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Detection of physical ability decline associated with aging using depth

image recognition method
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YASUSHI YAGIH®)  HIROHUMI NISHIKAWA

Abstract: In an aging society, the increase in the number of people who require nursing care has become a
problem, and extending healthy life expectancy is important to solve this problem. Fractures and falls are
major causes of the need for nursing care among the elderly, and accidents involving falls tend to occur as
physical ability decline due to aging, leading to more serious injuries. In order to prevent falling accidents,
it is necessary for people to understand the risk of falling as soon as possible and to take measures such
as exercise and improvement of their living environment. Therefore, in this study, we proposed a method
for estimating the risk of falling by combining image processing with methods used for action recognition in
depth images. The fall risk is defined using the TUG (Timed up & Go Test), and the data used are obtained
by capturing the TUG from the side with a depth camera. The obtained depth images were arbitrarily cut
out for one second and trained using 3DV (3D Dynamic Voxel) and PointNet++ to create a classifier that
can automatically estimate the risk of falling. As a result, we found that it is possible to estimate the risk of
falling from the depth image captured in one second, and confirmed the effectiveness of the proposed method.
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THENOEERSTZENTE, HAMED 1 5TH BN
HEOEBERFBOT L IZORM I EEZONS. G#ED
NEEZRQVELTB X5 hoERIERD S B, B « i
BENEERANE, Bazarh, R IC X 2 EFHITRNT 4 FHICE
W 12.5%% TV 3 [1]. ImEERUIIFEZERSITONT
NDREZ B e T HPEELLLTL, UL BA
BEATERZEHIH LB RRED I B 2 R A 2G| Sl
L, BEIEROBRIEERED 2 22 IC0R8M 5. TD LS
EAER 2 RIRICHHIET 3 720121F, WHIZ < SEEEEED
KT ZBRH L. MREHE LD PBETH S

EEE OEFEREENCTH T2 0 LTEE Y
tAX v Ra7y— RS TWS 2][3]. 2hi,
WREDRESZa7 > — FOREHICYTEXE 0%
FroZ3TB5ILTYVRIOWERITH>DDTHS. L
L, ZORa7¥— MINREFEOREL X H 2 ERNEE
FRNEE TRIFIETHEZITS 2 e TE T, ENR
FHI D EFNIEB ORI OB B L EZ NS,

2O LM LT, BEICHEE Y R 7 2 H#HEE T 20
KT ONTVE. ATHBEZHWTEFAILT 2L Y R
27 OHEM 24T S5 BRI THIS R 7 4 DF — B R [4] H3HE
I TEBD, ZOF—L 2D AL ZEBEHEEEIZW L
B ECRABREDRE T a7 2B TE 2 e 6 %K
DORRALP, EHINZ R a7 OEFHEITS 2 e hifFsh
5. IS EBSRE R R T 2 7 X 2 LTED )
TERATWV, ZHUThh 2 R & GHIS 2 Fikse 5], B
BrEAWEFEREE LT, BRBETLINEEL Y3250
WE b LI Y R 2 R2HEE T 3T 6] R YRR I
TW3,

L2 L, EREOFRIGEHINICRGECHE > DB D 5 2
R o TV A S N T AV NV = s = E L A a)
CRIRAFOAHICBYR L EXOND.

Z ZCAMETIX, HREH X 5% FHWTHELERZ iRE
L, ZOWED S HEITY 227 28T 2D DFEr R
RT3, H XTI & 22033 E % T USRI A2 R E 1
B, FREED X 7MYk CORRIRE T 2
Zeh 5 RGB EBRY L L THERD 754 Ny —12
FlEXNTWEEWo2 XYy b03H 5. BRAD L IRE
EROEERF TH W 545 3D Dynamic Voxel(3DV:24
T 3DV & RELT3), MBI T 2HEMEEOFIETH S
PointNet++#ZfHAEbHE 2 Z & TIREBE G SIEFH DY

