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An anomaly detection algorithm for taxis based on
trajectory data mining and online real-time monitoring

HAN Boyang, WANG Zhaoyang, JIN Beihong

(Research and Development Center of So ftware Engineering and Technology »
Institute of Software Chinese Academy of Sciences, Beijing 100190, China)

Abstract; Taking the prevention of taxi frauds as a motivating example, an anomalous spatio-temporal
trajectory detection method that combines offline mining and online detection was proposed. A city
roadmap was partitioned into a grid based on the longitude and latitude, using Pathlet sequences to express
taxi trajectories instead of the traditional GPS sequences. Then, K-racial classes’ normal sequences were
clustered in the same origin-destination pair from history data sets. The incoming online GPS data was
transformed into Pathlet sequences and matched with K-racial classes’ normal sequences. The distance was

computed and scored. Distance along with spatial and temporal factors together forms the criterion for
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determing anomalous taxi trajectories. Finally, based on the real taxi GPS data sets in Beijing area during

March, 2011 to May, 2011, experimental results indicate that the proposed method is able to detect online

anomalous trajectories efficiently and quickly.

Key words: GPS trajectory;anomalous trajectory detection; pathlet method;spatio-temporal data mining

0 3|5

R, 25 M AL A SE B B GAT o0 UL, R AE
JUHTBAE A — R T L A S E R R S R
TR AR IARA IR AP M/ PN T
Tk & TSRO A B R R SCLAI & i O TR P 3
SR AT ST

FIRITC A T 1] S R D B9+ A Sk 1]
VE XA 2304, 4 A 4 1 3%07 10 ) KE
S RGN TR BRI T B BEXEARSCRITFE R
A5 2 030 S ARG N 5 1) 3 o 425 90 20 B o AL
BRI T T AR R RE B Sk
(3 R AR b N A PR DX MR s A~ 352
i SCHRL A AR A 4= B0 4 146 00 1 45 L ML)
FMEREA T 42 4. SCHRL5-6 ]34 7 582 Bsf 22 3 bR 50 3k
A3 o ot DI 25 S w0 I 0. A 1 AH 4= S ik
SR E P O A T AR SAATAE L A
SO A0 B 75 0 i DRk A TR AL

SR R O v AR R A T S S LA I L e
ATTE e % 19 b P A AT WA A6 U120 3 25 5+ (61
Pathlet J7 i ACE GPS Fr 91l 37 B3, 4 B3 i it
LR Kb AEAE B ALy Pathlet FP31. PRI 2
Bl b BEGRE—XE A 5 A S Z EEW B K
BT, S TR T BG5S
KRR K JEIE % Ui 2 17 UL i, 3F 5 9 BL
Pathlet 751 ) 4 fFE 2. 1 T 76 HAA A — AT
RS YR Z BT ZR R A I 2 . mIBLAT T A —
SE HR 4 18 [ 5 Bt e AT Bt I AN IR B mIALA AN LY
A ] B HERE L RO s B (Y B AR L & PRI A v
RLEANIR B AT Bk B2 5 HU T 250 F AN BE LB S B
R R SRR E L SO A I 8] 7 T %5 L JF B
g (L T A4 L S

ARSI FEE TR : O T — P 250 i
A IVE T B 3kl o 4 S B AZ S A LR
S PR 2, SRR AL B IRVESE B AT 5 ©
il ] Pahtlet 75k 378 & 4 A 42 Bk, & o
Pathlet AL, fijfk GPS s Z [A] A DL T . 7T K i B2
FETHELR SIS I AR, SO T A Rt X 2011

4R 3 A3 5 A LA GPS #uilk i) B S 5m 42 E A 7
TSR

1 B3 5 S E X

AR SRS ot [0 RS o 5 A7 i RN 2 A ) 5 2%
ShG Ak B 2 A% 4 A R 2 A HOR R A T
GPS S8, J-¥ GPS & %03k A8 #1 ol Pathlet Jf
G s BETFAE S S B S8 R I AR A% s [R5 R
BRI S E R . I IRATE S A
OTE SCL ARG o3 BT AR SO EROR Sk 1 ME A ) L

