai, K. Koyanagi and T. Oshima
(Toyama Prefectural University)
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Abstract— Recently, various companies have developed an automatic driving vehicle. However, it is problem
that people have a feeling of strangeness to the automatic control while a vehicle cornering. For comfortable
cornering control, cooperation with gaze direction, the run trace of the vehicle and flow of the view are
important to the comfortable cornering. We focused on the relation between gaze direction and flow of the
optical alignment on the retina. Therefore, we compare the difference of gaze direction using optical flow
according to sphere image. And, we discuss the relation between the gaze direction and the optical flow in
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the spherical view.

Key Words: Spherical Image, Optical Flow
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Fig. 1: UCEV "TORICLE Zero”

WA WD KER IR D A 75 1 7‘7)1/71:1 % i d %
Z2T, SR ARDEIEE IS X BHBIZDONWTHER
T5.

2 R
2.1 BNEEKEHE
PEA 2t L BB & LFEFYS U 72N E R E #)
B [10-1000 ] (BUF, UCEV &9 %) OAMEL & (k%
% Fig.1, Table 1 (2”9, ARHWIX 2 AFED TEHK
4.5kW] DERE)E — 2 BHFEWINT WD, 51T, A
FTVVITE=RR, TV—FE—X&, Fif- ezl
AR avaRy b, TLTINS ZHIHET
5 ECU Z## U7, £/, Y—FEHEOT7 L —L41F
ERERAATEBMO M SNEHBICR->TEY, &
AT THRELRESDETHARETH 5.
2.2 2XRBKAAZ
AHSE T IR IR O E R % #5512 RICOH #Ex 4o
@%ﬁﬁx5TmﬂAS%ﬁ%T5.::ﬁ,ﬂﬁHA
2k o T S N7zl % Fig.2 IZ/R"3. THETA S
@tﬂ%%imbm2 1279, THETA S 12 DML
v R ESRAER AL 0 FRE N 2 MO FE
Wiz AEDES ZLIZEoT, EFAL 360 ] @

PG0010/16/0000-0025 © 2016 SICE



Table 1: Specification of UCEV

Table 2: Specification of THETA S

Overall Length 2490 [mm] Photographing 10 [em] ~

Overall Width 1290 [mm] Distance

Overall Heigtht 1680 [mm)] Projection method Equisolid Angle Projec-
Wheelbase 1730 [mm)] tion

Weight 500[kg] External Interface Micro USB 2.0

Maximum Speed 60[km,/h] HDMI-Micro(Type-D)1.4
Differential Gear Ratio | 7.448 Live streaming resolu- | M : 1280x 720/15{ps

Drive System

Rear - drive

tion(USB)/frame rate

Suspension

MacPherson Strut

Live streaming reso-
lution(HDMI) /frame
rate

L : 1920x 1080/30fps
M : 1280x 720/30fps
S : 720x 480/30fps

Front Wheel Brake Disc Brake
rear Wheel Brake Drum Brake
Rated Output of Mo- | 4.5 [kW]

tor

battery Lead Storage Battery
12V/42Ah x 6
Lead Storage Battery

12V/28Ah x 6

Fig. 2: A Snapshot of Spherical Camera

Wilgx I3 5 2 L ATTRETH 5. Hell B0 B
EHETABCIEI A —TORETIRE T A ENTE
BHATHBEL 7S, THETA S ToHAE 1 O
T R4 180[ | DM & BT % 5 7 e
EAPEIE I EYCTH S L HWF L. £7, LKER
1A 5 EERTE L > 20T A U726 % i B I LT
W3, AEOMEEHRIRTH D, = ORFE~DID A
S ABOYMED ¥ 525 LB LT W78, AR
BRI 27 W R B A Th B L BB,

3 MEEHOFETAA—D
3.1 IREER & EEERD IS

KIRFG DA TF 1+ HL 70 —%RDBITIE, $
XN OFHE R TlE A < §H52 X 0 5 AT O BRI 4k
TUROEE2EZ 20 ERH S, mExslE, AM
DA EDYEDFHEINAL 2GR % 155 72 DI I IED
EOIZERE ETHOTNEEZ L2 BEDRH L. TDT-
&, FHIZHRE SN TSGR E BRI E A IZE T 5
MENRH D, T, BRE MG L SFHiE SO NG %
Fig. 31ZRT. FVRARKIE, AHT 0L xiflio

r:2fsing (1)