2IDHEETE B 2L BRT.
2. FEAEHRE

2.1 ERDVRIZFHTBHR
ENC X 2 7 AREEIZ DS DZ T 272012, U,
VI X S EIKRREO N E R D DB X D ZeRb D
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29 272 8 ONHL R EYNCAT 512X, RS 2 kRt r 7
WF2ZeHEETDH S HEKREZFMT 27 AL
T Timed Up and Go Test(TUG:A T TUG & Kild %)[5]
M RINCHAVSRTWS. L, 2DOF R P 2EMT 3
WIE R A 2253 2 A%, BBl ko TR T A M 22T
NN EATSRBEHRDHD, DT A M EAVTERE
Z2EOEHAEIY R 72 THT 522, FHRT R MThh
B I ORED & EHNITS 3L wWeEZ 5N 5.
AT, TUG TIT O BIfEEHHEAETIT 5 IR TOEEER
KLU 72d DTIER L, BHEE Y 27 O FRNIIRR LD 5.
ZD7D, kO ZLOEREZEZER LS A TIHEIV R 7%
BIEE, F 7B BIVICEHIE S 2 72D DI Z L fTbih
TW3. 2D 12, HFECEE SN INEE L 30
FHARRE SR LR E D R DERE S BIAE DI ERRE L ¥ D
EWMOIAE, Z LTS XY 4 B2 EREN
ZAUCHEAT T 21TV, BEEIV 227 % 3 BFEICH ) THEE
TR D B (7). BEWEEE 2 F W Bgt bl & L ThnE
Y28 L RESHEEE LTS 22 TE6h
iz, R T =X L TH¥ERITS e TES
long short-term memory(LSTM) *v b7 —2ZI1ZAN1$ 3
& THEIY X7 OHERIZAT 5 03D 5 [6].

2.2 REIINTBRIIRRT

RBEEIE 3 RTCZEM RICdH 2 MOEB T Lo THRE
72b DT, EHfE HERL T3 XMikoFz &b X KB
LTWa. S 2 Ve filf 2 083 2 FEEBEE AL
ERINTED, 2O 1 O EEERZ ENMIEIL T3
XILD Convolutional Neural Network(CNN:AF CNN &
KiLT 2)[8)[9] ZWH S 2Tk [10][11] THS. L2 L, K
HOBEIZL > TR LVOBBREPZT IR IR
JLD CNN Dt RIIEH IR 0205 Z 825, 3 RTTD
B S 2 JZTTDBEADL ¥ XY ¥ 7% OB D 6
TV, B 507 2 ZOTOEIBITH LT 2 X5tdD CNN %
M9 2Tk [12] mEPRRS N, TOFRIEIRD 9
PR AT TIRIFF TRV ZERL L 7203, ¥ — > D
BRR HF DB Z & O R TEIRMSE R & D 3 KITIEH
WS ZBAZAOEADE L. Z OB R RS 5 Fik
ELT,3RITDT — X DB RDPEREZ X7 P IVITERL,
JoNie 3XTTORY FIUTH L TeEEREZ AW TR
RS TR (13) MU, ZRZHGR L 7Tk [14] HER
nNTn3.

2.3 3 RiZERE EOBERHE

REAX 21 3RE T 2R ComBEzFHIL, Z2h %
EfRE LTHAIT 2. REEROSE 7 2L OEIZA X Z
WCH S YR ETORBTH 2729, 3 20tz Lot L
TR R 2T D 2 e TR LM O 2K 2 Z &
HIAJHET ® % RGB Mg 2 XITD FHIDIEM T H 2 DI
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HU, KRBT 3 RILDVAEDHERTH 5. Z D7z DHEFEE
FROWTHBORMENRZ 5 729121F RGB HETHWS
NTVERFELIIRERZBONRBEL 5. BFD 3 T
DEMERBRO FIRIFIEE Z X —Z [15][16] ICLzdbD &
BER—Z 17[18] 12 L7zd DA H b, IEETIE RNN[17]
% GCN [19] ZHWBEN—2OFEIFHEED TV
%. LH L, RGB E{RLIREESR D & EMEIC A O F1E %2
WMETZ2ZRHLVEALD . 20720, X DEHAN
BRFEL LTHEEXR—ZADFEIHFELVWEEZLNTE
D, CNN % fW7=Fi% [20)[21] @WK E TOBIfER# %
FHLTW3.