B La SHEZEHE, Lo &R B, % M [ %) 43
F IR IG R IR DAL AR = s y AT S5, BIEK
G=(La,Lo)=Cx,y);

PR A A AP R R O, & il
D, AIAHA PR (O, D) Horr O D 59488 1 P 45

Pathlet FZ#L4E P. P i1 A [A] Pathlet p 2%, p
H— DA RS 1 B I BILC ey s 31 ) s
Cxy s o)

Pathletlist L. 25 %€ Pathlet 7#lL£E P, P {14
HN A Pathletlist.

B o B — I B AR G s B[] R R
2.0, D, LY. PRy T.

i A A B A5 - (FE] 42345, 48
& A B E BRI WU T D,

Uk AH LR BE R 4 HR PR RS X T4
Pathletlist L, =[ p1 s p» » ps |5 Pathletlist L, =[ p, »
pasbs 1IN Ly 840 Ly s A A BRI 1 43
SRR A G e

E XA K JF (description length, DL);

K Pathlet £4 P = UierP (1)

B ¢t 41 A (W BT A Pathlet |P()]| =
L def+D

5 )

kK. DL, P) = Cgpniréy\ Pl

EIPsub CP,I = L,
FEE UL 5 AR R (O, DY XTRER K
IR I A B B A 50 R T (A I R



% 3 — PR T HIE KR B AR £ & T et Ml od kAL & R Huad ab] Sk 249
W . FRIRAD 143 GPS B3k . 53 B AH [R] 4 0 45 B st [a] 2%

SEPZ AL ME A AT Pathlet LR AGHR
B K R rp s 1 36 U o 5 180 (B SL L % i i
S T R T AR . NI P FRATIACT DA =
FEABE FH A fi Ak ) A

CT b 5T 1l DX i D3 J AN T 4 A g e L
B Bl B LR 5

CID) AL B 5 A B3 28 4158 Pathlet 48 & 3
1EH;

CID i S5 3 B% BRI AS PR A 5 4% A i kg 25
[ i M= R Y = Y i N D

2 HERERMIELR

Gl 1 B AR SCHY S RN 2 T AR AT R S
TELR S W B AR LS . Bk J2 2 A4 - Bk
T AL BH. GPS g #13d8 [7] Pathlet Jy 41 5% #e . AR 4
(O.D)X#EAT R Ao EEALE . 5 K RIEH
A TUCRD , 7153 W B Pathlet J37 51 (%) 25 55 1 25
FWE M 55

GPSf5 R
\
l PathletfE
2R
IR T _
E L BB TELEHsE
— Pised i
| B
s | (R
st ot 52

B1 REHEZR
Fig. 1 System framework

T IR 55 A5 i A B AR AZ I WOR I SR A
MAPUE RS, MR F R T e A Wi
AL 3G/AG 4 1] I 55 4% Aok AF B - L E A7
RIS TE] A5 JR » AP 8 A0l )2 iy 7 5 T 1] LA
Lo H B AR B AT AL IS AGI. 24 ie 55- a2 A5
S5 g — RV ARG 5 A B IR
AR ARON L KRS B (B W 540 o S
2.1 BE&imPUTTAE

BIRTAL B S R AR T A TAEL
e AR AL A BE R R A R E ARG R 0.1

S2i GPS 5 A58 FH 4 2 & Bl 45 QR IR &
(BN AN BE S W R ML) IE B AT 3R . 18 B A% =X
AIREAE BB, I O R IR H ) 55 =k 4
U R Bt b aie st db 37 =X

55 0 R AU T I P (R 2) R4 o om
A DR I A bR HedE A 7 4

5= o GPS VLS E] A% 1, TR A
Hu PRIV S8 R TR AL B, X 45— 4 A S0 (—
WETE RAMEFATA TAE, Sk HoR o DT e
Fh— AT F R GPS B 520 51 e B 51 ) 4%
0 SRR SR Y I A S 4],

