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['1naH

- BBegeHue
- AKCenepoMeTp 1 rmpockon
- PacnosHaBaHune gencTesun nonb3oBaTternen

- PAMAP2
- O0LWwan cxema pacrno3HaBaHUA
- MpnMeHeHne Ha KOHKPEeTHbLIX 3agadax
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Physical activity recognition
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PAMAP2

Abstract: The PAMAPZ2 Physical Activity Monitoring dataset contains data of 18 different physical activities, performed by 9 subjects we

Data Set Characteristics: Multivariate, Time-Series || Number of Instances: || 3850505 || Area: Computer

Attribute Characteristics: Real Number of Attributes: || 52 Date Donated 2012-08-06

Associated Tasks: Classification Missing Values? Yes Number of Web Hits: || 3407
Source:

Attila Reiss, Department Augmented Vision, DFKI, Germany, attila.reiss '@' dfki.de
Date: August 2012.

Data Set Information:

The PAMAPRZ Physical Activity Monitoring dataset contains data of 18 different physical activities (such as walking, cycling, playing socc
heart rate monitor. The dataset can be used for activity recognition and intensity estimation, while developing and applying algorithms of ¢

** Sensors **

3 Colibri wireless inertial measurement units (IMU):
- sampling frequency: 100Hz

- position of the sensors:

- 1 IMU over the wrist on the dominant arm

-1 IMLI on the chest

http://archive.ics.uci.edu/ml/datasets/PAMAP2+Physical+Activity+Monitoring
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PAMAPZ - Sensors

- daHHble 3a 10 YyacoB: akcenepomeTp, rmpockKon,
MarHUTOMETpP, TEPMOMETP

- Tpn NO3MUNN CEHCOPOB:

Dominant wrist

Chest
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PAMAPZ - Data

Subject D Sax Apge (yvears) | Height (cm) | Weight (kg) |Resting HR (bpm) | Max HR (bpm) | Dominant hand
101 Male 27 152 83 Fiv] 193 right
102 Female 25 169 T 74 195 right
103 Male 31 187 92 (] 189 right
104 Male 24 194 a5 58 196 right
105 Male 26 180 i3 70 194 right
106 Male 26 183 69 &0 194 right
107 Male 23 173 1] &0 197 right
108 Male 32 179 a7 B 188 left
109 Male 1 168 65 54 189 right
subject10] | subject102 | subject103 | subject104 | subject105 | subject106 | subject1 07 | subject108 | subjectl09 Sum Mr. of subjects
1 —lying 27186 23429 22043 23046 23698 233.39 256.1 24164 0 192515 8
2 — sitting 23479 22344 2876 25491 26863 230.4 122 81 22922 0 1851 8 8
3 —standing 217 16 25575 205.32 247.05 22131 243.55 257.5 251.59 0 189923 8
4 —walking 222 52 32532 290.35 31931 320.32 2572 337.19 31532 0 238753 ]
5 — running 212 64 9237 0 0 246.45 22824 36.91 165.31 0 981.92 ]
& —cycling 23574 25107 0 22698 24576 204 85 226.79 25474 0 164593 7
7 — Nordic walking 202 64 29738 0 275.32 2627 266.85 287.24 288.87 0 1881 7
9 —watching TV 836.45 0 0 0 0 0 0 0 0 836.45 1
10 — computer work 0 0 0 0 1108.82 617.76 0 687.24 685.49 3099.31 4
11 — car driving 54518 0 0 0 0 0 0 0 0 54518 1
12 — ascending stairs 15888 173.4 10387 166.92 14279 13289 176.44 11681 0 1172 B
13 — descending stairs | 14897 15211 15272 142 83 12725 1127 116.16 96.53 0 1049 27 ]
16 — vacuum cleaning 2294 206.82 203.24 200.36 244 44 21077 21551 24291 0 1753.45 ]
17 —ironing 23572 28B.79 279.74 24994 33033 37743 294 98 329.89 0 2386.82 8
18 — folding laundry 27113 0 0 0 0 21785 0 236.49 213.27 998.74 4
19 — house cleaning 540.88 0 0 0 284.87 287.13 0 416.9 34205 1871.83 5
20 — playing soccer 0 0 0 0 0 0 0 181.24 287.88 45912 2
24 — rope jumping 12811 13261 0 0 7732 255 0 88.05 63.9 49354 ]
Labeled total 469307 | 263335 | 174327 | 231408 | 411797 | 362356 | 232763 | 414275 | 165259 | 2724827
Total GO57.67 | 446999 | 252832 | 329575 | 529554 | 491778 | 313598 | 588441 | 201947 | 3850491




