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*1 Android developers SensorManager: https://developer.

android.com/reference/android/hardware/SensorManager
*2 ATR-Promotions Inc. WAA-001: https://www.atr-p.com/
support/support-sensor01.html
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Fig. 1 Conventional method: common method of human ac-

tivity recognition using CNN.
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Fig. 2 Proposed method: human activity recognition robust

to the difference of sampling frequency.
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— 537 —



100 persons

50 persons

eparat

persons B persons C persons D persons E persons
[ 1 1

50 Hz

25(100)
train

25 Hz D

12.5(100)
train

12.5(50) 12.5(25)
train train

12.5Hz ») D

i down saminling

D25

test

12.5 (12.5)
train

6.25(100)
train

6.25(50)
train

6.25(25)
train

6.25 Hz  |»)

D

6.25(unified)
Dtrain

6.25 (12.5) 6.25 (6.25)

Dtrain ’

train

3 FT—&tv hDSEAE
Fig. 3 How to separate the dataset.
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Fig. 4 A sample of the original sensor data, performed only

thinning, and performed thinning after LPF.
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Conv (c, k, s) Model E

c: Number of channels Input(256, 3)
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k: Size of kernel ConvBlock (3, 256)

s: Strides ConvBlock (3, 256)
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n: Number of repeat
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Fig. 5 Model architecture based on VGG16 that we used in

experiments.
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HEIFIBEHT B — 2 (M (DE2C29)) : Ref LT
), SFIRMBREDOTF—& 100 450 %I 57—
2 (Mg (D™D Mixin 2 IE3), MAEFROY > T
VY TREBEBIZZE D VYT T~ U2 100 440 %
RIS 27— 2 (M, (DS220mi i)y Tdeal & 1T
R) TH#EEZITS. Iz Ideal XIERDIZ, 100 4042 T
DF—REHE—Y 2T T REEE 6.25Hz THPTE 72
HUHBREE 2 BB L TWA 0 THh 5. EHEATH
FETRETIRD S, mEBEWY > TV J I 6.25Hz
EWETHLEZIITHD, 100Hz 2HEET S L 122
DOFHFIFEHTERW., TDH, HHBRE Y LT 6.25Hz
DA THHT 5. FIC Magy(DI™5) % Adv LIER
BB, Mopg DT —F T2 F Y1 Mog, LAETHY, E,
CEHE—T, DOAPFELBRVEDTHD. KWK T
1%, Adam[21] 2% % 0.0001, B, = 0.9, betay = 0.999
THWTRELZFERL, £FEFIV 1650 TRy 73217
5. P, R 10 TRy 2 T ITHREEH T — Rkt

95 TRREZFHI LGS L TWS.

5.3 FHRERER

FHERIZBIIZIRY 7EOHEREELLERL
6 VT, PEMROHMN (1) 2% %9 5. train_act
A T — X DITEIRFNGE, test_act [IMGEH 7 — &
DFTENFRFMEE, train_freq FFEHT —2 0V > TV &~
JEBEBARIEEEZRLTWS, £9, Ref & Mixin ®
TERBOREMGIREE ICEHT 5L, TNETN 66.4%,
T70%& Y, E—Yr ) v I RABEEK 20 £ THRT S &
D%, SFIREERIEITH 100 ZTHRET 2122 BHEELE
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Fig. 6 Changes in estimation accuracy during training and validation of each model in

preliminary experiments.
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EERPEILZZIEZHSMZUE. &b, Adv OERE
MREEHEIL 77.0% & 72, Mixin & [A% T Ideal & b &\
WHRTH 720, Adv OITEIFERKEEIZ DO W TIXIRED
AREBR T ERT .

Wiz, ®6 DYy ) I EEEANKEE (train_freq)
CHEBL, PHEROBM (2) 2553 5. Mixin TlXi#E
WY TV TREBEANETT DRV, B 255 Lp D
BRLIZED EOFlisfTbRrnwk 5129522 T, F
E CIEFEDO Mixin D %, D TY Y 7 v 7 EEES
BIEREZ MGEES 5 Z LAY A[RE L 72 5. Mixin @ train_freq
R EAAED I ONTH v 7Y v T RAEBO AR
FEDRIEIZH EL, AT 96.1%&L %> TW\W5B Z & H R
TE5., ZNRTHRBETNVZIWT 2128720, v
TV VIR IR B AR ORHEY v T 2 3
HENTWB I A2EKT S, —7, AdvIiZEHT %L,
FAKEEE X 2 BIRRECLRELTWA., SEEY T v
JAWE 5 FEHE N RE LT WA EDRE 241XV X A
PR %2IT- 7256 AUKEZERKT 5. Lad->T,
Lp OFRKALIZ L o TH > TV ¥V TR D 7K E % 1
flcETsy, b7 v I EEBOBN A E Yz
FHTETVWEIHEIERTE .

