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Abstract Activity recognition for the purposes of recognizing a user’s intentions using multimodal
sensors 1s becoming a widely researched topic largely based on the prevalence of the smartphone.
Previous studies have reported the difficulty in recognizing personalized activities of individual users
given that the collection and processing of the vast amount of activity data from multimodal sensors
are separated and performed on off-line. In addition, recognizing personalized life-logs is difficult due
to the absence of a framework which enables the addition of activities by the user themselves. In this
paper, we propose an adaptive Naive Bayes (A-NB) algorithm and hierarchical activity recognition
framework (HARF) which extends the Naive Bayes approach in an effort to personalizes the process
of activity modeling & real-time activity recognition. Based on this approach, the users can add or
model their own activities by themselves with a smartphone. The proposed algorithm demonstrates
relatively higher accuracy than the Naive Bayes approach and also enables the recognition of the user’s
activities in a mobile environment. For the purposes of evaluation, we have developed a smartphone
application. Based on this platform, the experimental results demonstrate that the proposed algorithm
has the ability to classify fifteen activities with an average accuracy of 92.96%.

Keywords: activity recognition, smartphone, multimodal sensors, naive bayes, life-log, person-
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Type Area Activity Sensors
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Home Sitting
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Location & B
. Walking Accelerometer,
Multimodal . - .
Office Sitting Gyroscope,
sensor based - ..
- Standing Proximity
activity - and GPS
recognition Walking
Sitting
Outdoor - -
Standing
Jogging
Waiting bus at
Location bus stop
based Having a meal at
.. Outdoor . GPS
activity cafeteria
recognition Exercising at gym
Visiting a park
L. Accelerometer,
Heuristic .
based Gyroscope,
acti‘vit Outdoor Riding a car Proximity,
e GPS and
cognition ..
s Heuristic Rule
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Fig. 1 A-NB based hierarchical activity recognition framework for enhancing a recognition accuracy
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Personalized Activity Recognizer
and Logger (pPARNL)

Press 'Menu' button to browse services!

»

PARNL
Manhyung Han

INTRODUCTION'

August 17,2012

1.0

Android 2.3.3/ API level 10

Personalized activity training and

recognition app. by utilizing

sensors on Samsung Nexus S,

Galaxy S2 and S3

1. Monitor sensors

2. Plot acceleration

3. My location(A-GPS)

4. Training activities

5. Recognizing activities
6. Developer's information

L

Monitor Sensors Plot Accel.

Training

Recognition

(a)

My Location

About

" 3 AARE BARIA ARFE TR
A9l Eold R Q1A UL AlF. ()= 271 A8 B 35 7HEE AN fs A8 & (o) 39194
Ay} =3y A

Fig. 3 Smartphone application which implementing real-time activity recognition framework. (a) Initial state of

)
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(loox [l 5:42
PARNL - Plot Acceleration(3-Axis)

axis: -0.660800 Refresh Rat
xis: 9.557653 100 msec

PARNL - Activity Recognition

2.566584

233352355466
16.:6.06.0050.50 00.00.66.00.00 00

6
301

(b)

ZEE 9. (0 P9 2EHoR AN g BURY, A g A28,

application. Sensor monitoring, accelerometer visualization, UI for activity training & recognition. (b) Visualizing

3-axis accelerometer values of walking activity. (¢) Screenshot of activity recognition results

% 2 AlSkele HARFS 052 913 114e] 9o dlg 491917 Bk
Table 2 Activity recognition accuracy table of 11 activities for validating proposed HARF

Location Home Office Outdoor

Activity | Standing | Walking | Sitting | Standing | Walking | Sitting | Standing | Walking | Sitting | Jogging | Car