O0Lwaga cxema

HdaHHbIe
Accelerometer data

Gyroscope data

?

o

NMpusHaku
Time Domain
Frequency Domain
Discrete Fourier

Wavelet transform

?

Knaccudukaropbl
Naive Bayes
KNN
SVM

QDA

?




OaHHble

Accelerometer
data

Gyroscope data

?

Mpu3Hakun
Time Domain

Frequency
Domain

Discrete Fourier

Wavelet transform

?

>

KnaccudukaTtopbl
Naive Bayes
KNN
SVM

QDA

?

* BOMbLWWHCTBO peLleHn NCNOoNMb3YHoT
TOJNIbKO JaHHble akcenepomeTpa.

 [lpobnema onpeneneHnmn opmeHTaumnm
TenedgoHa B NPOCTPaHCTBE



HaHHble

Accelerometer

Mpu3Hakn

Time Domain

KnaccudukaTtopsbl

Naive Bayes

data Frequency kNN
Domain
Gyroscope data SVM
Discrete Fourier
? QDA

Wavelet transform

?

?

* 50% nepekpbiBaKOLLMECA OKHA

* YOaneHue wyma n3 curHarnos

» Koppenauusa mexay curHanamm
 Discrete Fourier Transform

* Wavelet transform



Mpu3Haku KnaccudukaTtopsbl
daHHbIe
Time Domain Naive Bayes

Accelerometer

data Frequency | kNN
Domain
Gyroscope data SVM
Discrete Fourier

? QDA

Wavelet transform

?
?

* [NonynapHbl C4.5 decision trees, Naive
Bayes n kNN

* General-purpose vs user-specific

« HMM(Mannini & Sabatini)



Decision tree

Physical activity recognition

Decision tree model
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Recognizing Human Activities Userindependently
on Smartphones Based on Accelerometer Data

Pekka Siirtola and Juha Roning




[1aHHbIE

- YacTtoTta guckpetmsaumm 40 Hz

- B obyyeHuwm:
- 8 Yernosek
- Bospact ot 25 go 34 net (cpegHun 29 ner)
- Poct ot 1.65 00 1.90 m (cpegHumn 1.78 m)
- Real-time classification:
- 7 Yernosek (3 HOBbIX)
- Bospact ot 27 go 34 net (cpegHun 30 ner)
- PocTt ot 1.65 0o 1.90 m (cpegHun 1.75 m)
- 5 1encTBUN:
- walking,
- cycling,
- running,
- idling (=sitting/standing) ,
- driving/riding a car
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[TpnaHakn

- [Nepexon ot 3 ocen K 00LLEMY YCKOPEHMIO U YCKOPEHUIO
Ha OCU X U Z

- Pa3butue Ha okHa(300 HabntogeHnn, npuMepHo 7.5 cek)

- B 00yyeHun nepeceyeHne mexagy cocegHMMm okHamm 75
HabnaeHumn

- B KOHTpOne nepeceyeHne mexay cocegHnmm okHamm 150
HabnaeHumn

- 21 npusHak:
- standard deviation,
- mean, minimum, maximum,
- five different percentiles (10, 25, 50, 75 and 90)

- sum and square sum of observations above/below certain
percentile (5, 10, 25, 75, 90 and 95).



