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Upsampling Method for Wearable Inertial Sensors
with Neural Networks
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Abstract: Inertial sensor data collected from wearable smart devices such as smartwatches are expected to
be used in various smart applications such as video game controllers, hand drawing, hand writing, gestural
input devices, human activity recognition, and remote communication using sign language. However, since
the maximum sampling rate of inertial sensors in commercial smartwatches is restricted, capturing fine-
grained body movements using the low-sampled signals is difficult for these sensors. Therefore, we propose
a new method for generating high sampling rate signals from the low-sampled signals by upsampling the
low-sampled signals using interpolation with an artificial neural network. Because it is impossible to obtain
“non-existent” data from low-sampled signals according to the information theory, the proposed method
estimate these data from experience, i.e., using high-sampled signals prepared in advance for training. This
is possible because trajectories of a sensor are restricted by the skeletal structure of the body part to which
the sensor is attached.

Keywords: wearable sensor, upsampling, neural network

T RBOREE R R TR L Lol
Osaka University, Suita, Osaka 565-0871, Japan
2)  yoshimura.naoya@ist.osaka-u.ac.jp 1.1 HRES

b)
c)
d)

mackawa@ist.osaka-u.acjp MEERAEL VAT = b Y4 v FREDY 2T T T
amagata.daichi@ist.osaka-u.ac.jp

hara@ist.osaka-u.ac.jp FONA AR E L RV vy A O AT — T v 72 E

© 2020 Information Processing Society of Japan 1285



1BRAIEF =R Vol.61 No.8 1285-1293 (Aug. 2020)

Pl U HPEHINTBY, #ELROEMOB) X 2%
BIEHIT A2 LN TEL., COLDEEL S FH5ES
Nir—%fe oo BICol$T 2 2 e HfFshTn
% (1], [8], [16], [17], [19]. BAREIZIX, Ax—F T+ v F
er—sarviun—37, FEIAJ, oT/CPS 731 A
MDY 2 AFvyar bu—7, {78, VR RFiix
HWiEEa I aor—3 a3 U ~OIHPFE S TW
% [5], [10], [18], [20].

Laput 5 [10] @AY= F T 4+ v FDTINA AR T A N\ %
YWZETHIETEFICHNY T 7L — s ONRER
FEREL, KHEOMA»AWANY KV 2 AT v OB E kA
THEY, [tap] % [flick] ZEDEVWF > TY) > 7L — T
R LW Y 2 AF v AR CE LI L AWM L.
LA L—fEMICiim L Twb A~Y— b7+ v FTlL, 15
YU HEERBUST A 2 7)) 7L — b8 50-100 Hz F2
ICHIR STV D720, T—FDROEE % 2D
EHLZBZEIFELY. BT L — MOETE
TINAZXRTANOYE: LIZFIHTENE, Z0Meh
GEIE R SRV 2 AF v DR 2 5.

1.2 HEEH

REf7ECId, A~v— b7+ v FTHIG SN T~
T —FPERWESE, Za—Fty NT—27EHNT
MM %4T) 2 LT, BT 7)) v 7L — b2 5D
BrahEl$s7y 7o) v FRERRET S, Ty
T T T EITH)ET, FNALARTANDNLE R
TOFICENY T v L= OEFEFHATE5. &
TN TERI VRN T L — FOESH,D,
WY T L FOEF R REIEILT A LIET
E\., FITAMIZETIE, by 288 L0
LoTEyOBEDHIREINLZ LIZEHL, FHICH
WH T 7L = FTEHIITE 2 7N ATIEL 72
F=FEHNT, ¥ 7Y 7L — bOEWEFEERWE
BOBERME =2 —-F VA y T =2 THEET LI L TH
WEDOHEE 247 ) .

1.3 HRFE

WFHEI U 2—F Y 3 VBT, BAARZ 2 —F )L
v h7—2 (ONN) % H\v CIMMEE O W% % &g
DOWRIZERS 2 [HBIEGHAT (Image Super-resolution) |
DIFEFE LA TDNT WS [3], 11]. T2, HFEES
WH DB BT [JER T BILREAN (Bandwidth
Extension; BWE) ] &\ 9 575 DRGEE & 3k % Bl o
7ehtrbhTws (9], [13]. Zhb DTk, AMPE
FHICRZ S - ZAEFEERTAIEVHNTH S
DS, RIWFETIET v T 7)) v 7 L7AET % v TRE
HEERATENREGR AT ) S 2 MEL T b 720, EBICE
P T L= bR TFNA AT ENETISEWE

