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Abstract

n in the indoor environment are fundamental
d to deal with these two coherent

Human locomotion tracking and activity recogni
problems for healthy aging. In this paper, we pr
problems simultaneously by constructing a wirele twork (WSN). In the WSN, the Field
of View (FOV) of each Pyroelectric Infra PIR) sen modulated by two degrees of freedom
(DOF) segmentation, which provides coarse ion information of the human target. Data fusion
of the adjacent sensor nodes enlarges the
accuracy. To incorporate the actiwity lastingifime as a crucial cue for activity recognition, we build

feature for the final actigi We conducted experiments in a mock apartment, and
the average mean ac ld cross validation of 5 Kinds of dally act1v1t1es is above 93%.

ognition simultari€ousl effectively.

Keywor

Wireless S etwork, Pyroelectric Infrared Sensor, Locomotion Tracking, Activity Recognition,
Ran Fore

-4

AR RSB ZERAAF B EIERA

Foedk’, WK

oM EZ R, AR TSR, TR M
Email: 'woodwood2000@163.com

Weks HiH: 20174F4H9H; FHHEM: 20174F4H25H; KA HM: 20174F4A30H
SEIE

XEF|H: PR, KR TR MR = AR B E S EIRAID]. LTS, 2017, 7(2): 53-69.
https://doi.org/10.12677/hjwc.2017.72008



http://www.hanspub.org/journal/hjwc
https://doi.org/10.12677/hjwc.2017.72008
https://doi.org/10.12677/hjwc.2017.72008
http://www.hanspub.org

P i

VR

m =

SEMEN N AR SIERRIRAEAN OZRUH 2 EFEENILE L. FCRH T —Mi@EidH
BTk 1L R M 2% (Wireless sensor network, WSN) Rl R R HIX BEAMHAR RIRR K 753 . FEWSNH, &4
PR A 4} (Pyroelectric Infrared, PIR)f&/8%2% (4137 (Field of View, FOV)E i P B B & (Degrees of
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Figure 1. The sensing model: measurement
space, reference structure, object space and
sampling cells
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Fig 2. PIR sepSor node: There are 9 PIR
ensor node, 4 of them using
mask, the rest using type Il mask
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Figure 3. Type | mask: (a) bearing segmentation; (b) multip-
lexing of 4 PIRs forms 8 sampling cells

B 3 | BHERR: (a) #AEEIEL (b) 44 PIR fRREER

8 RAERATT



DA, R K

Table 1. The coding scheme of angle @
F1 AEOMEBAER

PRIV PIR 6 PIR 2
01 1 0
02 1 0
03 1 1
04 0 1
05 0 1
06 0 0
07 0 0
08 0 0

B /NT IR AGHEA I HE A, i A(b) B il IX 5 AL AR
XX R AR AR r o 2 A TR AR r BRI TT R

PR TR G
3. B¥REMN
3.1. ESIFEREE

NIRRT, ANE A S 5 MR AT € LRI RHIE . I
ANRIETZPAE T K RE AR [21], BIBEASCRA STE 1128 PIR 155 IURHIE. 55

T ) STE #& SUN
Zn-1
p;(n)= Z_: mj(k)—avSTEj(n)" 4
1 Z,-1
with avSTEj(n)=Z—z m; (k) 5)
n k=0

Hopje{l M} /& PIR ARSI S, Z, 05 nNE DeREERIFEEL  avSTE, (n) REE I

B, omy (k) R KSR AIE SR . ARG SLRIE T, Z, =15,

A p, (n) WERHE BIE th RS PIR 25 HE il -
mj(n)z{l p; (n)>th;

0 otherwise

&
H

(6)
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Table 2. The coding scheme of radius y

T2 Ry OREER

SKEEMLTT PIR1 PIR5 PIR9 PIR 3 PIR7 Ay (m)
1 1 X X X X 0.0
2 0 1 X X X 0.8
3 0 0 1 X X 1.3
4 0 0 0 1 X 2.3
5 0 0 0 0 1 3.0

“y” ?%ﬂi\‘ 0 E‘Z 1,

PIR f£/&4%

igure 5. (a) The floor projection of the sampling cells, the
segmentation of the object space within one sensor node; (b)
the center of the cell, the blue point is denoted by polar coor-

dinates
5. (a) RFEFRTAEME LAIRF; (b) KAEERTiF Ok
& = AR RRR R

MR A PIR F BRI IE SR M (n) =[m, (n), -, mg ()], BATFEAR T 1 192 2 W
WA ORRER TG, JFRRAE(3) TS A BRI £ L

3.2. BiERS

FEASCHI SRR E . A7 5 MBS R AL R B, TR WSN, Wil 7 fros . BRI
T RN R A B E S, W AR RS R mE ARG . K 7, € SONER kNI TR ES 1 H AR
AL E (X, Yy ) o B DLSRERIEFE IR T i A A RS 5 i v R IR ik A (R TC RO SR, a0 8 s
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Figure 7. The projection of deployment for the sensor nodes in two-dimensional plan
view, where the centers of the circles are the installation position of sensors mounted
on the ceiling
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Figure 8. Data fusion of adjacent sensor nodes
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Figure 9. Data frame and window. The size of
each data frame is 30 sampling points, and the
size of each window is 15, sampling points. The
overlap between two successive data frame is 15
sampling points
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MRER, FHEEOKNA 15 MRS

