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Abstract: Neural Networks-based classifiers (NN classifiers) may degrade the classification accuracy for the
test data if the learning data is not exhaustively collected. That is because it inappropriately learns classes
with some biased variables involved in the learning data. In order to avoiding the deterioration of the clas-
sification, it is simply conceivable to select each set of variables necessary for learning each class. However,
there are two significant problems when we apply the variable selection to a NN classifier. One is that we
cannot analyze how each variable affects the classification result in the NN classifier. The other is that the
conventional NN classifier allows us to determine only a single set of variables for learning all of the classes.
Therefore, we proposed a “multi-AE classifier” which is a new autoencoder (AE) based classifier. This clas-
sifier enables us to derive the reconstruction error for each variable, and the error enables us to estimate
variables deteriorating the classification accuracy. This also allows us to construct each independent set of
variables to classify each class. As a result, we achieve high accuracy classification. We verify the effectiveness
of the multi-AE classifier with artificial and experimental data set.
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Fig. 1 A harmful effect on classification due to bias of train

data.
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Fig. 2 The network structure of the multi-AE classifier.
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TEBEIREITV, T A b7 — 71233 2 ik pUkEEE AT
M5 2% 2.

FEREBEUTHWA T =7ty M, AX—F 742D
LTI POLIHFRORE G, B »FHlT
%5 HAR 7—% 28], BL UMD T—% T % AAL 77—
5 29] TH B, FAHEIF min-max normalization |2 & -
TH/MED —1.0, BAMEAY1.0 & %25 L ICIEHRILT 5.
RLICKETFT—Fty FOMELRT.

DFIZBWT, SEBROERFEICOVWTHRRS., Ehk
1T, £#7— 7123 LT~V AE B8 & NN #%5)%
DAy NI =287 A —F OWPMEE % 2 T 100 [228 -
TAMEYRL, ZOVEERIEEY KT 5. £/,
YNVF AEBNBEDONT XA —% o % 0 ICERELEE, T
bbb, 7T ATEIK AE 2V LA ICBIT
B Y RRBEEE b FARICHE L LT 5. DIRRICB W T,
THEIEE LM EN TV BEE, FUEFER 1 L FEE
24y NI =235 & — 5 OFPMEEZE 2 T 100 [543 -
T AN R L7 BICAR S A PRSI & Bk T 5
N

FEE 213, DTICHRRZHETIT)H . 1ZLOHIC, HAR
F— 7 D561 Fir S, 10 M (5 2 b Do 10
B OEBOREME LI2T =% #ERT 5. ZOES
DRREIL, LT TEHHAS 2 HETHE T2 EBIEOR Y 12
LB EICAE L SEL-ODMETH L. RIZ,
LR RE L7210 K96 HAR 7 — % OB 7 — #1235
LT, By #ELs8E/ [FEHPANATAT—% ] %
s %, FERANATAT=51E, 79 AT LI LS
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®1 7Tty O

Table 1 The overview of datasets.

F—5 | 772 KoM FBHMT-IH FALT—¥
HAR 6 561 7,352 2,947
AAL 6 561 4,252 1,492

BHEE1OHIRL, BIRSNAEBICBT 28 TF—%
DEfE%E, [—1.0,1.0] DFEHANDPS T ¥ F L IZPRE L2
T AT ENHE T B BEMEOEE 5T A (g S
B EIC Y 0, 4087 0.04 DIEH A % T8 S8 7/
A ZXFMATAE) CEEHR D2 TERT 5. DI, A
AR D ASE L TV BB E NA 7 ALK ERRRT 5. 8
HANA T AT =8 2V ClREFESED L, N T
AR L DARY S5 5 NABORE A FIE L Cikil+
BEIIFEBRINDLD, TANF—7I20T Bk
BT — 5 # W AGE L RNTET S,

20, BEGERPEN TV WS TIZT, FEHAN
L T7AF =3 VT~V F AE B BLFE8 T 5. %8
%, 7ANT—5 OB EAT, TORBKEE ACChetore,
BIOBRHEN LT AN =Y EELZERT L. RIZ, &
EHDTF AT = %7 FAZEIIHE L, HET LI
BB NVTFT AEBHZGRICAN TS, 2L C, £5ED7 7
A e ®HYT D AE(e) ICBUT 5, BT L OFMREEL
TN EIER L, BREOHRIESRRKOELRD, 7
FTACIIBITENATAERTHS LHEET S (4.2.3HD
FIE6). wiziz, K (6), (7) EHWT, 7 I ATLICHEE
SNTEER (X)) ORBELZHET S L) 123V T AE #%
MERZFBANA T AT — 5 THFEE L, BYERGRETV
DT AT = F1T B EE ACCagrer %KD S