© 2020 Information Processing Society of Japan

500 X-axis, 100 Hz Y-axis, 100 Hz Z-axis, 100 Hz
g
500
= w 1000 A\~
5 0
@
o 0
< —500 -500
S
< ~1000 -1000
5120 5130 5140 5120 5130 5140 5120 5130 5140
500 X-axis, 200 Hz Y-axis, 200 Hz Z-axis, 200 Hz
[c}
500
E 1000
5 0
@
© 0
< —500 -500
S
o}
< ~1000 -1000
5120 5130 5140 5120 5130 5140 5120 5130 5140
Sample Sample Sample

i8]

1 3EREEAS T o6, EBE 100 Hz, FEIE 200 Hz D575 %
RY. INOLDFEFIEZ - H % tap L7ZBRIZEHINS
NnzboThs

Fig. 1 Time-series of acceleration signals. The lower graphs

show the original 200 Hz three-axis signals. The up-

per graphs show the undersampled 100 Hz signals. The

signals were collected when a person taps his arm.
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Fig. 2 Upsampling low sampling rate sensor signals using the

proposed method. DNN refer to deep neural networks.
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Fig. 3 Neural network structure used in the proposed method.
For example, k7n32s1 is a convolutional layer using 32

of 7 x 1 filters with a stride of one sample.
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Table 1 Handheld electric devices used in this study.

Object Object Object
A blender D fun G | pepper mill
B drill E | handy blender | H shaver
C | screwdriver | F | handy vacuum | I toothbrush
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RIRZ S 720, MBI TIZEENRE L R ) 2T,
Proposed (Single) &, MIEEE+ >~ 41238\ T Proposed %
DI -7, LrFOMEL FH R EDFEIZLY,
X 1 LT A D FEBICH LWL S L VI AF
T 570, SHOMBREZEEB L2 VWHPRWILERH S
EEzbN5. 2 XD, Dense ® MAE (32 E T2
NTIFFIZRKRENWT ED9502 5. Dense TIEEIN 21
SN R AL R R ICHEE LT\ B 720, NS iR
J A R %% HERT AHEMICH Y, MAE 2SIEFICKE 4
L o7z 25604, %72 Spline 1X, 50Hz DIEHIC
F=NT 49 T4 YT LTV LOBEENKEL Loz,

RIWLL—HFTLDT7T v T 7)) v TOMERERT
Linear £ LB L C, #BE B-C- D -E BV TIHIRET
HFIINEREE S O MAE % S0%EfE, ¥ A URXa—7D
MAE % 60%FERE MR L7z, s A © MAE (3o 5k
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x4 BIHERR
Table 4 Angular errors of sensor pose estimation using upsam-

pling signals.

MAE [deg] | MSE [deg?]
Linear 6.87 306.18
Proposed 3.93 167.24
150 |- = 100H A I R
Proposed i A
@ 1251 == S50H: / \ "
%100 N N _),:_—:-/"”ll” \:«\ I/ ;II
E 50 I Ral

20 —— 100H AN e I |
_ Proposed 4 \
© 04 == 50H P /1 W
o e A e
o -20 P e - LY.
9] —7 NN, X Il 1
2 a0 /7 NN
= / Dl
S
£
T

Lo
% 9
& 8

5 i L72£%M (Roll, Pitch) Ol
Fig. 5 Example of estimated sensor pose of the hand writing

dataset.

FICHARTEHOENICSH 575, ZHISHEBRE A D754 A
RRDEMER S ATo 722 LD ERTH L EEZ NS,
L2 L, ZO#EBREICE L THIRETHEIMBOTEIC RN
THEWHETT vy 7 7)) v IR TETn D,

4.3.2 RBHTE

Y U OLEBHEINCBT BT T T SO
RWEET 72012, WEINVI Y T4 VY ZHNTE V¥
DHEFHEE 21T o 72 [14], [22]. 97, 100Hz DIEE £ >~
eI v A2 a—-TORFEEHNTLREMEFTEL, 2
NxIE@ET—% L35, KRIZ, #£FEFF (Proposed) &
Al (Linear) 12 & » TABE N7z 100Hz DE 5124 L
THEBRICEZEAOHEE 2TV, IS LIERT— 5 DA
DIRERFHE L7z,

R 4 \HEE SN LBMOFYRRELRT. IRRTH
I& Linear & gL CTRAZEE B L2 3 EHI L 7-. 51
T SN LB A% /RT. Linear DFEEI S L
CEYWZHEICRESBEDSR T T2 2 L0905, —h
TREFEL, LD VERETEBHEEEZITZA TS T
DG A, HEE L2 v OLB O ZELE 3D T =
A= g YCHE L2, ZOFH»S D T8 AW L
CEYWZZBICIRETFENIRE CEETHIRL TnE 2 &d
Ghb.