0 YZ MR EOSTIZH¥I 5. THETA S I, Bk
HANAR XN/ % Live Streaming View € — N Ty
3 B354, 600 x 600[pixel] DFHEBGIZHZT 5.
I, BRIE R SEEIZHE S N m 2 R T8 5.
ZZT, fififi%z o, WA E & &9 5 L BRME LD

® : Incident point
X A Point to be projected
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Explanation of Approaching Object using Optical Flow on Spherical Image

xY. Okajima, H. Masuta, Y. Nagai, T. Motoyoshi, K. Sawai, K. Koyanagi and T. Oshima

(Toyama Prefectural University)
E. Takayama (TAKAYAMA CARS. Co., Ltd)

Abstract— In recent years, it is important for driving support systems to use cameras. The conventional
method often applied the Time-To-Collision (TTC) as Control of driving support systems. However, the
control method of TTC doesn’t match the driver’s feeling. Therefore, the driver feels uncomfortable. To
correspond to a human sense, a vehicle control needs human like perception. In this paper, we use a sphere
camera which is projected on the spherical coordination like a human retina. We show that an optical flow
on the spherical view when a vehicle collides with an object.

Key Words: Optical Flow, Spherical Image
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Table 1: Spec. of UCEV”TORICLE Zero”

Overall Length 2490[mm)]

Overall Width 1290[mm)]

Overall Height 1680[mm)]

Wheelbase 1730[mm)]

Weight 500(kg]

Maximum Speed 60[km /h]

Differential Gear Ra- | 7.448

tio

Drive System Rear-drive

Suspension MacPherson Strut

Front Wheel Brake Disc Brake

Rear Wheel Brake Drum Brake

Rated Output of Mo- | 4.5[kW]

tor

Battery Lead Storage Battery
12V /42Ah x 6
Lead Storage Battery
12V /28Ah x 1
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Comparison between PSO and FA about Agent’s Moving Direction
* H. Xiao, M. Oi, and T. Hatanaka (Osaka University)

Abstract—

Optimization problems have been focused on for so many years. Some smart solving methods

have been thought out for them. Swarm intelligence algorithm have been developed as one of these methods.
There are so many famous swarm intelligence algorithms such like particle swarm optimization and firefly algo-
rithm. Since their dynamics models are different, we focused ourselves on the position changing while agents
moving. In this paper, we will discuss on the difference between an actual moving vector of swarm model and
the gradient of the objective function. Some experimental results are shown and discuss on the feature of each

swarm model.

Key Words:
Problems, Gradient Method

1 Introduction

Complex optimization problems have attracted so many
researchers for dealing them in lots of years. To these opti-
mization problems, people thought thousands of ways to
solve them. And it is known that Computational intelligence
23 is a great thought that can help us to deal with real prob-
lems around our actual world modeled as function optimiza-
tion problems. As specific applications of computational in-
telligence, some kinds of nature-inspired algorithms have
been developed in this two decades such like the swarm in-
telligence algorithm* >, There are numerous ideas about the
swarm intelligence algorithms like: particle swarm optimiza-
tion (PSO) 7, firefly algorithm (FA)* ), brain storm optimi-
zation (BSO) ', cuckoo search!?, bat algorithm'> '3, artifi-
cial bee colony (ABC) '* !> and so on.

There are so many swarm intelligence algorithms. They
performed different for solving different optimization prob-
lems. And the algorithms can also performed different
among themselves. Since the algorithms have different prop-
erties, it will be important to know the differences between
them. In our research, we focus on the agents’ movements
while the algorithm running.

For swarm intelligence algorithms, agents will follow the
inherent dynamics models to move in the search space. Their
moving vector will be changed through some rules in every
iteration. So we paid attention to that it is important to re-
search on how the agents moving. And through the gradient
of the objective function, we can compute and analysis the
agent’s moving vector and the true gradient, then it will help
us understand how the agents changing moving directions.

2 Swarm intelligence

2.1 Particle Swarm Optimization (PSO)

In PSO, particles which were used in the algorithm were
randomly placed in the search space. For computing the op-
timum of the problem, we should let the particles moving
with a variable speed (step size). Moreover, each particle will
compare its current position with its best position so far. Then,
the agent will memorize its best position. Through numerous
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iterations, agents will memorize their best position and com-
municate with each other. Then we will get the global opti-
mum.