AN R B[] B A R H 2R CT AR H R
HO &R S5z ma AT s A7 07 3K 8 AT Y 32 38k
190 R i) A5 2 A5 TR %o A AL 2 2 HH B AR A
WU TT 228 JEAN R B AN TR) H 2878 B 5 ) B ]
TN TES 15 2 0 A ot v 5 S o8 P I 30 X 5
ST I B S RS 51

=
L) li: e
AL e
Beijing, < =
HRE sl Bl
FN\EE2 K
2L

2 JemREER i E
Fig. 2 Beijing road network map

2.2 Pathlet T ESHIRME KR

e B WAk HE BR S L A2 T B Al
RHE 51 8 2 7 » 56 T WS Pathlet J7 k3%
ANEE— ST, FRATTE A 29 A R R LRI T
PTG Pathlet F AN R B D HAR A
WIS O 28R & e/ Al (— 4> Pathlet p 7]
PATER AT BEZ A9 o 4 1) 1) Pathlet 7 L8 @
FORBUIE T B IR Pathletlist P43 B k.

5 E AR TR



250 T EAFHARREFR

# 46 %

minDL(P) +2 >, DL(z.P)

PCP €T
sst. Yte T,dPy, € P,t = L,.
AR A ﬁf%ﬂ’}i%’i“ﬁmﬂ%#?ﬂiﬂlﬂﬁ Pathlet %k
/D ARG KT pathlet LT 75
TESCEUA SC H bR AT, | iﬂﬂiﬁ:ﬂ: EI’J Pathlet
BLAE N Pathletlist 4% B X H& T4 7 2 SCR R I 14 550%
FRA TR IHS By ot LA B Ak 4 ) A2 B 1.
¥ —A> Pathlet 541 p FI 35 %8 x, €

(0,1) FR B pe P, — 1.

A P = {p | peﬁ,xpzl}
W IEHIFEEL 2, € S WNERAEHE ¢ il
H:JT ps N IJ-T/ r =1.
FH AR S5 A0 A 0, AR AR e s 8 AR
min>jx, FA2>) D) 2,
teT pe P(t)
PEP
sctoa,, S,V p e P, e T,
Dix,FAD) D) 1, =
. €T pEP(D
»EP
+A .
21621;/9) ‘T(p)‘ ;pezf’;!)I =
s 2 .
Z/EZ(M ‘ T(p) ‘ ;/);1)1 !
(A ) “tp s
> 2 G
T(p) ={t|t&E T,p € P)}.
WAE sk Kb/ IME
Jain 3 Got Ty

2, AT LU S A RRK A AL HAR(E ¢
P FEBEAE v v; JU 8 =0 v, i fE [ o
‘U,') . JH\IJﬁ

(o) = il mm

(f" (o) +

Y

f (wf‘vj)) =2 + 1/ T | s
T 368 3k [ o A e <.
2.3 Pathlet FiEARESELRE K
FEAG 5] Pathlet %3l 7 WL I FRATAE FH 324
3T AR EN R O-D X Z i K 505 % Hk
SE IS Lt (1) TAE.
7R S R S (1A UL O] 2 SR T A R ) B s 3
SEEFGI VC AL B R A R B B

RN A5 ) 1 ) SE k. B X AR SCHLGE Pathlet J7 37
(YRR A DA B A 4 kIl S B, FRATTAE (K-
Means #4752, 2 8 4 05 25 VE 0 B2 A e, 76
FE S G R B AR 4 T FE A B A A FRATTE R
SIS g T R AR A, TE BRI A BRAR Y — 4.