Standing | 90.32 - 9.68 - - - - - - - -

Home | Walking 10.43 83.47 6.1 - - - - - - - -

Sitting 2.56 - 98.44 - - - - - - - -

Standing - - 95.2 - 4.8 - - - - -

Office | Walking - - - 4.84 94.35 0.81 - - - - -

Sitting - - - 1.2 0.61 98.19 - - - - -

Standing - - - - - - 94.34 - 5.66 - -

Walking - - - - - - 12.77 80.85 6.38 - -

Outdoor | Sitting - - - - - - 2.5 - 975 - -
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HE F3 53 F4F ASE 4P 005% oldel  th 4Y A3t Fol FY WA Yk B
AYgrs Btk AA AP @ 13)9] 22Fe] Ao wt HEw Aoyl F ALt AATh o= F
govt, BEe] A3 Asloly AvtEEs GPS7H A4 Al wet A9l Fepsk gerd AL melFH, 53
Ho=m AFeEz EHGAE WEL obF AU sl A71(Walking)®] 4-¢ 28-S WPg AP (Office)l
¥ 2 5RFA JAAE A 11719 P9 Ae Ao Exeol g EQ 3B A3 dHolEHE

157H 9

53 el

%
ERTTURCEELE
o

e
= ﬂﬂﬂ 1170 ol

EAS 9hd FH(Home)# ok (Outdoor) A= A|&3

A Bd R296%Y T 0= AHoR AL 5 Qe IHOR US| A7|(Standing)

VAT VI A 22 AR QAR B} DS FgAA. D
AL 04%%  A71s e A9le] B35 A9Ie) S4o] vi FHolof



A ddEeR 2 JQXES Bt 128]al H7](Jogging)
o] A% 1 P EAo] =g AVE AAFHE A
$7F 10% ol LAEHRNOH, wEFHCar)s AABF
AeAdx F3rol x7F AAFAG MAste Ae Z
AR == A7 Atk 28 45 11709 3o o
JAAZAHRE 3% 29 7103} True Positive9} False
NegativeE YEPH 1]z ojt),

W AotslE HARFSF 7wk &a8]£<l  Naive
Bayesd AsvlmE o a8 59 2l 15719 49
o] T FAAA AsHrte A% A, Naive
Bayes ¢1d& HF 81.17%9 AFE HQ ¥HA A
Qteh= HARFE 80.88%¢] AS=E Hth He%7}
Al HlnA F& ARE B A7), 971, #H7,
o] 9= HARFS} 7| Naive Bayes + A%
FollA 90% W99 F2 ZAAE ddloy, uEsd
AL8-38l= 3 91(Car Driving)oll tisiAl= HARF= 762
o] BAYgEE Ao} Naive Bayes &a1g]Z&S AE3H
Bgoll= 50%9] wg- we BEEE Bk

Ar ¢reEe] HrrE s FE= W oofE}
A £Ex TSP HFFAN AvEET A
TFPCoAA AREAFe] HRJAAE & ms o3t HEF
o w2 A A FHATE o] AA W ol thre
AREALS] dlolEE HEAHOR A sokshe HldolE]
A7 BAAME A FI= B o HEYEER
T8} AN E AFE AnEE AREALY] @9 B
A& AL FREE AA dHelHE B8 2 2o
ot Ay} e =EF3te WHES Ao n=z FF
3 v ARAERRE FE delEHE EFFHoR
At AT A AYEER n#sior & otk

TS 71EY] A A7k Hlue Adtske WRE
o] ZuEE ZHFAA dlolE FIF At BT
Y= F2EH, 71E PHE 2HtEEA FHE
HolElE 2= Al=® glAzrt M-S PCEEA
P9 Edolda mAS FAS At HHA H

o e

=
~_—,zol—

o

to o bx

X

29

7vvizzZzZ2Z2?d?72

Classification Accuracy (%)

77?2?2727

\

%.. 7

STrue Positive  @False Negative

2 4 1171 A9l tigk A9AA He= 2=
Fig. 4 Activity recognition accuracy graph of 11 activities