Cxema oby4yeHud

OT1060p npunsHakoB - Sequential Forward Selection (SFS)



PeaynsraThl

THE RESULTS OF ONLINE RECOGNITION ON DEVICE USING NOEKIA N3 AND ANN

SUBJECT/ IDLING WALKING CYCLING DRIVING RUNNING AVERAGE
ACTIVITY

SUBJECT 1 91.5% 99.9% 89.2% 91.4% 87.2% 91.8%
SUBJECT 2 99.9% 99.9% 93.7% 87.8% 92.4% 94.7%
SUBJECT 3 76.3% 99.9% 89.6% - 92.8% 89.7%
SUBJECT 4 - - - 97.6% - 97.6%
SUBJECT 5 95.6% 99.9% 89.5% 89.4% 97.9% 94.5%
SUBJECT 6 94.1% 99.9% 93.8% - 99.9% 96.9%
SUBJECT 7 83.3% 99.8% 98.1% - 99.9% 99.4%




Active Learning

- [1aHHbIE
- CmapTtdoH: HTC EVO 4G
- CeHcop: 3D accelerometer,50 Hz
- Tene@oH B KapMaHe OXXUHCOB

- 3 YyenoBseka, 5 gencrTemn: xogbba, xoabda no necTtHuue
BBepPX/BHM3, Ber, npnxpamMblBaHNE

- [eHepauua npusHakos (Bcero 31npusHak)
- Pasmep okHa: 256 HabnogeHun (5.12 cek)
- Time Domain
- Frequency Domain



Active Learning

MoxHo docmuyb xopouwiel moYHoCMuU ¢ MasieHbKUM KOflu4ecmeom
MpeHUPOBOYHbLIX 0bpa3yo8, ecriu 8bIbupampe OaHHbIE Ha KOMOPbIX

obyyaemcs

learn a model

machine learning
/ model
labeled

training set -
ﬁ unlabeled pool
U

select queries

- Motivation: MuHummnsauma BpemMeHmn 1 yCunum 4ns pasmeTku
0OUNbHbIX AaHHbIX

oracle (e.g., human annotator)



MeToabl

- MeToab! knaccudomnkaumm
- Quadratic discriminant analysis
- K-Nearest Neighbors
- Support Vector Machines

- CTparernu 3anpoca ansa HepasamedeHHoro obpasua
- Quadratic: PaccToaHne oo Kpmeou
- KNN: OHTpONUS
- SVM: PaccTosiHne 4o KpnBoW




Query Strategy: Distance Measure

3arnpoc BbINOMHAETCA ANs Hepa3MeyeHHOoro obpasua,
brivkanwero K pasgenstoLlen KpuBon

|

LI [ |

W N = O =
—

Random Query Active Query



Query Strategy. Entropy Measure

3anpoc BbINOTHAETCSA A9 HEPaA3MeYeHHOro ak3emMnnspa,
KOTOPbI MMEET MaKCUMarbHYH SHTPOMMUIO:

T} = argmax — Z Py (y;|x) log Py(y;|x),
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Pesynbrathl: Passive Learning

il

Quadratic SVM+FE SVM+SFS

Classification Rate (%)
~ o)
o o

o))
o

U
o




Pesynirathl. Feature Subset Selection

- Sequential Forward Selection (Wrapper)
- Algorithm: SVM
- 10-Fold Cross Validation for each feature subset

- Best Features

- Variance, 25% Percentile, Frequency-Domain Entropy, Peak Frequency
- Classification Rate of SVM+LDA: 78%
- Classification Rate of SVM+SFS: 84%
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Results: Active Learning on Hw2 Data

Classification rate
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Classification rate

Results: Active Learning on Activity Data
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Sensing Vehicle Dynamics for Determining
Driver Phone Use

Yan Wang, Jie Yang, Hongbo Liu, Yingying Chen, Marco Gruteser, Richard P. Martin

o




OcHOBHas npes

Tangential speed:

Vip <Vim < Vpp
Centripetal acceleration:
Qupy < Qup = Aup




CoBmMeLleHue KoopauHaTt




CoBmMeLleHue KoopauHaTt

- KoopamHatHas cuctema Tenedona {Xp, Yo, Zp)

- Uenb: Hantn matpuuy nosBopoTta R OT KoopaMHaTHOM CcUCTEMbI TenedoHa K
KoopAnHaTHoW cucteme astomobunsa: | X., Y., Z.}

rs Ij Ty
R=<vy: Yi Yk
Zi 2 Lk

3 wara
- Haxooum k= [Tk, Yr, 2x]" C MOMOLLbIO PUNBETPA HKHUX YaCTOT.