BEIZ, B 6 DINRESIZEHL, FMERDEW (3)
EEETD. £F, My, O 3FEIXENEITHZRKEE D
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M+ THE2HERONRS. — S, Mg, 1£100 =Ky 7
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ERGEREE CHRE2ITO I TS5, M6 %2R LI
FERAKIEIZ BIZIENS Z 3RS TRALZELTWS
ZEMS, ZOIRENFH A2 BEMNIIED DL Z ik,
—F, Mag, ZFAVZHE, 80 TRy 7% 95 TRy 7
SETEHX NS X 5 I ABIZIIBEE MR T 3 5 @A
I05%. BRI RY I TiHMEiT 2L, MAZ DS &
MRy ZHETHREUZBIEE 2 KIBIZT P52 212
By, AN ESREEE 5. Lo T, AW
TR o -MELABE CE#ERETO 2 2 Lz, 72
B, BRI Ry 7 TCORBETEMHRAZIT->TWED, Wk
HUMRTHD, UBROZBRZET Z LITRh o7z,

6. AR

6.1 ERIRE
TAEBOEREE D SLL R D 4 flOEEETT 5 7-.
o EEETIHET—AMWRDZL2HEZ, MOOH
LIREEE BLERIRX — > T Dipoin 2 0EIT 5.
® Dirgins Diest D7 v X L, K, ZDX%D Dyygin
DAENBEREI NS N & > THRIEBENRZ S, L
o T, NEEZATETONRR—2V%20R{TTD
L, 20 AT OEITREE T HBME 2175 .
o FHHAT =X > 7Y v IR S T 5.
o BETEILEMODN—A514 v EEHELLETEZ
ETIREFILEOFNEERT.
Dirain DHAESZ— 1%, &SV T ) v BB FREL
TWa 7 —A& UT Low; (A:B:C:D:E = 5:5:5:5:80), Lows
(10:10:10:10:60) D 2 XX — >, ¥g—72/r— X & LT Even
(20:20:20:20:20), &Y > TV Y TRBEHBEEL TWD
r—A & U T High; (60:10:10:10:10), Higho (80:5:5:5:5)
D2NNR =T, 5138 —VIGET 5.
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R 1 20 MT24T - ZBOBTEOFIHEEKEE (%)

Table 1 Average of estimation accuracy for each method over 20 trials [%].

Low: (5:5:5:5:80) Lows (10:10:10:10:60) Even (20:20:20:20:20) High; (60:10:10:10:10) Highsy (80:5:5:5:5)
100Hz50Hz 25Hz 12Hz 6Hz | 100Hz50Hz 25Hz 12Hz 6Hz | 100Hz50Hz 25Hz 12Hz 6Hz | 100Hz50Hz 25Hz 12Hz 6Hz | 100Hz50Hz 25Hz 12Hz 6Hz
Ref 55.2 56.3 54.3 56.8 81.7| 64.9 65.6 65.8 65.9 80.3| 749 755 73.6 754 689 84.4 645 674 66.8 59.2| 86.0 53.5 53.8 55.9 48.0
Mixin 80.6 81.1 81.9 829 82.0| 839 84.1 84.5 84.7 81.4| 8.6 859 859 851 759 8.8 86.7 862 84.3 71.5| 87.0 86.8 86.3 83.7 658
DS-Mixin | 80.5 81.3 822 829 83.1] 839 84.1 84.6 849 83.7 85.5 858 86.1 86.3 83.0] 86.6 86.5 86.6 86.5 83.0 86.8 87.1 87.0 86.9 83.0

F-Mixin 81.2 81.6 824 835 82.5| 83.6 839 843 849 82.5| 86.2 86.4 86.5 86.3 82.7| 86.9 869 86.9 86.5 82.8| 87.4 87.5 874 86.8 82.7
Multi 76.3 77.1 77.8 77.5 80.4| 787 79.4 79.6 789 77.3| 83.6 84.0 84.1 82.0 72.1| 8.0 849 84.0 80.5 65.9| 8.4 853 841 79.5 61.0
Adv 82.2 82.5 83.0 83.7 82.4| 8.0 853 854 854 81.9| 8.3 86.5 86.4 854 76.0/ 87.6 87.5 87.0 85.1 72.2| 87.7 87.6 86.8 84.5 67.8