2e AlA 7k jQls PRl gl Az PAA

w
w

9

Z

N

i e [
IR
|

]
_O_OOOG

NlIIII§I;r:|my
N
e
O
I
1
InNinnnes

|
MM

Sitiing Jogging  Cardriving Vist reg. area  Average
ONaive Bayes(NB) OH-NB

g 5 15709] Sl 3t Naive Bayes9} A|Qtsh=
HARF$}He] 917 &= nlw

Fig. 5 Accuracy comparison between Naive Bayes and
HARF for 15 activities

o LhEE 0774 fd |
Stan Walking

=3

n

3
@

AE ErFsst 71E A0 A9IA AEwel vt
A

)
o
rr
2
2
g
re
-
N
[~
b=}
m
i
£
m
rlo
td
=
e
il
atd

2 =RdAe 2rtEZY] HERY AIME 7Nle g
AREALS] oz} @ PAMERS Thetshr] fjg AiRlstE
g9 2y L AAZE PFHAA V&S AtetATh &}
Ao Aol e APEEY 2 wuld ZYE dolA
AH1e af A9E RdHsa A7) dl Naive
Bayes ¢ag]Zo] 7|9kt A-NB ¢nd&3 A=7 3

991z TP Y= HARFE Aottt A-NB €1
21537 HARF= Zuld 7oA wig 3

AdolE A7 Al BAE § Sle vEY oIS
st A7} Naive Bayese] £3Q1 e =9

4 el A Hy9 =dy L HAX WHE
2 g3ttt ©)8 Fd 2nEEo] AFste AEH 0]
£ 53 AR 222 Al P95 mdYsA
F7HE 4 lom AFAH YLJAZ 1571 4] ¢
PS] st F& BR/ FI=E BATh AL V&9
’35H71E 98] HARFe| 7|uksk 2~mtEE ojZ A o]
491 pARNLE 7H&3}3ith pARNLLS St==ol= 0S
7oA T 73 2PEE oz JA dHolH &



340 B3} 83 = A

UEEH A7t g9 Edeld 2Ea A91A s F
o2 FAEr pARNLE 15719 thFgt s o
gk ARIAE FA AF 9296%9] H& FE=E
e Naive Bayes®}e] vl AgoMx= HARF7}
10.73% © =2 U4 AE=E BA
Aekeke HARFE Atidoz wesn ojd
g FHAEEHY], A7 Sl =2 HEEE
U tiFEuEe] Ol%“’]‘% AREApel| weE ohekst e
AE F Ae 7] g tEiM e Fe AFE

Ak, ol neals] ¥ iE—OﬂH 253

ud

A, torg e Rg A tﬂ olH e B3} ol ol
ECIELERIEES sw g @9 A9 43
22 59 4 AL Aoz JdgEn

dgn=s

[1] J. R. Kwapisz, G. M. Weiss, and S. A. Moore,
"Activity Recognition using Cell Phone Accelero-
meters,” ACM SIGKDD Explorations Newsletter,
vol.12, pp.74-82, 2010.

[2] J. A. Ward, P. Lukowicz, G. Troster, and T.
Starner, "Activity Recognition of Assembly Tasks
using Body-Worn Microphones and Accelerometers,”
Pattern Anal. Mach. Intell. IEEE Transactions on.,
vol.28, pp.1553-1567, 2006.

[3] A. M. Khan, Y. Lee, S. Y. Lee, and T. Kim, "A

Accelerometer-Based  Physical-Activity
Recognition Via Augmented-Signal Features and
a Hierarchical Recognizer,” IEEE Transactions on
Information Technology in Biomedicine, vol.14,
no.5, pp.1166-1172, 2010.

[4] H. Lu, W. Pan, N. D. Lane, T. Choudhury, and A.
T. Campbell, "SoundSense: Scalable Sound Sensing
for People-Centric Applications on Mobile Phones,”
In Proceedings of the 7th International Conference
on Mobile Systems, Applications, and Services,
pp.165-178, 2009.

[5] L. Liao, D. Fox, and H. Kautz, "Location-Based
Activity Recognition,” In Advances in Neural
Information Processing Systems, pp.787-794, 2005.

[6] N. Ravi, N. Dandekar, P. Mysore, and M. L.
Littman, "Activity Recognition from Accelerometer
Data,” In Proceedings of the Seventeenth Confer-
ence on Innovative Applications of Artificial Intel-
ligence, pp.1541-1549, 2005.