S AHAR S LAl AT o 25 IR 3 25 I
[ ZEK (B 10 4081 154 1. Y8k k6 i ik 5 4H [R]
OD XF B0 b S50 0% 4 % IR B A5 53 S KT
i FATA R HIE R

K-Means R/ BAR R T,
Input: } ™ G = (La, Lo) = (x, y), Pathlet = #iL 4 P,
Pathletlist L, B—8 3% ¢, Jili & T

Output: (O, D, K 20y

1 Bl T hREALERE k 2% (BkiEHTR O,D )

2 BEMLEERE k 2900 R i SRS hO A C

34 T rh A Han 5 C PR gt B B L I
e

4 EPHHRERLES C A —
BE

5 A E WS

2 WA FRE (O, D) ST 028 A8 A
B, A T B RORE B AR T AR S i AR I A g, TR
AR REEE DRI DL, BIRE S 57
A B R S T A L

P R Suy il L SA N T T
A PRI B A5 B R IR L MR 55 2. S IR 55 2R 0 5kl
By GPS g Bkt 75 L 47 W D #4E . OGPS J7
G5 A% 7 (9 Ak s @ R RER B 3~5 > A% (5K
B&EY) J5 DL 21— Pathlet, 2 i ix 5% 8305 () 357 7Y
Pathletlist. F#5 I 55 #% 2h A T8 Y11 240 0 P05
BB (O, D) SO U R 9 SR 2 3547 e XS 43
Bt » PTI98

RAEHEHE FLEAIT =F .

C DO fft ¥ & A /) Pathlet FIER A9 o0 i
1T gmiE IR B 1T

(I fFEHEA Pathlet + MHFiN &S D 5
AR Pathlet & bl ie 2 030 A1 3R 28 1 vhoC i 47 G
IR B TR R IR YA e TR A 2
clustering [ i} & &5 A F7 Ak O-D Z 18] B4 FH 2] Y
Pathlet | D g5 (1) s L B A2, S 046 19 02 B Bk
o BB BT

CID A A8 24 19 Pathlet, I AE RIS ol
T AR A BE B 5 B R — 1> Pathlet 5 AH[A]
1) Pathlet 741, 88 5 1155 48 1 2

AN 14 2 8 B



% 3 #

— R T KR B LIRS A2 & I ok Mol 69 ok AL & R St abn] Sk

251

FATVEREEE =71, Y IR 55 28 om0 o L B8
B TR EE S m) 3 B o R4 T KB S AsR L a8 0T DL AR
] 6 S A AL
3 FHRAHEEM

SIS AR AE SR [ 2011 4E 3 H 3 5 Adbat
X H S 4 GPS #al Bdls, 3 L3R 1.2, i8¢

70 Yo A A B 2 2 Wi B 2 . 30 Y0 1 Sk S W T B8 A
4. I 5 IBOAT (isolation-based online anomalous

trajectory detection) .k  HAR IS E I T X6 L.
x1 ZKHEE

Tab.1 Experimental datasets

EYEITES 2011, 3-5 Jb it X fHL4E GPS 15 B
SRR 13 592
AR 76
R R 70
SR A A T R 337

x2 H(ERRES.BHE.BKRE.O.D.L) AR E—HIT
Tab, 2 Single trajectory by (vehicle number, total time, total distance, O, D, L)

FF ] KR TR 2 I R JrEf BRI (AR
2011/03/05 00:01:59 8613436732400 39.950 227 116. 358 539 36 102 1
2011/03/05 17:58:56 8613466431361 39.976 983 116. 464 012 771 219 1
2011/03/05 02:57:57 8613466444679 39.935 898 116. 454 697 617 87 0

3.1 KBRS

S A IBOATS ) K bbr )y gk k47
XF 6T R IBCCHRL 12 ] rp i SE 3 PAG Bl » 282
FFRRR AR LA I 1 B g B[R] T 55 S5 e 1 o
W3 P LA R A |38 R FRATTE AR [R] %) 290 300 25 4
£ AT AT

RS T B AL GPS B3l £ 14 51
B PPAG AR SCHE MY 1) S5 8 B A U 43, SR ) Java 5K
WL BT8R PC HLECE W1 F . CPU A% Intel i
17 4850HQ, CPU F4ii 2. 3 GHz, WAEA i 16
GB, B % 75 & 512 GB, SSD [ Z5 f £, 34 R 45
Windows 8. 1. HAK LT85 R an e 3 fiow.