3. EEFE

AIFZETLE TUG ORRT 285 LTS & L7 RE IR
MHBHTAOKREDET 2L EITI.TUG X 11 B
ot EEER N ERE D ATREMEA SN & BT
N57:9, 11 et UCHREREGY 2 2 E0HTE S
MY DEET L. BERRICHS NS FIEEFALT
REE 52 & 11 B D NS R ORBUE I L, RATD
T—RENET LN TELIPEPEERT 2. AET
AT 2 RIS OWTHAT 3.

3.1 3D Dynamic Voxel
GREEHESICINZ T H X 5 O£ AIHEE Y E§Ro % Zik
TERIR—=REMAND I CIREEGE SEHICERT 2
YT E D EEEGYTRE SN ZEEDORE M
T22DICTRNTORBEEATNCHEHT 22 2 13¥E D
FITHEER AT OFHBEOB SN2 5 R TIENETH 3.
Z D7D, BROBREEBOERE TN LoD, FEET
5 DI T R GHE /R L7 REFIETH % 3D Dynamic
Voxel (3DV:LLF 3DV 2 £KFl T 2) [22) EA 7T —& L
THW.3DV 3D #2150 3 KoezEM kicER
BbETHREINE -0, 1 DO ERET 3 X2 Lo A
HOEE2REAITZ2INTELZ 00, EEER—2
W UEEREZ S WK EETIT S 2 e 3T & 5 [22).
3.1.1 Point cloud »*5 Voxel ADZEH

RUIMBED N, REEIRD) 18 50 2 K2z EHA
EbEZZLIETERY. ZDLDEERBEROR £
NCEHT 2 2 THBOERAEDLDEEERLE. K7€
A D—Z 35mm THRZ LI 02 1 DEEEL, R
TANEICHDFEL TV A HEIE 1, ZhADEEIT0
BRI LNVDEE 5. K 1(b) IXMEHN 1 DRI LLDAE
HFOTuw V7 TRHELEDBDTH 3.
3.1.2 Voxel 15 3DV ADEH

7 L — LHE N OREHEIRY]H S 3DV 2ERT 5 2
bREZBt 7V —bHORIZ LNV OFEE (1,y,2) &
Vi(w,y,2) 2558 Vi(z,y,2) DEIZ120THY, ERE
N3 3DV % D, ZDPERE (2,y,2) & D(x,y,2) & L7z &,
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(a) Point cloud

(b) Voxel
1: ifft zheZ LR 7t

Fig. 1 Point clouds and the voxels created by transforming
them
D D& FEEFED I

Vi(z,y,2) xt

D(:z:,y,z) = N (1)

L85,

WS 2 AECHEEEC X % 3DV DESR B D ARV
BWEE 2T HTzo T/ A R DML H 2. &
D7z, DI LUTYUTO &5 2k Y 3DV OfE% IEHTL
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33
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Fig. 2 Temporal split for 3DV extraction
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BoRER 5 VX2 2048 » > 7V 7L, fER A
722048 x 8 DT — R MW A vy b —ZIWZATEND

3.2 PointNet++

Iy b7 —=IANDANT— 213 3.1 B THIH L 7z 2048 x 8
DF—=XTHYH, HINFIEH (TUG OFTERH 11 #LLE)
el (TUG OFTERRE 11 #Ki) o zhziucxtd 3
MEEEZRT 2 ODMETH 5. IEAICH &N 2 RO
WIERBET — 21T LTS % S B2 E %217 X % Point-
Net[13] ZHE5R L 7z PointNet++[14] 2 L, #HKBHIX
cross-entropy % Wz, ZOFITIIFERBRICHER LY b
T — 27OV THAT 5.
3.2.1 PointNet++DHE

RBHEEE 0 mR L3R OBIRE (RATE) 2HoZ &
D5, 1 DD EDFEFOWEM VI T < D A+ DBtk
WE¥ET 5T, RO I A YT —>arvk
FRETITO 2R TEREZONS. o, mBfZ O
BEIRTATRE), 10K, fiih L7 d 0 b [F UEHORE &
WS 2REFCHD (BEIAZEMN) |, SOARIEICED S
BROEEDFRI L THNREFA—DORTH 5. RV ET
5INODRBEERBLOOEERITI ZENTEDL Y
h Y7 —2 2 LT PointNet 2ME2RENTW3. L L, b
35 S EEMN SR L IHOBEREE AL TWE 2 e
SO RE L OMGRELHEE T 2720 TR AT TH S
BaEDH 5. ZDZ 5 PointNet++1& PointNet % Fl
HNCHWS Z & Tdh 2R EREN 72 A+ o BRI 228
TZ3.
3.2.2 PointNet++DXxw b7 —UiEiE

S E{#EH L7 PointNet++DHEEDHEEZ R L72b DM
4TH 5.