NEEH RN ZEA 15 MRECHEERES

4. FERIBEHLAR
4.1. BEHLAREE

AR, FEHLARM(Random Forest, RF)&AT
AR VL 45 4 [23] [24]. EIIZRRTBL RF R
B IGRFEA T BEAL AR TR, RIRAE B 4
FEAERIBENLF2E, SRJ5 T 4R f e 3 — N YamaRE, X (0 8 1 A T2y, il 10 FioR . AR p SR R T
fe AR B B R (VR BE T AN AT BYAL o 55 1 RS ISP I 15 B B A 45 R . RF 2 — M BR/RHMEIE RS I
SRS B 2 A RE 7T 8 ) B i 7 FENE S PSR 90 2841 %%, /& Bagging Ji v i s N S 2
—o PSRBT @ g

MG 12 |2 KA 20l . RF A& 1F Bagging 5
AR, T AR PRI R AR 2 A

VESS AN B WP R S v, R T
Vi = \/(Xt - Xi—l)z +(yt - yt—l)z /T (11)

SAFAH A E LN AE B RR SR [a],  FRAVEH 7RSI BRRZS L (finite state machine, FSM).
FSM TN AR DL IO EORZS 2 A R BN ESEAT N I BUE Y [34]: o RS e Tl
ZHMEE, KRBT REMFHEBIIE RN HRBRRESIATE, FERIRES KR R 1 %1%
IR SR N AEL € W ZI T AT RS SR . 58— 2 RF 0% H SCRnr, B L FESCER, %8 FSM
H— AR 2 5 —ANRAS, B350 FSM 7E [ E— RIS BT ORRFIIT ] B4 S0 E 1 Rt
] D, #t AT ATHE y:

{Ct =C,+1 if Li = Ltl (12)

C,=land D_,=C,, if LzL,
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Figure 10. Random Forest. A forest is an ensemble of trees. Each tree
consists of split nodes (blue) and leaf nodes (green). The red arrows in-
dicate the different paths that might be taken by different trees for a p
ticular input. The final result is based on the maximum voting amon
trees
10. BEMLARMK. — P HMRERHER. SENEBEE ML (E
B)FMMFHRGRE). BN ENETARERT —MEE
FITTRERRR. RENEREETMENNEZHIRE

IS 7 R I B

St
v

7 + v
5 R BEHLARAR

v

UESLES

Figure 11. The overview of data processing. The feature vector for the
first layer Random Forest is {x,y,,v} . The feature vector for the

second layer Random Forestis {x,,y,,v,,D,}
11. BRALIERIZEE . E—BREHAMRIEHEREZ (X, Y.V} -
FE_RHENARMBFEEEZ (X, Y, V. D}

Forb CRBIRIt RO R T B,  DRESEEN R RS 1. B, B (mom L, --t) R
2 RF A MASNE, ML -1 —ccl%1,, WD, =D,,==D,=C,o

EFH 2 RF 04, RIS 2 RF BRERR (x, v, D) - % 2 RF M2 RITR
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5. 5Kh
5.1. FERE

ARSAE AN HRRLI N 6 m x 6 m {5 NIRRT 198 . T ME AR 1T sl 2 AR R B T 3 K A Ay
FIRAERR L, TR —A WSN, 1l 7 fios . 84> PIR AR BESHERFEAIA N 16 Hz, AR5 m 2L MU
PEkeiEId 2.4 GHz 1) ZigBee VSR BT 5R[28] 0 Ja, VLR S EURAL S PC LT HIE
ARBE . X EEAL AR T BRI A AL AR 3 R A o BRI AR TS R 7 A A A DX OR 2 D s T R R
3m A2 HE

MR R BRI, h RIS NARTE R A

22 [6) “YERRE LIRS B IE, 7553 9 WAL AR L. RF 5 — Z AN R 10 R4S
ARG 2 LR 722905 0.85 m. ZL(IET. i » SRR BRI E, XM

KRR 1.0 5%, 2. 4, 3. 34, 4. 475E, 5.
TP, £E 13@)F, A UG R WIN GBI R, BIMEEBEAFHLAITE. £E 13()H,

B FARPRUHEZE . RGUSARAERI R 5T 93%, 55 56T 1] 28 M AL B ml W AT AR A 1 1R 00 7 2 2 L 4 o
#i[11] [29] [30] [31]. #RTfT, HHTSEEGRAFHIANIE], AN LEBHERA 2 2 A8 I .