44 HER AT MR- THBHT -2ty b
441 Ty THTULT
RE5Ty T Ty rofERY R, &k LT

*I http://www-mmde.ist.osaka-u.ac.jp/ “maekawa/paper/
supple/accsr.mp4
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K5 TyTH T TOE (7Y 2 b= 2 TEE)
Table 5 Upsampling errors of acceleration data for object-

based activity recognition.

MAE | LSD
Proposed 6.5 8.5
Proposed (Single) 6.2 7.9
Dense 11.8 10.0
Linear 15.8 124
Spline 18.6 18.2

K6 TyTIr T IO (FTV s M)
Table 6 Upsampling errors for each object.

Proposed Pr(.)posed Dense | Spline | Linear
(Single)

A: blender 12.9 12.2 16.4 | 48.9 39.6
B: drill 10.7 10.5 12.6 | 16.1 14.4
C: screwdriver 2.2 2.2 9.4 2.2 2.1
D: fun 3.9 4.0 9.7 7.0 6.0
E: handy blender 4.0 4.0 12.5 3.4 3.5
F: handy vacuum 8.9 8.4 15.8 | 34.1 31.1
G: pepper mill 2.1 2.2 6.9 2.0 2.0
H: shaver 2.0 2.1 11.3 1.9 1.9
I: toothbrush 7.5 6.1 12.3 | 32.9 26.3

#:Td A Linear X Spline & WKL T, EFENKEL
MAE #Hl L CTW5A Z & 2950 5. F72 Dense & L L
TREFFIIS0NEEBREZHIH L CBY, AT
T 5 HFEOHNEDHER TE L, BRFEN L I1C, BET
HEOFERIL 3 oM AR T ERE L 7%\ E 7L Proposed
(Single) DFER L VREAEPETRKEP o7, TNIEIRER
EnASSET AIRENE T R TOEMTEHNT 2 2 &N TE L7720,
IEGERE ANCED WP RWEDEEEZ NS,
F 72 EPE SIS BV T B PR FE T L Proposed (Single)
B, MWHEECTESZHMBTE T3 Z LA LSD Dff
RS 5N5.

R6IIATV2r NTLDT v Ty T 7O MAE
R, HIEHIETO MAE 5K & 7 [blender], [tooth-
brush] 2BV T, IEFIE MAE 2 K& CHIBL T
%. B 6 12 toothbrush DWHEDFI 2R . REFETIE
100Hz DfE7 1232, EEEBSET 2 HIHTETwAH S
EWGI 5.

—7J5C [handy blender], [pepper mill] 7 &', Linear
DI HRETHEICHRT MAE 2V 8wt 7V 27 b b 1F
T 5. THEHMD Y A8 2 H7-FEE, SRERL
SOBHEND, BAEREGEHE NV EE R AT
V7 FTIBENIKEL Lo T LT EEZLNS.
712 [pepper mill] 7 v 7> 7Y ¥ 7 LA 50 %
IRT . RROWIEING S 9T %755, Dense DFEFFIT/NES
LBy ) A R e % { G ATV S, F-EFH Linear
WIERIE R WAS, Dense D& ) 7%/ A4 Xx L Twin
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Fig. 6 Example of reconstructed x-axis signals by Proposed

20 30 40 50 60
Sample Index

related to the use of electric toothbrush.