04y M7 =27 TR %Z sampling & grouping,
B AZME% Max Pooling W5 Z & THS L. %8
AENEDPATBEIRHEKR, fihEFy bV —IANANT 2
JERE T — X DIERLEITS 2 & THIETE 225, [MERfEH)
WXL TIEME L T0awn, ZHUEEBRICHHR L7 — &
DIRTCE—DHENORESNZDDTH S 720, FH
3y b — 2 NTEEBENNS S 2 0 2 FEEE 31T
FEETo 7.

sampling & grouping TIXJRATHEZ IR T % 72 DITILHFE
DROERZ F DM EITS. AN mDOHr o
FURLZH TV TRTN, BT T LR DR
WNZH 5 B DEREINET 5. ZDFR, PointNet 12T XN
LB OROE#RE CNN ZHWT—2IcE® 5. Z
NZHDIRST Z e TEHITBERERZR L OOHEREL
JEMET 2 Z e TEEEETO¥ B EMRNI/T-o TS,

4. EEREEFET X FOT—X
AW TEMEAE D TUG £4T 5 KT RIRIEH X 7 Tt
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ELTELNEFERHGRE HWTEREZIT- 2. AETIX
EEBRTHW:=T —XIZOWTHAT 3.

4.1 EENFEEESHET X b OBLE

AFFE T, EEFEREDSE T LT 20 E&0 2l § %
7e®HDT A LT TUG ZHWATUG 3R TICEE - 72
ZEDBHALE B D 3m D HEITH iR L CTHERTIC
FE 2 ETORMZRIET 5. TUG IZhh o A 11 7
LI EDgGE, 47 - BEIRES DK TIC & 2 E 0 G ED
A WVEF SR ZERE DML 1 Dk 72 % [23)].

4.2 BERE

2] D EER Tl Microsoft Kinect v2 % FIW TR H %
ZfRRIE 512 X 424, 30fps THEEEIT o772 K513 h X F
¥ TUG #2175 BTN BRGRER LD DTHIX 7136
X 1.6m OHISICERB IR TV, X 6 3R X/ RGB
B REERTH 5.

4.3 EffT—32DER]

TUG OBYRIZHTEZ T 2 + DBYRZ T 2 #E T2 DT
372K, IXTRIED B Z e R gl TR» 5 HNHE
TRERIET BT S 2 L THYREEIR Lz 7 A b OB
f Y KT OHIWNFEIREICHRE X 72 RGB Mg % MR T %
Z e TiThh, BRI D A2 1D ICH ke 7%
], #ETIIADEE D M Z T3 2R U7z, Btad o8&
T £ TOREICERRE SN ERERIGY % 1 [E79D TUG D
Mg LTHOWS. BREERIC > TRbMLT—2D
Fhpr TUG ORI DEREX 7 IR,

TUG 23 11 WLLETH 2 88% (Positive) & Z 5 TR\
PR (Negative) D7 —XBURD 23 D, BIAE 217
5 LT ZDRDIGAEEICORNIIGEDR D . ZDI=D,
65 ML LT N TOHBRED T — X EHVWEDTIERL, —
HOWERE T — X DAEHVWD Z I L AT, 28
v b7 =27 OFULERER T — Xt v DT DIZDITK
FEMRAE (cross-validation) & FIWTHEERZITS.

Group 1 Group 2 Group 3 Group 4
1D TUG 1D TUG 1D TUG ID TUG
0 11.514 11.416 | 12 | 12.736 | 18 | 10.768
1 9.522 7 11.133 | 13 8.276 19 | 13.803
2 6.501 8 7.167 14 | 11.335 | 20 7.931
3 12.624 9 9.033 15 9.234 21 12.100
4 10.033 | 10 | 10.433 16 10.234 | 22 9.200
5 8.100 11 8.868 17 7.800 23 8.567