COEEE, N TAEBOHMELLREOE L%
100 3 D 122 S TRAT L, SFhITISBIT 5 ACCager
B ACChotore W IR TI 192 AT 5. F72, &
ACCatrer, ACChetore D V¥l %, EFDOINA T ALK
ERELIHEOFHEB L 10 RTOTTFEHT—%
WA O RRIRE L T 5. 512, NN #%
sz v, 10 RIEOTLFEMT— 4 EFENA T A
T =8 & B ONFHREREEE, B LU, 7T AEKD
EfRED 5 T AFIRDILTENA T ALK 77— 4
SBREL724RTCOFEMT =5 2 HWTHE - AL
7oBEDOFIRRBIREEE & b i 5.

FEEE 313, HAR, AAL 7— Z\20§ BEHRINE 479
HIDO~ VT AE @B OFERBERE &, 3.3 Bl TakR7z
FETEBFRIR %47 - 12O PR IEE 2 i L, 20
WEZALZFHMET 5. F72, BT LT, NN#ps
W39 % 7 v X—=FROERGEIRFLEE LTULLHMbNT
V5 ANNIGMA [16], B & " MFS[17] T A L, NN
AR B Fkl A BT O TR L& ko,
~ VT AE @Al & T 5.
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R 2 KEETHVDL =2 —v U FEEULEE
Table 2 The number of neurons and the activation functions

used in each experiment.

£ T4 Tk | ma—u i TR

1 HAR MAE 100  {relu, none}
NN 100  {sigmoid, none}

AAT MAE 1,000 {relu, none}

NN 1,000 {relu, none}

2 HAR MAE 100  {relu, none}
(10 X76) NN 100  {sigmoid, none}

3 HAR MAE 100  {relu, none}
NN 100  {sigmoid, none}

AAT MAE 1,000 {relu, none}
NN 100 {sigmoid, none}

5.2 EEREM

Loz, SFEBRCTHELTHHTL/37 2 =5 5%12D
WTHRRZ ., YT AE #il# 0 & AE & NN @#hl#: D
v b= &R, RFHEB 1 BoSKE Ay T —2
ZHRH L, %1213 Chainer [30] (ver. 1.21.0) ZH w5
Hol{bF:1E RMSpropGraves [31] Z vy, £/37 2 — 413
{Ir, alpha, momentum, eps} = {0.001, 0.95, 0.95, 0.0001}
ERGET A, B, FEHENICEHL T, v)IVF AE i)
%fi401$/7;k_,NN%%%T@2UI£v7:

205654, Ny FHAX1E20 &L, TRy 7EN
mo% EBNTFHEKT T 5. VT AE #5l#0
INT A =% q, ﬁ X, =100, 3=20%2Hw5%

RIZ, BEBRTEFHT LAY NI =285 4 — 54
IZOWTHENA, & v b7 —27irks X OSBRI
R2IRTHOXFHT L. 72720, £2HOTHEILE
175 MAE & NN &, #IZI~ )V F AE i#k5gs & NN ik
Bl Em L, LR {, ) AWM ASE -
o, A2 RE O EEC R % R L
none [ ZIEMHALBE B 2 Wi wZ & 2 BHEST L, B, %
Rl & 3i2BnT, NN#ZHD AAT THIHT 2 =2 —
0 2B AR B R e B DI, FEER 3 T AT
FEMEHEACEE & L T sigmoid B Z B L 52720 T
%Dum[ 7], AAT 7°— & \ZhF5 2 3Rk pIRE BE 13 F28R 1

BREXACELEPEL b (EBERESK). $72,
7»%AEﬁ%%fu,¢EE@:1—DVﬁ%AﬁE®
Za—uYFIYVRECERETIHE, Tabb, FEhil,
3D AAT 7= BLUEH 2 I12BWT, & AE OB
RVEEGGE D w220, FEED» S DWIIE

12 LI-IERIAL [32] #3523 5. BARMICIE, X (6) DHM
B A LT D Lossyoq (CEH L THEEHT 5.

N J
A Yi
Lossmoa = Loss + i E E |h . (8)

i=1 j=1
72720, JRKAEOHHEO = 2 —a Y HTHY, [hY|
12 AE(y;) O REBICBT 3 j BEHO= 2 — 1 > Ol
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£ 3 K75ty MOFT EETHOBIKE
Table 3 The identification accuracy of each method for the

datasets.
=%  Fik B (%)
HAR MAE 96.22
NN 95.58
AE-dist 87.38
AAL MAE 88.17
NN 87.54
AE-dist 82.12

