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What is semantic trajectory?

raw mobility data O,
sequence (x,y,t) points et

e.g., GPS feeds | |

. . [8am 9am] [6pm, 6: BOam] [7:30pm, 8pm]
meaningful mobility tuples .
Train Sideway >
<place, time,, time_ , tags> (bUS) (metro) (walk)
Home (breakfast) office (work) Market (shopping) Home (relax)
[~ 8am] [9am, 6pm] [6:30pm, 7:30pm] [8pm,~]

« Semantic Trajectory: T={€; . ..,€/ns}

* Episode: e=(t;,,, t;,, place, tag)
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Why semantic trajectories?

m Detection of homogenous fractions of movement,
"1 Trajectory is recreated as a sequence of episodes (stops/moves)

"1 E.g., home, shopping, move with bus, in train ...
m Semantic data abstraction & compression (efficiency/effectiveness)
m Better mobility understanding & LBS

Home-office trajectory examples
TR L : ' '

Trajectory Notion Semantic-Aware

H Offi ia Bike (b) H Offi iaB
Points of Segments Trajectory (a) HomeOffice via Bike (b) HomeOffice via Bus
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Why on streaming mobility data?

m Offline vs. Real-time E S ¥
Offline: past trajectories — erver-side
mobility streams: ongoing trajectories A S
efficient computation s -

= X

m Real-life scenarios *é . N é
Traffic Control Scenarios: real time 5 < 5 £ X
placement & rearrangement of traffic Client-side

wardens

Mod.ern Navigation & Social Network|ng $ 1.5
Services e.g. www.waze.com

o —————— o ————————— - -

Ny i i/v . s
=
m Distributed setting
: : é Antennas
local site vs. coordinator § Moving objects
client vs. server side | — Y, Status updates - Batches
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m Offline Construction of Semantic Trajectories (ESWC 10, EDBT 'l |)

output

SCHOOL & CUSTOMER S
>N ORFICE iip FACTORY  schooL
HOMf == @ w

Eo

MARKET

®

HOME semantic
trajectory

Semantic * spatial join (region) |
Annotation ° map-matching (line)
Layer * HMM (point) ;
o ° e _o s, /Structured
s, > /% os, % s, S % trajectory
Trajectory * velocity-based
Structure * density-based !
Layer « orientation ;
' spatio-
Trajectory * raw GPS gap trajectory
Identification ° time interval
Layer * Spatial extent »
cleansed
GPS feeds
Data « outlier removal
Preprocess . kernel smoothing
Layer « compression ./ original
input / /3Ps feeds
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Related Work & Motivation

m Semantic Trajectories (DKE ’08, ESWC 10, EDBT ’11)

High-level trajectory concepts like episodes (e.g., stops/moves),
trajectory ontologies

Offline training & tuning parameters (particularly on raw
movement features like velocity/direction/density)

Tuning parameters, not efficient in real-time settings

m Streaming data processing

Online mobility data compression (e.g., Honle @GIS ’10)
Time series online segmentation (e.g., Keogh @ICDM ’0l)

Tilted time window specification (Giannotti ’02)

Semantic Trajectories + Online Algorithms
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SeTraStream - Server Side
T

\ Buffer of incoming batches

O, of objects (arriving every 1)

Candidate Div Point o, | o,

O, :
e,: walk |e,: shopping 08:'.:
Location Stream Complementary Feature bisy data
Instances Instances ss batch
Position | Distance to Steering  |ment Feature
<X,Yy,t> in Lane Headway Wheel prrs
Vehicle Activity
123.34, 121.21, 18:35:43 0.lm Im /36
120.34, 125.21, 18:36:59 |  0.05m 3m /16 1
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Online Cleaning (1)

m Two types of GPS errors
systematic errors (outlier) - removing
random errors (e.g. £15 meter) — smoothing