£ 1 EINV—TOWEEID ¥ TUGDRa7
Table 1 Subject ID and TUG scores for each group

R1IBEINL—TOHBEEDID &£ TUGDRa7 %%
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class scores
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PointNet

fuuly connect layers

3: PointNet++DREEX]

4: Conceptual diagram of PointNet++

3.0m

P10 3 L b

5: BB

Fig. 5 Filming environment

(a) RGB image

(b) Depth image

6: FREZHEIS
Fig. 6 Acquired images
OB DTH L. FZI7N— X 11 L EOWEREH 2 A,
11 AR OHERE 1 F 6 FLLL 8 B, 8 DL 5 9 fR
i, 9 LI & 10 AR, 10 LI LD S 11 R OH
BENZFNZN1IAGENTEY, SHEOFEBRIIZD 24 %
DWEEE DT — X2 HNTTo 7.

5. 2Bk
5.1 FiLIE

3DV DBEILDFMY [22] TIXIREH X 7 THRE L 7-H
BE2ZDEEFHNT 3DV ZIERL TV, EH X F
TR U EAROITENCBR S 2 DXERNO—F O H
ROATH 5. 2D, GREDHICDH 3 HEE AN DY
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11

40 50 60 70 80 90
Age

7 Fli e TUG ORI D51
Fig. 7 Age and TUG score distribution

MR E 2 RISV X 5, REEGRN OBERE O
WoAEHMET 22 22Uk 2 ONEITHEERE DN
X/ 4 ZDFRE 8(b), £ L THERE SN DERIEVIEDBRE
8(c) D 2 DDIUFIT T TT o 7.2 DH DB TIIH R
FED Z 2 THBEEDOADFEROMHZ1T> TWVW3 5,
Z DR, BRE LN OF WA T ERICEEFNATL E
572 1 DHDOWMHEZ1T - 7.

8(b) 1X 8(a) OEE FH5 &, —E L Ol H
HEFOE 7L ETRTERED LEEERTHS. 20
WX DEREEBRAND TUG 2 Thb 2 D A $ 5 2
EHRTES. X 8(c) 1F OpenCV IZEHE XA TWVWS MOG2
ZHOWTERED 2SS 2 Z L TAYEED ADHH %
To7z.

5.2 RROMEAEDE
SEDEERTIE, K 8(b) TR Z1T - 7% & 1K 8(c)

F TR 1T - 72 {0 2 EOFEEE G 5 3DV Z1F

MLUTHE - TAN2{Tolz. £/, EBRIIL T & > E

R BHETITV, ZNZNORERE L 7=

K1 FTFRKREEALEER G SIEK LT 3DV %
M

K2 A\VOADPE - -EEEGD S/EKR L 3DV %
M

REE3 EF 207 —XIIMAT, 20 5% EE SO
ZHIMNT 15 BT OREXE 7 — X2 FEHT —
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(a) Acquired depth image

(b) Image of the floor and chair with
the subject

1

(c) Image of subject area only

8: FERIEMDOIRE

Fig. 8 Removing unnecessary information

ZIEH
7 — X OFES \ EIE 1 2 3 4
L Group 3 | Group 4 | Group 1 | Group 2
Training
Group 4 | Group 1 | Group 2 | Group 3
Validation Group 2 | Group 3 | Group 4 | Group 1
Test Group 1 | Group 2 | Group 3 | Group 4

x 2 FEBRT -2 OMAEDE

Table 2 Combination of experimental data

F 72, REBRIREMIEEAWTITo/2.1 TRLZ4D
DT N—TF DN, 2 D% Training 7 — &, 1 D% Validation
T—&,1 2% Test 7—XE LTHAL, R2D X I51IK
FZEMGEEEAT S .

53 F—2tvh

3DV 7 — &% 3.1.2 T U7z D ISR & 4, RIEBR
TIEN=30 e LTERZTo7 (M9). 7L — 28 M
@ TUG W2 58] b H$ 30F o#ifl% IF 3o 57
Z T, i M-29 D 3DV ZAERK L 72.24 4 DHERE T —
I LT Z OB ZIT - 124G R, B ohi 7 — X%
FrDOIDONRKRITHS. £/, £3DV F—XDIER
ZRUE TUG DR a7 11 B EoHEBRED 7 — 2 %
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1(Positive), 11 BRI DOWERHE D 7 — & % 0(Negative) &
EFR LTz