DOMxEFE TS, NI XA—=F N FHBLTO01EZHNS
kB, ERLNT A= SR, RATHRRAMICHESE L#¢T
KBOMBE L2 bDFRPLTND

F72, EEE3ICBITATIVF AEBRIZED cntmax 134 &
L, N, BXOMIBFEOLEBRIEZEFFICBIT 2
CV D fold #1310 £ ¥ 4. F72, ANNIGMA DOZEHGEIN
ML BE (SBE A &A%, SCHK[16] 2 2HH) & L, ##
$u$@0<%1@0>®7@ AR & RAT L 72 TRT
5. MFS (2B LT, Zfusiigng & LT Opt-1T (3¢
Wik [17] 22H) 2HHT 5.

5.3 EER1ICHT 2EERER

HT =5ty MOST 5K FLEOTVHEERIEE LR 3 12
R, =B, AE-dist IO IZ AE #58 L T A F
B (RIVF AE#BIERO o = 0 DYE) ZEWT A, #
B, SEFAV:F—% 1y MIWT 57V F AE @5
#OIARM L FATERE L, NN i#kplgs & B2 &2
RTE. F72, £ AE ZHOICEE LGRS 5 o
FAKEEL L, VT AE #5l%s, BIONN@EIZRLD D
Bl B EDHERTE., SO ERPS, 7T AKSD
AE % W CHRGRA Z ISR T 5 BI21E, £ AE O
PN EOREY B &5 L) FET HLENN D S
L EMEETE T,

5.4 EE2IIMTIEBRER
YT AE SR O K FATIC BT A ocE, 3
bb, (ACCater — ACCheore) %] # B 3 127X, JMZ
T, EFEOEFMOTLTOTFEBIRE R 4 \RT.
HB, BATOTFT=INATAIBTAS [HL] &, A
EEAEZEL TRV 10 RICOFEHHILT— ¥ %7
ﬁibf__k%, [0 ] ZFEHEANA T AT %FIHL
ZEREWT L. o, BEGEFICBITA [HL] 3%
BBRIRZTHOIICFH LRI LA &%, [TESHEE]
I~ VT AE B0 BB E L 72N T AER OB %
BT X ) E L CHEN L2 E2ERT 5. [1IEBAT
5.1 1%, T AE @A B W TS IER O ZEEGEIRDAT
DNTZIRINTHFE L TR L2 & 23K L, NN akhl#
WCBWTENA T ALK ETRTT =9 0oRELIZ4R
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Fig. 3 The accuracy improvement by variable selection in each
trial on the 10-dimentional toy data based on HAR
dataset.

®4 HAR 77— 5 &ILITL72 10 RIC M A 7= F 1239 2 ZLHGEIR
12 & B AE UGS
Table 4 The improvement of accuracy by variable selection for

the 10-dimentional toy data based on HAR dataset.

Fik F=INAT A EEER FAAEEE (%)
MAE %L L 64.18
HY %L 47.91
»HY T HEE 57.69
»H) EfRA 5 59.60
NN =L =L 66.64
»H %L 48.96
»HY EfFA 5 54.56

LT — 7 THEHL TR LA L 2R T 5.

INSDORERIE, UTOZ LNV D,

o X3 XV, NATAEKI,RLR D 100 BOFKITO LR
ITIZBWT, T AE kBl A5k BB % F
L7z e LB RO BEEAR Y R L) ITHEET
HZ LT, BN ELTWE I EDERTE S,
O ERS, YT AEBINZHE, EHEORY 225
U BB L o TIRT LIS 2 s T e 7
BRGER T EHTELIEDPHILTE ., F72, £ 4
D MAE (28135 [ FE25 e ] FoksrEdE (9.78
KA b)) & [EBS] ROREYSEE (11.69 A1 ~
N DEP/NS N EDHERTE, ¥ IVF AE @Bl
NEAEECEREL ML LM BETE LI L8
MiFET & 72,

o K4 XV, WATAEROIERELZ G2 6N, Zh
L $TRTT—F hHh5HIER L7 NN @ik
(T=FNAT A HY, ERER . EMRAG) LD
b, YT AE RIS HEN CEBEIR L EE L
BAEDIBE (F—I AT A5, BEER . F3:
MHEE) &, EMOEKBERNG 2 5 N85 DOREE
(FT—=FNATA oY, BEER . EFTS) O
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K5 FELIVT— 51T HEHGEIRIC L 2 MHEYGE
Table 5 The improvement of accuracy by variable selection for

the real sensor data.