3 TRER

Tab.3 Experimental results

W TEH  KEH -1
Pathlet J5{% 0.74 0. 70 0.732
HEFHARE RS 0,75 0. 60 0.72
IBOAT &3 0. 39 0.48 0. 41
1 1m] % TIEH  KEH 1y
Pathlet 753 0. 90 0.78 0. 86
FET AR EI R 0. 89 0.78 0. 85
IBOAT &% 0.91 0.82 0. 88
V. i 8 i S
Pathlet J7i% 1.7s
FEFHbREMRIS L 3s
IBOAT &3 2. 1s

SERAUEI A SO A 12805 5 b i IE AR PR
RCRAE T AR A S A — R YR T

3.2 #HExXI{EtE

ARSCHE AT A& T B Lk R R 43V Y S B
S I I B A0 AeT R 43 O, BT REX AN
AR SCHRE7 13 142 T T b &1 7532 f FH A4
I T bR R B A , PR T 5 AL SCHkE 8 T
PEH T IBAT, FH A% -5 378 B 64 7 5w il
B J 75 SCHR [9-10, 14-15 1/ AAE LA il &8 43 » 42 13
TARALHY IBOAT. 7EiX #6 T AESLRE [, (F S AT 6
e JRER IR T 20 M 3R T T R AT .
TERIEE e oAb 3 7 T8, 5 FH 0 7 A P ) g A A
R AR AR SOR Bk [12, 14 ] A A
FEBEAY, DX Ry i 7 1k A8 T4 GPS S0 i Ry
Pathlet J¥51). H3 5 Hb [ VT BE 75 18 » A< SC A 4
TEA TAEY G2k EE SR Bx.

Pathlet J57 iR Bl Bl ml & 1 SckL16 8y
SEARL A (1 R AT 200 5 %) B R 2 R T i ok i
1% Pathlet £2 6. AR SCIAE % T SCERL1L-12 ] H T
A3 EN P ) — 2L Ty R R B H AR

OB R TR Z, SCERLI8 Il T & iy
K-means"" 51 17 LP B 28 R R 28, Sk 5 148
T LRT (likelihood-test), SC#k[ 121§ J§ T Top-k
5 kNN. £ XA SCHE Pathlet FRa 9 4E 88, FRATTE
51 K-Means BEMERE /31T

XFF AR 0 H An F e B =X, 75 2 A F1 5 4 1
PEPRFII AR L) B ) 5 . SCHiR[ 6-8, 15, 17 1 H it
B0 (closest-pair) BE 25, sum-of-pairs B 25, 3 2 Bt
[a)#% IE (dynamic time warping, DTW) | f K /A3t
4. 527 5 i 48 I B (edit distance on real



252 T EAFHARREFR

# 46 %

sequence, EDR) FlI 5% #3244 ¥ I 55 (edit distance
with real penalty, ERP)ZEANA] 5 2 AR B T 45 &
R ER AL ASCIR G B B SR T G iR R B A
R FE AR AE T IABS ) 2 B 7 5 i

T

ASCUABG 1k R A IRVE G 1% R 1], B8t — o 3
FHALAE GPS $U3 Bl 25 442 48 15 76 4 SE R Wy
AREE G 00 S8 B A I 55 vk, B fd A Pathlet J7
A L E AL GPS 520 B 1 51 . K &
FLZE D s i v, AR A3 808 1) Pathlet JP 51, IR 2
RS 52O Z RIEH 1 K 28808, 245203
W R B S K S IE Pl E T DT RE , W]
Aoy 2% 8 S (R RN 2 () P A A 5 34 o 5 L 1 D 2
. T 2011 4E 3 A # 5 H A%
GPS Bl 0 B E R AR E AT T R 505, T Le T AH
K TAE S ERUE T B4 38 A A S0P F e 2.

2% 3Lk (References)

[ 1] CHANDOLA V, BANERJEE A, KUMAR V.
Anomaly detection a survey [J]. ACM Computing
Surveys, 2009, 41(3): 75-79.

[ 2] VELOSO M, PHITHAKKITNUKOON S, BENTO
C. Sensing urban mobility with taxi flow [ C]//

3rd  ACM SIGSPATIAL
International Workshop on Location-Based Social
Networks., Chicago, USA: ACM Press, 2011. 41-44.