= ONE LOOP N

~ o~ 2o k() (e ye) ) — 252
(337 ) — > k(t:) k(i) = e

build Kernal smooth

calculate residual  yes = \/(f — 22+ (5 —y)?
calculate the outlier bound & the smooth bound

N———

filter outlier or smooth error S = U X (t b =ty
outlier limit Qs Q)

53m00th —_ ’UQf)s_l X (ths - th)s_l) X 120%

0 keep smooth | remove oo

5smooth 5outlier 12
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Online Cleaning (2)

GPS latitude w.r.t meter (Y)

S5 10° (a)
N
\
218 i \ 7
\
‘!
217} » ’
Mug— SRR
2.16¢ - 1
r/ — * — original sequence
215 : . :
9.7605 9.761 9.7615 9.762 9.7625
x 10°
- 10° (c)
.\\
2.18 \\
N
217} \ L
2.16} s
_—~~""| = * — original (with outlier)
—©— smoothed sequence
2.15 ‘ :
9.7605 9.761 9.7615 9.762 9.7625
x 10°

5
b
s 10 , (b)
O
2.18} "
\
"
217 b G
s SRR
2.16 | —f
— * = original sequence
B outlier
215 . ' :
9.7605 9.761 9.7615 9.762 9.7625
x 10°
x 10° (d)
2.168
2.166 ¢
2.164
2.162¢ — * = original (without outlier)
o —— smoothed sequence
'9.761 97612 97614 97616 9.7618

x 10°

GPS longitude w.r.t meter (X)

13



SeTraStream - Compression

T

\

Buffer of incoming batches
of objects (arriving every 1)

oF

0,
- O
O, :
V|V
€, e,
oN

Og

JAN

| Filter noisy data
2. Compress batch
3. Extract Movement Feature
Vectors
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Online Compression (1)

m Why Compression!? Y3
. . ey B Y
Data continuously growing " ./’}{:xQ
. Xey,, s
Remove “redundant” data points ¢ e, U X °
) T R, x..-.-.l.li*“" ------ \
Reduce transmission cost (local?) Q, 0 Qs
. . . Q3 4
Fast computation, application performance
SED (Synchronized Euclidean Distance)
Is
Q 0 O O .
e o
sed(Qf, Qf 1, Qfi) = \/(waye — ) + (o —vap)® o sed e
. . s
14s — s z . s — s : S 1
T e +Uff»s_1¢?fé‘11 (o —tap,) ) —"”’(‘Qils (X5, Yoot i
Youe =Ygt , T Vgt g " (tor —tgr ) ge" p\%prYprip
p-1
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Online Compression (2)

m SED (Synchronized Euclidean Distance)
Relative Spatio-Temporal Significance
m SCC (Synchronized Correlation Coefficient)

Relative Significance of the Complementary Features

ef efy BQy! Q) -EQy)EQY)
seel@y”, ') V(E(Qy7)?)-E2(Qy ) (E(Q))2)-E*(Q5)))
Normalization:

SigSP(QLe) = 2N Dot Ol 1 — sco(@e!, Q3F)
p

- C cf
maXsed S'lg (Qp ) 2maw{(1 — SCC)}
Simple combination:

Sig(Qp) = (Sig" (L) + Sig®(@3)
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SeTraStream - Feature Extraction

T

\

Buffer of incoming batches
of objects (arriving every 1)

o, | O,

Oy

AN

. |. Filter noisy data

Oy 2. Compress batch

3. Extract Movement Feature
Vectors
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Movement Feature Vectors (MFVs)

—1 Position | Distance to Steering
<x,Yy,t> in Lane Headway Wheel
Vehicle Activity
123.34,121.21, 18:35:43 0.1m Im /36
120.34, 125.21, 18:36:59 0.05m 3m /16
|
-
& | speed | direction | acceleration MFVs in Batch make up a
Matrix
35 m/s 76° 40 m/s? |——> 35 60
76 85
60 m/s 85° 55 m/s? 40 55
0.1 0.05
I 3
/36 /16
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SeTraStream - Segmentation

T
\
( )
o ' Buffer of incoming batches
1 of objects (arriving every T)
Candidate Div Point
I OS C)8
O, O,
S S
v | v Wow 00—
91 92 I Iml|al’

Movement
Pattern?