T=% Tk eI (%] 2L
ZRORIRET AR [pp *']

HAR  MAE 96.22 96.49 +0.27
ANNIGMA 95.58 95.73 +0.15

MFS 95.58 95.65 +0.07

AAT  MAE 88.17 88.38 +0.21
ANNIGMA 85.33 83.70 -1.63

MFS 85.33 85.11 -0.22

£ 6 HAR 7— %ty MIUGRIRS W%
Table 6 The selected variables in HAR dataset.

7521 2 3 4 5 6
— —  —  78,79,80,158, 80,78,79,160,
557,160,159  558,557,40  —

£ 7 AAL 7—% -ty MITGERS N2
Table 7 The selected variables in AAL dataset.

79 A1 2 3 4 5 6
— 80,79,558, — 558,557,  558,79,80,
78,556, 40,160, 39,557,
157,557 159,78,38 160,159

PRESHWS L RERRTE S, UL, 79AT
CNCE L AEBEIRDTET, 577 A0
REETH LMD 7 7 ADFBNNTLEETH L5 %
Y B &5 %1570 NN ikBIZRIcx L, 79 ATk
ZR T BEBEIRDEET, HDH 2 T AL GER
ENTERIZZD Y T AU ORIN AT 7%~
VT AE #BHIZEO A, L0 %L OfEREFM LT
BRIV TELENETHLENVZ D,

5.5 EER 3 ICHT BEERER

KT =8ty MO 5 ETFEOLEERA RO P
UK, BLOZORELRLER 5 1RT. 72, YT
AE BAZRICBWT, 57—ty P TEBBEIRICL D
B SN 7L S (one-based) 3 6, & 7 /-7,
B, MEFEOBEEIFIC L) B S N E oKL,
HAR 7 — % TliZ ANNIGMA T 443, MFS T 254 ZZ¥C
HVY, AAT 7— % Tl ANNIGMA T 208, MFS T 259 %
BThot:. MAT, 7=ty MIWT5<IF AE
W OEEORIRO A 33HICBIFLTFIH2 256D
BDELAT Y ) 1B 5 auq OEZR 4, X 5 1R
T, BB, nbpax =4 D72DK 4L 15, 14 A7 v FITTE
BRI T 35705, K4, X5 CTRERDOZD, #T8
FUEBGERZHAT L 2B BB 52 A7 v TETO
HEREZELWMLTHS.

*1 Percent point # &K T 5.
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Fig. 4 The cross-validation accuracy of each variable selection

step in HAR dataset.
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i)

Fig. 5 The cross-validation accuracy of each variable selection

step in AAL dataset.

F5&0, MF—%ty bEDLTIF AE RAIZIC X
LEBGRIICLY, T AT —F IS SR E A L
L2 EDHERRC& A, T/, 6, X7 LD, 792
LR AENCRR DS EBCE LS. SHIC
F5 X0, YT AEIZGOBER LESVIE, 7T A
TLICEBBERTE R VIILEFEL) I RE LI L
PR TE 72, ZNEY, <V F AE#BRMIBICL B2 T A
T L OEBGRRIL, EXF T — 5 OBk E R BB
TX A LHIIRENT.

F7o, M4, )5 &0, CVRBIKED R AMEE %572 A
Ty TNEEBITT, BRGERDPHKET LI2AT v T2k b2
W0HAT Y TL, 2561 BHIFTLTHRWAT v 7 TH
WOHET T Doz, S50, THRI0AT v T
DIRICHE aan 25 afrey BB WI L BFERTE 2. <
VT AE BIEDERR T ETIThh o 2 AT v THUL,
<V T AE GRIEE & RO M 2 & 5 ANNIGMA (2
BWT CV il R E o2 AT v 78443, B X
208 LRI T B LS WlHEZ->TEY, VT AE Gk
SR DTN GEZE 2 FIH L 72 SBE i O MG H35h %
MThHAHZ L aHILTE 7.
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6. bW

REETE, BINEREL RITTERY HEhn I HEE
(BEHGEIR) L, TNOEHOBE Pk L T8 B L 0%
ST RE R AE X— 2 DFFIZRTH 5 <)V T AE #5l#: %
R-EL. VT AR BRI X 2B F6ERIN T, 28T
EOFHEEER VS Z LT, MR A B SR
ROBE % EABEE AT TH Y, 7 TATELIZRR D
BRCRINDTTRE CTH B, T72, EF— ¥ ZHV - iHEER
ATV, FREHREEAERNCE C 2 & R RERR L 7.

LHROBEE LT, BE7T— 7 H045ROFEERTHW
et Ty LRGN ER TSy FAOH
H, <WVF AE #BZEDOK AE O % v b7 — 7 ki % 281k
S BOEERER, 7 T ARD S T =7 1T AR
IR MRS EDOREV DTN,
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