[ 3]ZHU B, HUANG Q, GUIBAS L, et al. Urban

population migration pattern mining based on taxi

Proceedings of  the

trajectories| C|// Proceedings of the 3rd International
Workshop on Mobile Sensing. Springer, 2015, 9142
172-181.

[4]ZHENGY, LIU Y C, YUAN J, et al. Urban
computing with taxicabs[ C]// Proceedings of the 13th
International Conference on Ubiquitous Computing.
Beijing, China: ACM Press, 2011. 89-98.

[ 5] YUAN J, ZHENG Y, ZHANG C Y, et al. T-drive:
Driving directions based on taxi trajectories [ C]//
Proceedings of the 18th SIGSPATIAL International
Conference on Advances in Geographic Information
Systems. San Jose, USA: ACM Press, 2010: 99-108.

[6 ] LEE] G, HAN J W, WHANG K Y. Trajectory
clustering a partition-and-group framework [ CJ//
Proceedings of the SIGMOD International Conference
on Management of Data. Beijing, China; ACM Press,
2007 593-604.

[7]GE Y, XIONG H, LIU C R, et al. A taxi driving

fraud detection system[ C]// Proceedings of the 11th
International Conference on Data Mining. Vancouver,
Canada: IEEE Press. 2011. 181-190.

[8]FUZY, HUW M, TAN T N. Similarity based vehicle
trajectory clustering and anomaly detection[ C]// IEEE
International Conference on Image Processing. Beijing,
China: IEEE Press, 2005, 2: 602-605.

[9]ZHANGD, LI N, ZHOU Z H, et al. iBAT:
Detecting anomalous taxi trajectories from GPS traces
[C]// Proceedings of the 13th International Conference
on Ubiquitous Computing. Beijing, China;: ACM
Press, 2011: 99-108.

[10] CHEN C, ZHANG D Q, CASTRO P S, et al. Real-
time detection of anomalous taxi trajectories from GPS
traces [ A |// Mobile and Ubiquitous Systems
Computing,
Heidelberg: Springer, 2012 63-74.

[11] GE Y, XIONG H, ZHOU Z H, et al. Top-eye Top-k

evolving trajectory outlier detection[ C]// Proceedings

Networking, and Services.  Berlin

of the 19th ACM International Conference on
Information and Knowledge Management. Toronto,
Canada: ACM Press. 2010. 1733-1736.

(127w, T Bl Bl i S A I R A 58 [ DL i
LB, T ERRERE R, 2014,

(13] 3 fh. RIBHE B (R R 248 Lo D], 1+
OB, hERFEHORRE, 2012,

[14] CHEN C, ZHANG D Q. CASTRO P S, et al.
iBOAT: Isolation-based online anomalous trajectory
detection [ ] .
Transportation Systems, 2013, 14(2). 806-818.

[15] SUN L, ZHANG D, CHEN C, et al. Real time
anomalous trajectory detection and analysis[ ] ]. Mobile
Networks and Applications, 2013, 18(3) 341-356.

[16] CHEN C, SU H, HUANG Q, et al. Pathlet learning for
compressing and planning trajectories| C |/ /Proceedings of
the 21st ACM SIGSPATTAL International Conference on
Advances in Geographic Information Systems. Orlando,
USA: ACM, 2013: 392-395.

[17JLEEA J T, CHEN Y A, IP W C. Mining frequent
trajectory patterns in spatial-temporal databases[ ] ].
Information Sciences, 2009, 179(13). 2218-2231.

[18] CHEN L, NG R. On the marriage of Lp-norms and
edit distance[ C]//Proceedings of the 30th International

IEEE Transactions on Intelligent

Conference on Very Large Databases. Toronto,
Canada: VLDB Endowment, 2004; 792-803.

[19] HAN B, LIU L, OMIECINSKI E. Neat Road network
aware trajectory clustering [ C]// 32nd International
Conference on Distributed Computing Systems.

Macau, China: IEEE, 2012, 142-151.