3DVo 3DV:
.
= =

& 9: TUG OB L 3DV O DBR (F: 71— L)
Fig. 9 Relationship between TUG picture and 3DV number

(F:Frame)
label\ Group 1 2 3 4
Negative 808 | 953 | 913 | 868
Positive 532 | 513 | 514 | 640
A5t 1340 | 1466 | 1427 | 1508

%3 EBR 1207 — THD7— &K
Table 3 Number of data by group for experiments 1, 2

R 3BHEITN— T DPHRE T — X ofEH S Tz T~
TDT—ROBEZDEFHERLLDDTHS. F5i 3
TIFDEERIC £ 27— ZIRRIC L > TH 3 D 3 HFOHD
T = ZPER I, ZDHDD 5 Negative DT — X % 1984
i, Positive D7 — X% 992 Hl7 > X LB TV 7L
T Training 7 — & ¥ L7z. ¥7z, Validation 7 — & & Test
T = RIFFEER 2 L FRRO T — X 2L 7.

5.4 FHEFE

FERAEFITNT L, ROC(Receiver Operating Characteris-
tic) & — 7" L @A & W TR E R 2 17 - 72.ROC & —
ZVEHENTEE (Sensitivity), BEHIC 1-RF5EE (Specificity)
D2 ODFFEZ L 5 ROC HifE 7 7 7k FOTHMAICE
S HIRIZEBEINSWRRTH 5. A1/ 3DV »
LEBTHWS XY bV =212 0D 7 (Negative,
Positive DfEFE) #H AL, 2a 70 1.0, 227
130.0 1.0 D% ¥ 3 .Positive DFEEEHD D 2 BIELLED
RHCHEEMZ 1 & L, BfEZ 0.01(1%) %I4T 0.0 1.0 OFH
TS Z2ORER2 70y M 5522 TROC H—
TRAERR L 7z

6. ¥ER

FERIILUT D 3 0ZHlET 272012170 7-.

o EHEIFEAEIN T OMANT N T 2 EETFEOH MM
o RERTHREICG R 58

o 3DV OMEDOEEIZ X 27— XILROHMN
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£ 41352 THRREZEEBROIN—-TT DT AN TF—&
Wt LT d R © RPEE D DY E b - 72 I 0 B iE o i
FRLEDBDTHS. £/, K10 125K 4 DREEORERE
EKERANCF D7 ROC H—T7 %R LT £5ICZDRD
AUC, &, FREZRT.

% 6 13 TUG TiThbh 28Ez i (D), H1T 1(®),
&= 1(®), 17 2(®), 22— 2(®), & () D 6>
DEWEICHEIL 72 ZOBERIORBEEZFEBRIicE
72bDTH3. %/, RTIETUG DR A LBIDOFEE % B
TEWELDIDDTH .

X 10 1I2B8BWT, HE 1 2 EE 2 TIRIZL AEVLR
, EZE3DPBRDIEEIE NV LR TES. £/, £6,
THOERIICBVTHIEEORETEED 1 Homb
PORETFEEH VS Z & THEEIFEEE T OHEEDRIHET
HBZrr, 3DV OEELC K BT — XILFRDH IEHHER
TE3.
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Table 6 Accuracy by behavior for each experiment

FER | 6s & Ts 8s 9s 10s 11s 12s 13s
1 63.3% 74.7% | 56.8% | 45.2% | 67.8% | 58.3% | 66.1%
2 67.4% 76.2% | 62.5% | 43.5% | 57.8% | 56.2% | 73.0%
3 85.3% 82.3% | 66.1% | 47.3% | 53.4% | 73.4% | 78.6%

FEER | IAN=T1 | IA=T2 | IA=TF3 | TAr—T4

1 0.14 0.29 0.01 0.01

0.02 0.05 0.78 0.04

0.03 0.98 0.77 0.97
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Table 4 Thresholds for each experiment
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Fig. 10 ROC curves for each experiment
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%ER | AUC I REERE
0.6469 | 0.5918 | 0.6469
0.6196 | 0.6104 | 0.5956
0.6874 | 0.6941 | 0.6430

£5 EBRIroT X MER

Table 5 Test results for each experiment

£ EBZTrD TUG DX a7 HlokEE

Table 7 Accuracy by TUG score for each experiment
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