2.
F-Adv 82.5 82.8 83.4 84.2 83.0| 85.6 85.8 86.0 86.1 83.5| 86.8 86.9 87.0 86.

=

82.5| 88.2 88.2 88.0 87.3 83.0| 88.3 88.4 88.2 87.6 82.9

Ref (5) fERTFE L FBC, AT — 2 Dineed o,
BEEHT — 2 0% > 7)) VIR —8T 57— &
DHEMAL My 2T 2 FIETHB. DI, %
T B BRUZIE Mo, (D010 2, D3O, % 7

train
T BB Moy (DO VB E VS & 512, 5
DDETINEMNGITEFIETH S.

Mixin (1) FHT—% DD % INT M,,, % 3l
TEHEFETHD. HES [22) 12k, -V
Fine-tuning DB FEFELZHWSL LD EH, vV
TIVAZHEISH T — X % BAE I 5 Mixin TRAGE % iE
RETBIEVRRENTVWEIEhS, R=AT
UTEHLU.

DS-Mixin (5) Down Sampling Mixin % &Ik 3 5. 3
TRUZEDICHMHAT =28y v 7Y v
o T, Y VTV VI EEBMICOART — X B
TILNTES., I T, PMERD Ideal D &SI
DS:25 % Fflie 5 Bxig D25 (unified) & D125 4

T R pyRolunified) 1o [025(6.25) 4 gy 5 &
EHWSE WD L31Z, mBERLY VT v TR
ZRE— U7z 100 2 &2 FIBIZAWT, 5 DOETIVEME
Wi FETHS.

F-Mixin (1) Full Mixin 2&WK3 5. M3 TRULEZRT
DT —X %2 LT Mixin TEFIETHB. Vv
TN T — ZPLIRIC K B REE A LAY RGAD 28D 5
FHLUZ.

Multi (1) TEERRE Y > 7V v 7 REBEEG %& FREIC
T DYNFRATFEHEGTIFETHS. Mgy
D Lp mARIZE D 0 DFEH %2, METITS> 2
TERTES., Yo7 VI ABREOEE2ET VN
T FHEOR—A5 1 v UTHM U,

TR UT, My, ZHWEIRETES, JIFHHT—

ZADOPNFiE TRUMTO 2 fEHERT 5.

Adv (1) Sz shiilgs — 2 DD zHwCy v
TN Maay IR 2 FHETH 5.

F-Adv (1) Full Adversarial Z&9 5. F-Mixin O &
SIZK 3 TRUZLTOFIRT — X &2 £ L DTHNWT
Mgy %R 2 FETH 5.
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6.3 AERER

20 ARATEM L 2 FHaeRE 23R 112R7. 147HI
Dirain DEINBDOHER, 2 17 HIFMRFENRD Dyoyr DY
VIV VTEBERTH D, BBEEICH LT, RKKEEEE
T EFEEREDPDTMT, 2HFHITHENE P72
FHEETHRTORLTWA.

1LY, Dypain ODRBILRIZE ST, BIEAT—X
7 100Hz % 5 12.5Hz 1¥ F-Adv D@k, 6.25Hz 1%
DS-Mixin B EME 2 LKL, /2, BT —4
7 6.25Hz TH->TH, F-Adv I DS-Mixin & (ZIX[A%
OKEERFERL TS, 2BHITHENE D > 2 FIRICE
HI 2, REFAT—20Y v 7Y v I REEPE N &
1T Adv 7%, £\ & Z1d DS-Mixin ¥ F-Mixin 23 &%
EBEM U, BATHDEURTEDSH, WiTHT—X
2 6.25Hz DBEIZIZZ T 8> 7Y 728D 100 /0D
T — X D3 - 7-RBE L A2 B 728, DS-Mixin 23+
TR A RS U REREE R ERTEZ. AT, AY
VT VT PN T — R LR RIS Z BT ERNE
&, DS-Mixin ¥ F-Mixin (¥ Mixin & Z b 5 7 \WH#EE
WL o72. —H, REFIETIHEY > 7)) > F TR
2T —ZDi>TWb Low; ® Lowy DRIMTELEY ~ 7
) O RBE ORBGEREE R LITRIT L TWS, BT, Lows
TIZ 100Hz DIFHHAT — 22310 4 L i > TWRWIZH
b6 d, 100Hz OMEEFEIE X 85.6%ThH 5. Tt
kv TN THE (Ref) T 100Hz DF — X 580 44
fii>TW5d & EDOMAKEE 86.0% L 1FIFAETH 5.
METHT — 2 DOE RO Z e i PR E 2B Uiz
DER 2ITRT. RILHT 20V > 7V V7 REABED
MON—FREIET L, ETORERIIBEVWTRET
D F-Adv BEEREEZERL TW5. REFIEOHTE
KGR, —IRAek Tk Ref & 0 & 5 20% K5 A3
mMELTBY, YUY T I REEBICEIGT B
Mixin & 0 V¥ 3%EENHW ELTWE., X512, X
YT Ik B T — ZYEER % 4T - 72 F-Mixin &
U CTH N 1% ELRH ELTWa, SEAAZ -
MoRMEZ B2 e, EARKICIIEY 7Y v Z AR
T = X DM o T BRI EFIEZRIZ A S < Z & 2
ATE % (P-Mixin & OHHK). Ref ¥ Mixin & O ki
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%2 IR — RO R — > 2 ORI O ik (%)
Table 2 Comparison of the average of estimation accuracy for