N T EEEL RF 5 HA 23 R 28 10 Rk, FRATME F SCHF Im) &AL (Support Vector Machine, SVM)AIAR 2 U1
17 (Naive Bayes, NB) 73 Al A B A 1140 AR L (1 )28 RF FEHEAT 9256 [22] [23]. 10 #7128 XA TERF
VIRER bR UEZE S T3¢ 6 . IR SVM A1 NB FIHERISRL T RF. ALAJEFEITE T NB Bk 5k 7
SRR, X STEE NS 8 R AETE S B XS i B S A — 8, e 13 f R B AR . R R
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Table 3. Position of sensor nodes

=3 ERRUE

Node 1 Node 2 Node 3 Node 4 Node 5
& (X, Y) (0,0) (2,2) 2,-2) (-2,-2) (-2,2)

Table 4. Mean accuracy of the first layer Random Forest (%)

= 4. B—EBENARME) THETHER (%)

sz ALt R
el ik 4 i34
i 62.17 37.00 0.74
A 8.67 90.40 0.80
b 0.33 2.21 93.80
Uk 0.00 0.00 0.27
AR 0.06 0.11 0.03

20 BRURSEM: SFIUERZEA 82%, FRdEZEN 0.05,

Table 5. Mean accuracy of the second layer Random Forest (%)

5. B EREHNARME) THETHER (%)

o5 SIRER I
el 7s 4 i i LELES
ik 98.75 1.16 0.0 .00 0.09 98.75
A 2.01 97.61 0.29 0.00 0.08 97.61
4k 2.21 1.33 2.77 0.22 93.47
i 0.00 0.00 87.50 12.13 87.50
W EEE 0.06 9.77 89.84 89.84

20 BRER SRS SPIGHERI N 93%, Ao

0.75F
0.7+
0.65F
0.6f
0.55 —_— BE
-6- g3
05 Il Il Il Il I I
0 10 20 30 40 50

Figure 12. Mean accuracy and standard deviation of 10-fold cross-validation for different number of decision trees in Ran-
dom Forest. The number of trees includes 1, 10, 15, 20, 25, 30, 35, 40, 45, 50. The blue line is the performance of second
layer of RF, and the dash with circle is the performance of the first layer of RF

12. NEHRHAIFENLARK 10 3732 XIIER) FEDEMEIMEE . WAMEE S 34 1, 5, 10, 15, 20, 25, 30, 35, 40, 45,
50, LM% EEZEMN AN, TERNIEELZEE—EMILARKRMEEE



DA, R K

e 6

g

5 JRBHLARAR I U4 R

o e T}

TEHEF 1 P B B Sh Bz

B JRBGHLARM ) I R

~ - - 3
|
Alowe! I HHW \ " - %
T ommmermel | \ < )
W 50 0 EJ -6 4 2 2 4 6 e
i x(m)
FEE] s =TT 0
TE AP R A |
P
Wl )
e ]
5 FBEHLARA I 5 R 2

m £
®) My ]| EL\Lf

5 JEBIHLAR B IR 2

4
“\W\HHHHHWT
5 0 15 20 25 30 35 40 5 50 55 6 -4 -2 0 2 4 6
x(m)
FUIHA 6
e TEHE-1f P RS S 3T
)y '
Wm| i T 4
I LT Formommpperre 7
5 10 15 2 25 a0 0 45 50 55 R '

iR BEHLARAR B AL R

4 T To l “

[—3
=

R BHLARRR I LU

- oore —4
p !
o
O M bt % 4 2 0
Hol X(m)
FOSKHI 6
o ovens - 2 | (R EAE
s SR
AT emereeermeee{ 1 TLATTL]
® [ T —

S B HLARAR B IR 25

o ser em o0 _

P 0 "
d il - v
) el g Z :
50 %0 100 o % -2 - <
B R i - e
Tl p AR - Y.
[ e T e s e o
Hd x(m) ~
. = " “
" 1 ""ﬂ"ﬂ_ m H n 6 Vil B Eh
¥ (I LD
50 55 6 70 75 80 ¥ 100 105
N 35— B AR L5 2
e
TITTITL T
N e
WL HRAIR ISR
) T Meel ... 4
) ‘ HHHHW T el
K o RSE i
e L,

75
HA

Figure 13. Results captured from video and the server PC. For subfigure (a)-(e), the left column
presents the ground truth labels of each second, the results of the first layer random forest, and
the results of the second layer random forest, respectively. The middle column is the moving
trace of the human target on the map. The red square is the region of chairs, and the green square
is the location of the bed. The right column is the snapshot capture from the video, where (a)-(e)
represent walking, sitting, lying, standing, and lie-to-sit, respectively. Labels for activity classifi-
cation result: 1. lying, 2. sitting, 3. standing, 4. walking, 5. transitional activities
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Table 6. Comparison of different algorithms
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