In the PSO algorithm, every agent’s current best value
DPpest Was renewed in every step. At the same time, the
swarm’s optimum g,,.;; was also renewed with agents’
communication. And the velocity of agents would also
change with the time.

PSO’s update equations were defined as follow:

1
X = xf 4ttt €Y)

{ULFH = wv{ + 171 (Phese — %) + €272 (Ghest — x{)

Where, w is an inertia weight, c¢;, ¢, are constants, 7y,
1, are randomly selected from the uniform distribution over
[0,1]. v} is the velocity of particle 7 at t time, while vf*! is
the velocity at #+1 time.

2.2 Firefly Algorithm (FA)

FA is an efficient swarm intelligence algorithm which was
developed by Xin-She Yang. This algorithm simulates the
flashing behavior of fireflies. In the nature, fireflies can flash
when they moving so that they can communicate with each
other for finishing some work.

When the firefly flashing, its intensity will attract others to
come together. When researchers applied this behavior to
solve the complex optimum problems, they found that it was
good at searching method for finding global optimums.

When the algorithm start, agents will be placed in random
locations (not beyond the limit range). Compare their inten-
sity then move the agent which is less bright to the brighter
one. It should be considered that the brightness will be
changed with the distance 73;. So attractiveness would be
varied. The attractiveness will be changed base on the dis-
tance between agent i and ;.

FA’s update equation was proposed as below:

xt = xt + el 02 4 qe, (2)

PG0010/16/0000-0035 © 2016 SICE



Where a is a parameter controlling the step size. & is a
vector. v is the absorption coefficient.

3 Numerical Experiments

For get to know how the agents moving with different dy-
namics models, we did the test with PSO and FA for some
minimum optimization problems. In which we will record
the angles between actual moving vector and theoretical
moving vectors for all the agents. And we also compute the
minimum angle value, medium value and the maximum
value. All the data will be shown in the results.

There are some functions that we used for test. Their models
will be shown as below.

®  Sphere function
d

(0 = ) x? ®)

i=1
®  Branin function

fpr (x) =
a(x, —bx? +cx; —1)2+s(1—t)cos(xy) +s (4)

®  Shubert function

fon(x) =
5 5
(Z icos((i + Dxq + i)) (Z icos((i + Dx, + i)) (5
i=1 i=1

The results were shown as below. There are two figures
for each function test with PSO or FA. In one figure (fig. 1-
1, 2-1, 3-1, 4-1, 5-1, 6-1) it’s shown that all agents’ mean
angle value in 50 implement times. In another figure (fig. 1-
2,2-2,3-2,4-2,5-2, 6-2) it’s shown that the minimum, me-
dium, maximum value of the agents’ mean angle values. The
horizontal axis means generation times, while the vertical
axis means the angle value.

Table 1 Parameter setting

Parameter Setting

Agent numbers: 100

PSO parameter: c¢;=1.4, c,=1.4, w=0.7
FA parameter: 0=0.01, =1.0, y=0.05
Iteration numbers: 50

Implement times: 50

Dimension: 2

Search space range: [-5, 15]

From the test result, we can see that in the result of PSO,
agents’ angles were so different in each implement time.
While in the result of FA, agents’ angles distribution is so
similar in every time. For in PSO, agents’ mean angle values
were so different distributed. We thought about explanations
for these. We thought that for the FA, agents can move with
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Fig.1-2: Minimum, medium, maximum value of the angles in
PSO for Sphere function.
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PSO for Branin function.
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dramatic changed moving direction. There can even exist
opportunities for the agent to moving with an opposite
direction. So in the FA model, agent’s moving direction can
be changed in a large range. While in the PSO model, agent
will moving basing on the personal best position and global
best position. So the agent’s moving direction will be
changed in a limit range. For PSO agents, they would do
oscillations while they searching for the optimums. So the
agent’s angle values be distributed so different.

4 Conclusion

Either PSO or FA are also typical swarm intelligence
models. We focus on the property differences between these
two algorithms and interested in find some interesting things
with debating on the agents’ moving behaviors. Gradient
method helps us to figure out the differences of agents’
moving direction between PSO and FA. Through some tests
about the minimum optimization problems, we show the
differences between PSO and FA.