each separation pattern of training data [%)].

Low; Lows Even High; Higha| Avg
Ref 60.9 685 73.6 685 59.5 | 66.2
Mixin 81.7 83.7 8.7 831 819 | 828
F-Mixin 822 839 85.6 860 86.4 | 84.8
DS-Mixin 82.0 84.2 853 858 86.2 | 84.7
Multi 77.8 788 81.2 80.1 79.1 | 794
Adv 82.8 846 84.1 839 829 | 836
F-Adv 83.2 85.4 86.0 86.9 87.1 | 85.7
F-Adv - Ref 223 169 123 185 27.6 | 19.5
F-Adv - Mixin 1.5 1.7 2.3 3.8 5.2 2.9
F-Adv - F-Mixin 1.0 1.6 0.4 0.9 0.7 0.9

Tl High O AWHEER EABEETH B0, ik Ref ®
Mixin MEH > 7Y v TREERICH L TT — X EEE 1T -
TWRWEZHTH 5.

ZZT, Multi Z&EHT 5 &, ¥hvd Mixin iI29 5%
BRER LI oTWB, YU TV VTR T NV E R
HEEEAREETIVICHAAAILZ LT, SVNFRRAIE
BIZL 0 EEREPRIADZhE Bbinsns, HizkHi e
ROREETIZORN o2, —HT, V7TV TR
ZFRBITEIRLST BRI, MR UCTTERRERE 2 W
FXEZ L IFHERENERTH L. 2 —PITR L TRoE
HIFIAE % 17 - 72 5 & OFZE [20) Tlk, T—X &Y b
F o TITEN R E A REE RV LRI 255 R
EiRoTWD., —F, RWFETIEY > 7V v 7 AR DI
ﬁ%Mﬁ#ﬁﬁmﬁhﬁéws%mkéﬁéﬁﬁkaot
([20] lz&HE F-Adv - Mixin). X7 %2 7Y v 7
$BF—RIBORERE KE WD, Yo 7)) v IR E
FA SN LTI IITHRIE U 2RO 2R R R B O

LEHENTEREEZOND.

UEZ2EEZ, AIETIEXTHOET I, JHT—20
DEINZ = 5 R, % 20 3fTD 700 MR D EET
BETIVOIE L MG 21T o 724558, SF IR TR
FHEDO F-Adv 2V 2 TEBENEHTELZZ %
BHSDMNZ U7z, BEER T — 2238 > 7)) ¥ Z R34 6.25Hz
DEE DA DS-Mixin DFFED SD5E WD, ZIXEN T
H D, DS-Mixin O & 5 IZEEET VAL < THE
BUSD 5 H F-Adv O HPENTWS RO 5.

6.4 VIF—varveiEaRAk

AWLED) I F—2a v ThHb 3OV THMT 5.

2 RDITEERE AW TIX HASC[12]) T—X & v b %
FAWTEREITo72. ZDR, BEFEOAERMEIZ
SO AR KROTHRBORFEIZ LY EE. 10D
Even ® Ref # 75 &, 12.5Hz 7*5 6.25Hz [ CTHEE
K 7% & KIEIZET L TWS. HASC DR &
U CHARTTEN R R (AR IR 7 DR T
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H5 (125Hz BEONIEFATHD) ZL2FHKLT
W5, UhoT, RIZEFABESD D HEEIZEE L 7
555 RIFERBE AT WTHIRETENERIZ
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