If YES
O thres >

Which types of similarity
measurement?

19



"
Movement Similarity

* Existing trajectory computing:
— Offline, thresholds on movement features like velocity/direction/density
* Online solution:

— Similarity on movement patterns (not individual attributes)

— Threshold on movement pattern alteration

RV (We, W,) = - Tvg‘gv@,géfr%)qu
m RV-coefficient: VI ((WeWg2)Tr (W W7l?)

A multivariate correlation coefficient, focusing on “trend”
similarity; NOT on absolute differences

Measures the relative resemblance of two sequences of vectors

Dimension independent since W W/, W W_’ possess d * d
dimension — d the number of features
20
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Short-term Movement Change

T

A
| R
O Buffer of incoming batches
1 of objects (arriving every 1)
Div Point
3 Os | ... | O
O, s S
{} {} @ - As soon asv\:lveetf;;c:tan episode,
€4 e, e, Wy, |W,
End of e;
Start of e
) Tagging Episodes:
Oy -

Training offline, tagging online
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Long-term Movement Change

(

\

Candidate Div Point

O,
O,
VAR
€ e,
Oy

Similarity (W1, W2)
e.g. RV-coefficient (W1, W2)

Buffer of incoming batches
of objects (arriving every 1)

O;

.| Og

RV (W, W,.) =

Tr(W,W, W, W?)

VIT((WW ) Tr([W.W/]?)
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m Experimental Evaluation



Experiment - Dataset

m GPS data from Nokia Research Center @ Lausanne

m User tags: home_cook, office_work, stand, jog, walk, bus ....

All dataset user-id | from-date | to-date | #days-with-gps | #GPS
185 smartphone users I 2009:02-17 | 2010-04-21 191 50,274
23,188 daily trajectories | 2 | 2009-02-25 | 2010-05-16 330 200418
7306,044 GPS records | 3| 2009-09-14 | 2010-05-16 166 62,272
from date: 2009-0201 | 4 | 2009-11-19 | 2010-03-16 161 66,304
to date;  2010-08-16 5 | 2000-12-18 | 2010-05-16 140 69,467

6 | 2010-01-25 | 2010-05-16 8 45,137
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Experiment - Compression

© o o o
w A o

compression rate
o
N

0 1 1 1
0.1 0.3 0.9 0.7 0.9
compression threshold
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RV Coefficient

Experiment - Segmentation

0.9

0.8}
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| |
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Experiment - Latency

- 3000 - 1800
E 2500 Lo E 1500
B. 5. 1400
€ 2000 g 120
S B 1o
c 1500 c
0 o 800
- —
g 1000 g 600
4
B 50 E
g g 2
7)) ]
0
#num of objects #num of objects
Fig. 7: Segmentation latency with Fig. 8: Segmentation latency with
different T sizes (0=0.6) different o thresholds (7 = 8s)
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m Conclusions
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Conclusion and Future Work

m VWe developed SeTraStream
Online Semantic Trajectory Construction
Complete Framework
m Data Cleaning, Load Shedding, Trajectory Segmentation, Tagging
To our knowledge, the first work tackles with semantic trajectories in the
context of streaming movement data
m Future Work

Explore new similarity measurement (rather than RV-coefficients)

m ...and still allow WV, expansion so as to seek for long term motion pattern changes
(e.g. Sketch Summaries ?)

Further experimentation with larger datasets
Extensions to distributed settings: Local vs. global computation

m Can any part of the computation be conducted locally?

m Most likely only cleaning & load shedding can be done locally ®
29
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