G 060 200 Hz
E, —— Proposed —
5 N—
[
9065 \
]
S
<
0 10 20 30 40 50 60
S _0.60 200 Hz
75 Dense
e
(7]
9 -0.65
]
M
<<
0 10 20 30 40 50 60
T _0.60 200 Hz
,5 —— 100 Hz
©
(7]
9 -065
]
M
<
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Sample
7 pepper mill ZfH L72BEO, x o7 v 7270 ¥ 7kmD
DR FEAS 77 D15
Fig. 7 Example of reconstructed x-axis signals by Proposed

and Dense related to the use of pepper mill.

eV B.
4.42 AT 17 bX—IITEIRH

Ty T T TOT T = a Y NOFEME Tk
MDODLIDIT, TV s WR= A TEER AR T Ty
T T LR RE T 4 Y R T EICWY 5, HE
B L) 2 TI v FL 7+ LA MEROWTE#EIT-
7212, 74 Y FoH A X128 2 7V (0.64sec) &L
7z, ATENRERK - ¥ = AT v RERROSEATIIE (1], [8], [12], [17)
B, {714 Y KI5, Mel-frequency cepstrum
coefficient (MFCC) & #RIMUHFFME (mean, sum, max,
min, max-min, standard deviation) Z i L, 5O A
HE L7z, T30 ORI, [Leave-one-session-out
Cross Validation| % 72,

RTICATY 27 MR ZTHRERR O R 2 R,
100Hz D5 %o 725 R LT, RETHEICL-T
200Hz (27 v 77 v 7 LIk RO KD, 9O+
TV NEHO FERBLF10%MLE L. FARE
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RT FTT7Vr MR=2THEEORER (Macro-average)
Table 7 Macro-averaged precision, recall, and F-measure of

object-bases activity recognition.

Precision | Recall | F-measure
100 Hz 0.736 0.728 0.728
Proposed 0.837 0.830 0.830
Proposed (Single) 0.813 0.795 0.796
200 Hz 0.844 0.830 0.833

FETCT YT T T LR, Ty Ty T
Y7 OHBLT S 200Hz OFF 5 & A L TR L 7oH

ISR E 2o 72, 812, [(F) handy vacuum cleaner ]
% [(G) pepper mill | 3FERRAFEIRE LML, 2h
SOF 7Y s MIXDEEWREONS SR 100Hz O
BETRAESTLIEDEL VA, 7Ty o7 v 7
FoTRHTED LI IR/ EZLNL. ThE DR
BEre, WETEZHVWLZLETTNAARTANEHLLE
TP E DM LATERERE A 4T ) S L TEZL VR B,

5. E=

51 7y 7HLTUTEFIVONBE
REFHEIFBER-ATT v T 7Ty F2EB LT
BY, BT OEPEEZLEEZONL, L2L, K
e CILEEMFEER (Leave-one-participant-out Cross Vali-
dation) 2BV THOHERE DT — 5 T, HWHEIITZES
EERMWEE LT, RWIETIEY A eI TF—Y 2 HELT:
B, HEREDEKER Y AV 240l T = 2 HETENR
&, JUHMICFRIHATE 2 felrd s L EZ N5, 4%
2% 27 B TO¥ET— O A L CHEE 21T\ 72
WV, FRAREETIE, A XRT 0T v RO IEREE
HEbwolzb Uy HoWEEE, Ty 7 v I EREO BRI
FEIIC & Ty, REFFECHRELAETIVIE 1 2754
ADT =8 DHEHNTERLTWAEZD, T3 ALK
LM EZ T T ALz H 5. LL, FHT—
TN TNAACTRE LT =5 2505 28T, T
A ANDIKGENEZ TIFoNb EE2Z N5, SHBRGEL T
WE7own,

5.2 Ty TH LT TDER

KEFFRTIE, 2507 v 747 7 L CEE &
TForl2ds, EFEO 7L —LT7—2TlL, HilTAHEE
BRI 2B EOT y Iy Y LSRR TH L. 12
L, BB ENLIEIE, HEDTFHVNPY LD AT —
FICHNRTHET LT -y BOREIHER 5720, KED
BTEPFET L EEZ S, RifFETEY 7)) v 7L —1
EATE R OB O MR, S, EERTHW 5L i+
YT T L= EHWCGHIEZ T2, L) EWEERT
DREFLEOMGLL, 4HFIT-o TWw&7zwn,
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6. bW

KEFFE Tl 3 EEME v FOREFITH LT, =a—F N
2y NT =2 FHNTT T T YT AT ) TR
L, 2fHOT—% Xy FEHOTRETEIIERTE
ARELERBZ ERME L. IR T, RETH
A L7ZZESEZHCTE TN, ADLRBYEE & F T
TVl bR=ZFTERRRER A ATV, EBOT TV r—32a v
CBOWTHIRETEE NSO E 25 2 & &
L2 SBOTFELELT, A= 74 VITHARTN
TVWAFEBFEEHO 7L =07 =7 %W TIRETE
EFEITTAIERERHITONS.
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