- Haxogum j = [z;,v5,2]7 C MOMOLLbIO MHPOPMALIMM MMPOCKOMa.

A

- Haxogum i=7j x k = [z, yi,2]7



[ToBOpPOTHI

Acceleration (g)

Angular speed (rad/s)

5L —X axis | 4L
=== axis Centripetal
! 1 acceleratlon
! | Tangential S I
0.5¢ ! | acceleration S 0.5¢
= ,*;_:‘;/exitingaturn 3
! LY 9
opkdY N _ g 0 |
L Rgm L
Tangential /f,.hv ! ) < Tangential "‘ g!‘,}}'
. S | Centripetal .y i
deceleration” "~- deceleration g

before a turn

! ! acceleration
| |
I

before a turn i

— X axis
-— i

200

50 o0 150

| Samples

250

|

|

I L

| 200
|

|

|

|

iMiddle of a

0 50 100 150 250 0
!Sarrples I
| |
08 0.2
|
0.6k Middle of i - 0
a left turn | :E
| —
04 ! a2
i B
i g
w1
0.2 5 04
=
M o
0 | < 06t
| !
_[] I Ir I I I D E
2[I 50 100 150 200 250 o
Samples
Left turns

100 150
Samples

Right turns

50

200 250



[TloBOpOTLI
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O6wasa cxema

Acceleration and gyroscope N
l'EEldlﬂgS of Sn‘lartphone (ﬂr w) y
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* Data calibration
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L Synchronization

Reference Generate difference of =
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i k k Detection
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Pe3ynbraTthl
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Coarse Indoor Localization Based
on Activity History

Ken Le, Avinash Parnandi, Pradeep Vaghela, Aalaya Kaolli

| sensed he went up the
stairs and walked for a bit
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Floor Level Localization



Floor Level Localization

Technology Equipment | Installation  Configuration | Real-Time

Accelerometer Low Low Low Yes

- Hy>XeH TonbKo akcenepomeTp
- KapTa 3g0aHunsa He HyXHa
- Real-time



Activity List for Floor Level Localization

Activity Label Description
still The user is standing, sitting, or lying down
walk The user is walking
stairs_up The user is going up a staircase
stairs_down The user is going down a staircase
elevator_up The user is going up in an elevator
elevator_down The user is going down in an elevator




Data Collection and Analysis

BHI @ 11:16 Am

AL
A
Connect Disconnect

Hardware Software

HTC G1 Smartphone Accelerometer Data Logger
w/ Google Android OS

(embedded Accelerometer)




Data Collection and Analysis
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Feature Based Classification

Feature stair_up vs | stairup | stair_down
stair down | vs walk vs walk

kurtosis y 3.92 3111 11.32
mean y 44.92 9.55 16.28
energy i 43.00 14.66 19.31
skew 15.53 49.77 20.12
eccentricity y 45.00 23.11 32.05
variance 47.00 36.44 21.83
correlation 31.30 34.00 49.23
correlation yz 31.30 27.55 52.47
kurtosis = 21.84 48.89 18.58
average 43.46 50.00 36.79
energy 33.53 28.89 16.58
skew 35.38 48.00 26.50
eccentricity x 42.69 52.88 47.13
variance i 45.30 38.66 46.92
correlation xy 31.30 34.00 49.23
correlation zz 41.15 38.60 31.45

Misclassification Rate



Feature Based Classification
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Experimentation