[7] L. Liao, D. Fox, H. Kautz, "Extracting Places and
Activities from GPS Traces using Hierarchical
Conditional Random Fields,” Int.J.Rob.Res., vol.26,
pp.119-134, 2007.

[8] L. T. Vinh, S. Y. Lee, Y. T. Park, B. d’Auriol,
"A Novel Feature Selection Method Based on

Triaxial

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

AZESO B & A 40 A A 6 5.(2013.6)

Normalized Mutual Information,” Appl Intell., vol.37,
pp.100-120, 2012.

M. Han, L. T. Vinh, Y.-K. Lee and S. Lee,
"Comprehensive Context Recognizer Based on
Multimodal Sensors in a Smartphone,” Journal of

Sensors, vol.12, no.9, pp.12588-12605, 2012.

D. Minnen, T. Starner, J. Ward, P. Lukowicz, and
G. Troester, "Recognizing and discovering human
actions from on-body sensor data,” in Proc. IEEE
Int. Conf. Multimedia Expo, pp.1545-1548, 2005.
K. Q. Shen, C. J. Ong, X. P. Li, and E. P. V.
Wilder-Smith, "Novel Multi-Class Feature Selection
Methods using Sensitivity Analysis of Posterior
Probabilities,” In Proceedings of the IEEE Inter-
national Conference on Systems, Man and Cyber-
netics, pp.1116-1121, 2008.

J. Mantyjarvi, J. Himberg, and T. Seppanen,
"Recognizing human motion with multiple acce—
leration sensors,” in Proc. IEEE Int. Conf Syst.,
Man, Cybern., vol.2, pp.747-752, 2001.

D. Giansanti, V. Macellari, and G. Maccioni, "New
neural network classifier of fall-risk based on the
Mahalanobis distance and kinematic parameters
assessed by a wearable device,” Physiol. Meas.,
vol.29, pp.N11-N19, 2008.

F. Allen, E. Ambikairajah, N. Lovell, and B.
Celler, "Classification of a known sequence of
motions and postures from accelerometry data
using adapted gaussian mixture models,” Physiol.
Meas., vol.27, pp.935-951, 2006.

B. Najafi, K. Aminian, A. Paraschiv-Ionescu, F.
Loew, C. J. Bula, and P. Robert, "Ambulatory sys-
tem for human motion analysis using a kinematic
sensor: Monitoring of daily physical activity in
the elderly,” IEEE Trans. Biomed Eng., vol.50,
no.6, pp.711-723, 2003.

M. Mathie, B. Celler, N. Lovell, and A. Coster,
"Classification of basic daily movements using a
triaxial accelerometer,” Med. Biol. Eng. Comput.,
vol.42, pp.679-687, 2004.

C. Kim, K.-B. Hwang, "Comparative Study of
Machine Learning Techniques for Spammer Detec—
tion in Social Bookmarking Systems,” Journal of
KIISE : Computing Practices and Letters, vol.15,
n0.5, pp.345-349, May 2009. (in Korean)

C.-H. Lee, "An Information-theoretic Approach for
Value-Based Weighting in Naive Bayesian Learn—
ing,” Journal of KIISE - Databases, vol.37, no.6,
pp.285-291, Dec. 2010. (in Korean)



SUPEE QERY A4 J AAE AREY 2 44

I

20059 3w AFE TS A}
2007 ZAEdista AFE T HAL
20073 ~&A A|tistn HFE I8
uAly, Al Asigstn FA4eE
u-golzAe] AFAE AFd. AR
ok FrHIFE S HFE, AR, P9

ol & %

19783 uHYstw ARFsta FSHA}
1987'd llinois Institute of Technology
Haksky AL 1991 llinois Institute
of Technology Z4Fsta} ¥hAL 1992 ~
19931 d  Governors State University,
linois Zu<= 19933 ~&A) 73| st
A AP RN AFE I wg dA B3| oista FA
AoJ8t u-gtolzAlo] AFAlE ME . AAEoFE FHIH
B T, 4FAA, A3AS, AA3 A12=H, vEdel

Ned, mel gFehes AHY

7+ 99117

341