In this paper, we showed the differences about the agent’s
moving direction changing between PSO and FA. But we
still need to figure out the specific reasons and provide out
thoughts. There are still lots of things that we need to do in
the future. Since the differences of the dynamics models, we
will try more tests for finding other differences. About our
future work, we will try other ways like changing swarm
structures to figure out how these the swarm effect the agents’
movements. And we also interested in how the different
models work with each other.
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Investigation of parameter sharing among multimodal deep autoencoders

«H. Sasaki, M. Masaya, F. Hamatsu and T. Hamagami (Yokohama National University)

Abstract— Deep Learning has high potential to learn complicated representation and can be applied to
multimodal representation learning. In previous studies of multimodal deep learning, the strategy of sharing
neurons among modalities is generally used. However, the neuron sharing strategy is mainly intented to
learn common features among modalities and has risk to ignore modality specific features. In this study,
we employ the strategy of sharing parameters of deep autoencoders in order to get both common features
and modality specific featues. Our experiments investigated properties of parameter shared multimodal deep

autoencoders.

Key Words: Multimodal, Deep learning, Autoencoder
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Table 1: Hyper parameters for DNNs.

learning rate 1.0e-2
mini-batch size 500
epochs 100
activation function(Encoder) ReLU
activation function (Decoder) Sigmoid
loss function Cross Entropy

Table 2: Hyper parameters for SVM.
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Table 3: Accuracy of digits classification with SVM.

Degree of Accuracy Accuracy
parameter sharing | (Left noised) | (Right noised)

A=0 0.6938 0.7688
A=1.0e—8 0.6964 0.7816
A=10e—-7 0.7042 0.7796
A=1.0e—-6 0.6954 0.7746
A=5.0e—6 0.6778 0.7386
A=1.0e—-5 0.5912 0.6710
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Detecting Masses in Mammograms Based on Transfer Learning of
A Deep Convolutional Neural Network

xS. Suzuki, X. Zhang, N. Homma, K. Ichiji, Y. Uozumi, Y. Takane, Y. Kawasumi,
T. Ishibashi, and M. Yoshizawa (Tohoku University)

Abstract— In recent years, deep convolutional neural networks (DCNNs) have attracted great attention due
to their outstanding performance in recognition of natural images. However, their performance for medical
image recognition is still uncertain because collecting a large-scale medical training data is difficult. To
solve the problem, we propose a transfer learning strategy for mass detection in mammograms. A DCNN
that includes five convolutional layers was used in this study. We firstly train the DCNN using a large-
scale natural image dataset for classification of 1,000 classes. Then, we modify a fully-connected output
layer of the DCNN and subsequently train the DCNN using a relatively small-scale mammogram dataset
for two classes classification: mass and normal. The experimental results showed that sensitivity of the
mass detection was about 90 % and false positive was 20 %. In addition, we generated class model images
numerically and verified the validity of mass feature extraction. These results demonstrated that the DCNN
trained by transfer learning has a potential for mammographic mass detection.

Key Words: Deep convolutional neural network (DCNN), Computer-aided diagnosis (CAD), Mammogra-

phy

1 Introduction

For years, breast cancer is the most common cancer
and one of the leading causes of death among women
in Japan V). In order to reduce breast cancer mortal-
ity, it is important to detect and treat breast cancer
in its early stages. As the one of the most effective
tools for early detection, mammography has widely
been used for routine breast cancer screening.

However, due to the increase of the number of ex-
aminee, reading a large number of mammograms be-
came a burden for doctors and it might cause misdi-
agnosis that leads to unnecessary biopsies or mastec-
tomies.

For reducing the work burden of doctors and im-
proving their detection accuracy, computer-aided di-
agnosis (CAD) systems that use computer technolo-
gies to detect abnormalities in mammograms have
been developed 2. The CAD systems are almost focus
on detecting three typical abnormalities in mammo-
grams: microcalcification cluster (MCC), mass, and
architectural distortion (AD). In this paper, our fo-
cus is on detection of mass because the mass is one of
the most important signs of malignancy ®. In mam-
mograms, mass usually has a circular shape and it has
tendency to be denser in the middle compared to its
edge.

Conventional mass detection methods % % 6 7) are
based on the following three phases: 1) mass candi-
date or region of interest (ROI) detection using image
processing techniques; 2) extracting feature vectors of
the ROI based on special knowledge; 3) classifying the

FI0OIYE2—F—3FI - 12FUI TV RPRR
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ROI into normal or mass classes. However, it is dif-
ficult to design the features sufficiently representing
the characteristics of masses for distinguishing them
from others.