B Hl@ 11:25 Am @ @ 11:15Am

FeatureExtraction Service

B @ 11:15 am

UnlabeledActivity Service
std_deviation_y

std_deviation_z

avg_acceleration_x

avg_acceleration_y

avg_acceleration_z

kurtosis_x

kurtosis_y

Feature Selector Feature Extractor Unlabeled
Activity

Logger



Experimentation

B H@ 11:18 Am

® Choose Activity Label

walk
stairs_up

stairs_down

Training

@il @ 11:12am

Activity Classification
using Naive Bayes Classifier



Dynamic Time Warping
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Experiment Results
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Implementation

Floor Transition Activity Sequence Time(s)

fiE3 BN @ s:21pPm

Localization Client

1% to 3"

Localization Client

B @ 7:00Pm

Localization Client

B i @ s:04apPm

Localization Client




Observations: Floor Localization

- Walk-Stairs-Walk Sequences = One Floor Transition
- (Elevator Ride Duration)/(Duration per floor) = # of Floor Transitions

Building Style 1

4" floor

3" floor

2" floor

Iooo

1% floor

=

I




Observations: Floor Localization

- Walk-Stairs-Walk Sequences = X Floor Transition
- (Stairs Duration)/(Duration per Floor w/ Stairs) = # of Floor Transitions

Building Style 2

4" floor

3" floor

2" floor

Iooo

1% floor

=

I




OnpenerneHne MecTonosioXeHus TenedoHa




[1aHHbIE

- HacTtoTta anckpetusaumm 100 Hz

- B 0by4eHuu:
- 9 yenosek

- [laHHbIe cobupanmcb C NOMOLLLI pa3HbIX
TenedgoHoB(Nokia Lumia 720, Samsung Galaxy, ...)

» 3 OCHOBHbIX MECTOPACIOJIOXKEHNA.
- Pyka
- KapmaH
- CymKalprok3ak



[1aHHbIE

- OKHO — 512 n3amepeHunmn
- [Nepexon k obLemMy yckopeHuto 2 cnocobamu:

_ 2 2 2
L mgy, = \/mm +my +mz,

2. My = my| + [my | + m|



[TpnaHakn

- OAna 1 n 2 yckopeHuu:

- CTaHOapTHOE OTKITOHEHWe,

- cpegHee, MUHUMYM U MaKCUMYyM

- 5 npoueHtunen (10, 25, 50, 75 n 90)

- CyMMa 1 CyMMa KBagpaTtoB HabnogeHUN, nexawmx Bollle/HuxKe

npoueHTunen (5, 10, 25, 75, 90 and 95).

- [Ina 1 yckopeHua (cymma KBagpartos):

- 32 nepBble KOMMNOHEHTHLI OT FFT

- npumeHaem WT un oT Hero 6epem 32 nepBble KOMNOHEHTbI OT FFT
- [Ina 2 yckopeHua (cymma moaynen):

- cpegHee 3Ha4yeHMe nepsou NPON3BO4HOM

- KONMYECTBO NepexoaoB yckopeHus TenedoHa Yepes cpeaHee
3Ha4YeHMe YCKOpPEeHus Ans OKHa

- 8 NnepBbIX KOMMOHEHT OoT FFT



PeaynsraThl

- 50% nepekpbIBaOLLNECS OKHA
- Bcero 4188 okoH
[1na 9 nonb3oBaTeneu:

true,/recognition | bag hand pocket
bag 0.39 0.28 0.32
hand 0.13 0.69 0.18
pocket 0.18 0.20 0.62

[1na 5 nonb3oBaTeneu:

true/recognition | bag hand pocket
bag 0.629 0.136 0.235
hand 0.047 0.863 0.090
pocket 0.086 0.079 0.834




Cnacmnoo 3a BHMMaHue!

Bonpocbl?



Nnutepartypa

- PacnosHaBaHue Ha OCHOBE CEHCOPHbIX YCTPOUCTB,
3aKkpenneHHbIX Ha TenedoHe[l, 2, 3,4]

- lcnonb3oBaHne MHopmMaunum oT 0OAHOU UM HECKOMbKNX
Kamep Ons pacrno3HaBaHUA OeUCTBUN[S].

- CoOBMEeCTHOE U1CMOoSib30BaHne KaMmep 1 CeHCopoB|[6]
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