In recent years, deep learning technologies has at-
tracted great attention in artificial intelligence (AI)
due to its successes in various research fields, such
as pattern recognition, computer vision and big-data
analysis. As one of the most successful techniques
in deep learning, deep convolutional neural networks
(DCNNs) achieved outstanding performance in recog-
nition of natural images 8. The DCNN can obtain
feature representation and classification rules from
training data automatically without hand-designed
feature extraction. However, the DCNN performance
for mammographic CAD is still uncertain because col-
lecting a large amount of training data is difficult. In
addition, due to the difference of patterns between
the natural image and the mammogram image, the
performance of the DCNN in obtaining the feature
representation is also uncertain.

In this paper, we present a transfer learning strat-
egy to solve the above training problem of the DCNN
for a mammographic CAD application. In this strat-
egy, a large-scale natural image dataset is firstly used
for pre-training of the DCNN, and then a relatively
small-scale mammogram dataset is used to retrain it
for transfer learning.

In addition, in order to verify the mass feature
extraction performance of the DCNN, we employ a
class model visualization technique %> '°) to numer-
ically generate a mass image which is representative

PG0010/16/0000-0043 © 2016 SICE



Telephone
Tabby cat

Cock

Earthstar
Volley ball

I-nput:

| conv1 || conv2 || conv3 || conv4 || conv5 || pool5 || fc6 || fc7 || fc8 | Output:

an image | norm1 || norm2 |
| pool1 || pool? |

class scores
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of the mass in terms of the DCNN class scoring model.

Experimental results showed that the proposed
DCNN is capable of perceiving the difference between
the mass and normal regions.

2 Proposed Method

In this study, we adopt a DCNN, called AlezNet ®,
for our application.

2.1 Architecture of the AlexzNet

As shown in Fig.1, the DCNN contains eight layers
with weights including five convolutional layers and
three fully-connected layers. The input of the DCNN
is a three-dimensional (3-D) intensity volume (R,G,B)
of an image. The outputs of the DCNN are class
scores over 1,000 classes for ImageNet classification
11)

Here, we briefly describe each layer of the DCNN,
and the details can be found in ®.

The layers of convi-5 in Fig. 1 are the convolution
layers. The weights of the convolution layers consist
of a set of learnable filters. Each filter is convolved
across the width and height of the input volume, pro-
ducing two-dimensional (2-D) activation map of the
filter. Adjusting the parameters (weights and biases)
by training, the DCNN will learn filters that are ac-
tivated when they see some specific visual feature at
some spatial position.

Suppose that a convolutional layer is the [-th layer
of the DCNN, [ = 1,4,7,8,9. The input of the layer is
the output of the (I — 1)-th layer, where the output of
the 0-th layer implies the input image itself. Each neu-
ron consisting of the convolutional layer is connected
to the local region (p = 1,..., H,q = 1,...,H) in the
input. Let zﬁj_kl, k =1,..., K be the input volume of
the convolution layer that has K channels. Using M
distinct filters hpqkm and bias by, (m = 1,...,M) , the
convolution is given by

K H H
-1
Wigm = Z Z Z§+p,y)‘+q,khqum +bm (1)

k=1p=1qg=1

where hpgrm is a filter consisting of weights of each
neuron.

Subsequently, we apply an element-wise activation
function called rectified-linear (ReL) function to ig-
nore meaningless negative activation and reduce the
amount of computation, given by

uijm = f(uijm) = max[0, wjjm] (2)

where ! jm 18 the output of the convolution layer.

The layers of pooll, pool2, and pool5 in Fig. 1 are the
pooling layers. The pooling layer performs a down-
sampling operation along the spatial dimensions to
reduce the amount of computation and improve the
robustness against position variation. Let x4 be an
input of the pooling layer in the local region P;; , the
max pooling is written as follows.

max  Zpgk (3)

Zijk =
(p,q)E€Py;

The layers of norm! and norm2 in Fig. 1 are the
normalization layers. We used a local response nor-
malization (LRN) layer ® in this study. Its function
is to encourage competition for too large activation.

The layers of fc6, fc7, and fc8in Fig. 1 are the fully-
connected layers. Neurons in the fully-connected layer
have full connections to all neurons in the previous
layer. By letting x;(i = 1,...,I) be the output of
the i-th neuron in previous layer, the total input of
the j-th neuron in the current fully connected layer is
written as follows.

I
u; = ijifl;i + bj (4)
i=1

where wj; is the connection weight from the i-th neu-
ron in the previous layer to the j-th neuron in the
current layer, and b; is the bias of j-th neuron.

The output of the fully-connected layer is calculated
by applying activation function to u;. In layer fc6
and fc7in Fig. 1, the activation function is ReL given
as Eq. (2). In the layer fc8 in Figl, the final layer
of the DCNN, the activation function is the softmax
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Fig. 2: The fine-tuning transfer learning for mass detection in mammograms. (a) The DCNN is pre-trained by
using a large-scale image dataset for 1,000 classes. (b) We modify the last layer into two neurons, corresponding
mass and normal classes respectively, and subsequently retrain the DCNN using a small-scale mammogram

dataset.

function which produces class scores over K classes
for the classification task, given by
exp(ul®
y =2 = = p(uy )(L_) (5)
Zj:l eXp(“j )

The total sum of outputs yi, k = 1,..., K, is always
1, and each output gy corresponds to the predicted
probability that the input is belongs to the class ¢ .

The layer of fc8 consists of 1,000 neurons, and each
neuron outputs the class scores that represent the pre-
dicted probability that the input is belongs to each
class of ImageNet classification V).

2.2 Transfer Learning

Transfer learning is a machine learning technique
which aims to extract the knowledge from one or more
source tasks and applies the knowledge to a target
task 2. In many cases, it is expensive or impossi-
ble to collect enough amount of training data for the
target task. In such cases, the performance can be
improved by transferring the knowledge from source
tasks that have sufficiently enough amount of training
data, to the target task of interest.

In this study, it is difficult to collect a large-scale
mammographic training data to train the DCNN.
Therefore, we used a fine-tuning strategy that is
a type of transfer learning techniques to train the
DCNN.

As shown in Fig. 2(a), the DCNN is firstly pre-
trained by using ImageNet dataset ™) for classifica-
tion of 1,000 classes. Then, the last fully-connected

layer is replaced by a new layer for classification of
2 classes: mass and normal. The modified DCNN
is subsequently retrained by a small-scale mammo-
graphic image dataset, as shown in Fig. 2(b),

2.3 Class Model Visualization

Class model visualization method % 1°) is one of vi-
sualization methods that gives insight into the feature
extraction of the DCNN. The class model is an input
image of the DCNN which maximizes the output of a
neuron of interest. The class model image I can be
numerically generated by iteratively optimizing inten-
sities to maximize an objective function as follows.

I'= arg}fnaX{Sc(I) = NelZlI3 = Al IVII3} (6)

The first term S.(7) is a class score of class ¢, com-
puted by the last fully-connected layer of the DCNN
for a mean-subtracted input image I.

The terms A\jo||Z||3 and A, ||VI||3 are image regu-
larizers. ||I]|2 denotes L2-norm that restrains image
intensities from being too large, given by

Il = > /a3 (™)

where z;; is a pixel intensity at position (i, ) in the
input image. ||VI||z is total variation (TV) which
smooths the image by reducing unnecessary intensity
changes, while maintaining meaningful edges, as fol-
lows.

191 = 574/ (igs1 = 26)2 + (@15 —25)2 (8)
,J
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In Eq. (6), A2 and A\, are coefficients adjusting the
effectiveness of regularizers.

By maximizing the objective function in E. (6), we
obtain a interpretable image I which maximizes class
score S..

In this study, we employed this class model visu-
alization technique to verify feature extraction per-
formance of the DCNN trained by using the pro-
posed method. We generated class model images
which maximize class scores of mass and normal, re-
spectively, and investigate how the DCNN recognize
masses from normal images.

3 Experimental Results
3.1 Transfer Learning and Classification Test

The transfer training and test experiments are con-
ducted on the Digital Database for Screening Mam-
mography (DDSM) ). The training and test image
data consist of two groups of ROI images cropped
from the original mammograms. The first group ROI
contains the mass area and the other is the nor-
mal area. Both ROIs are size of 454 x 454 pixels.
In the transfer training, 1,656 ROI images includ-
ing 786 mass images and 870 normal images are used
to retrain the DCNN. After each training epoch, the
test experiment was then conducted on 198 mammo-
graphic ROI images including 99 mass images and 99
normal images.

Fig. 3 shows that the error rate of mass detection
for training data (solid line) gradually decreased with
the training epoch, and the error rate for test data
(broken line) also decreased and reached about 15%
after 50 training epochs of the transfer learning. As
summarized in Table1, the DCNN finally achieved
89.9% sensitivity and false positive rate, which is the
percentage of false positive detections to all negative
(normal) cases, was 19.2% in mass detection after 50
training epochs. These results demonstrated that the
DCNN is capable of classifying the mass from normal

50 ‘ ‘
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-4-Test data

40 ]
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[0}

§ 30

S

o

520

[$)

£

-
o

20 30 40
Training epoch

Fig. 3: Changes of classification error rate. The error

rate for test data decreased and finally reached about

15 %.

O I
0 10
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Table 1: Confusion matrix for mass classification af-

ter 50 training epochs. The DCNN achieved 89.9 %

sensitivity and 19.2 % false positive in mass detection.
Actual class

Mass | Normal| Total
Predicted | Mass 89 19 108
class | Normal 10 80 90
Total 99 99 198

ROI in some extent.

Fig. 4(a) shows the top 28 images which are clas-
sified into mass in the test experiment. The number
under each image is the class score corresponding to a
predicted probability that the input is a mass image.
On the other hand, Fig4(b) shows the images which
are classified into normal.

Fig. 5(a) shows the normal images that were mis-
classified into mass (false positive). In these images,
we can find a high brightness pattern of healthy tis-
sue, which is similar to the typical pattern of mass.
Fig. 5(b) shows the overlooked mass images. Some of
these masses are indistinct and others are too large
and protruded from the ROL.

3.2 Class Model Visualization

Fig. 6 shows a mass model which consists of three
channels (R, G, B) generated by using the class model
visualization technique. From this image, we can find
circular bright area which looks like a mass in mam-
mogram. And we can see linear patterns radiating out
from the circular bright area. Similar patterns can
be seen around mass in mammograms, which called
spicula, and it is one of important image features of
malignant mass.

Fig. 7 shows a normal model image. We can see
some linear patterns in random directions that are
similar to normal mammary glands in mammograms.

These results demonstrated that the DCNN is ca-
pable of extracting the mass features automatically
by using transfer learning.

4 Conclusion

In this study, we presented a transfer learning of
the DCNN for mass detection in mammogram im-
ages. The experimental results demonstrated that the
DCNN retrained by transfer learning strategy have
a promise potential for mammographic CAD system
even the number of training data is limited.

5 Acknowledgement

This work was partially supported by JSPS KAK-
ENHI Grant No.15K20852 and No.26540112.

_46_



S

0.99985[MAS] 0.99968[MAS] 0.99944[MAS] 0.99941[MAS] 0.99934[MAS] 0.99931[MAS] 0.99915[MAS]

.
&
LY
3
il

0.99908[MAS] 0.99905[MAS] 0.99874[MAS] 0.99869[MAS] 0.99862[MAS] 0.99853[MAS] 0.99846[MAS]

.

0.99812[MAS] 0.99792[MAS] 0.99764[MAS] 0.99673[MAS] 0.99671[MAS] 0.99589[MAS] 0.99579[MAS]

0.99541[MAS] 0.99511[MAS] 0.99492[MAS] 0.99398[MAS] 0.99391[MAS] 0.99352[MAS] 0.99327[MAS]

—
@
Nat2

0.99309[NOR] 0.99272[NOR] 0.98790[NOR] 0.98507[NOR] 0.98452[NOR] 0.97852[NOR] 0.97574[NOR]

0.97569[MAS] 0.97218[NOR] 0.97102[NOR] 0.96552[NOR] 0.96233[NOR] 0.95742[NOR] 0.95203[NOR]

0.94893[NOR] 0.94506[NOR] 0.94423[NOR] 0.94295[NOR] 0.93921[NOR] 0.93770[NOR] 0.93403[NOR]

0.93314[NOR] 0.93153[NOR] 0.92826[NOR] 0.92754[NOR] 0.92246[NOR] 0.90857[NOR] 0.90779[NOR]
(b)
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Fig. 5: The misclassfied images. (a) False positive in mass classification, (b) False negative in mass classification.
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Fig. 6: The mass class model generated by the class model visualization

(a) RGB image (b) Red channel (c) Green channel (d) Blue channel

Fig. 7: The normal class model generated by the class model visualization
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