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Abstract: The rapid advances in positioning technology have created huge spatio-temporal trajectory data, and
there are always obvious aberrant outliers in trajectory data. Detecting outliers in the trajectory is critical to
improving data quality and the accuracy of subsequent trajectory data mining tasks. In this paper, we propose
a trajectory outlier detection algorithm based on a Bidirectional Long Short-Term Memory (Bi-LSTM) model.
First, a six-dimensional motion feature vector is extracted for each trajectory point, and then we construct a
Bi-LSTM model. The model input is the trajectory data feature vector of a certain sequence length, and its
output is the class type of the current track point. In addition, a combination method of undersampling and
oversampling is applied to mitigate the effect of data distribution imbalance on detection performance. The Bi-
LSTM model can automatically learn the difference between the normal points and adjacent abnormal points in
the motion characteristics by combining the LSTM unit and the bidirectional network. Experimental results

based on a real ship trajectory annotation data show that the detection performance of our proposed algorithm
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significantly exceeds those of the constant velocity threshold algorithm, non-sequential classical machine

learning classification algorithms, and convolutional neural network model. Especially, the recall value of the

proposed algorithm reaches 0.902, which verifies its effectiveness.

Key words: Trajectory data; Outlier detection; Feature extraction; Bidirectional Long Short-Term Memory (Bi-

LSTM) networks

1 5|F

BEE M FAR . LLIBER ARG
R R, KERINH RIS 23 0E
WK, GFASEE. @ PUTEE s YT
PERR S . PUB KB Th 4 E A INER B
PRGNS B, R P 42 3 0 U O A2 AT 55
BHAT T KREMERZ AL, g R0 Bk
B dr23, Hiniz sl R m W B AR 8 R PR S
W R ORI OV 45 3 A 72 9 N 2 B0 500 76 R LT A4
BN RAERN AR A RERE . H2E,
IR AE IS AL T MORFBA & 5E SR I, 5
PP ARAEVE 22 5 FLAR I R 3 Pk i 58 B RFAE
HREERIAGHNCREE S, X5 SOV
P rp ) S e S AN AR E BRI T U
PR, R 2 51 ST R R IGs R A
MR EE AR . R, B R RUR I 2 T B 72
AT SR EE D

AL LA BG = BLAT 1R A0 2 H i S i 5Tk
%, B 2 ORI BIRIR TGRS, &N B IR
Z ALK B 22 R, AN R U5 e A iR 2
MZES BT AN NERERIRSUE AR Z =
B, MYIRELEEE R AR KEATTA Hirig
FHFEE) S8 5. Hawkins?E 19804 % 74 S
5 R S R TR A e B e 2 e 4
Ko B L E X 5, LR T 5l AR5
BATR BT BN = A S G S SR
MERFESNETRIF . ETHEEN
iy TR ERIE T4 R0 RSN,
TR, B RING— AT LLX 7 IR
FHE S S B A S, AR I FH TG I SR A
TSR W7 T UL R S S . VRS B AR Y R
% S I BE I SERR A, B R ATy R

FERNE 1) 7 skl o) @t b, p T g 2
Fe T A AL BT A, MARSEE LTk
R, XAEEEG T A TR A TR
DU ER T8 7 B B0 0 7 . Alvares®E AU,
Chen%s N"WAIZheng 5 N 2135 5% F 1H 8 18 BUAE 15
SRAG I R v 1 S e, IR BRI
SR A S AR, TR e
E BE RPN B S5, RBRAGI i 8 S R

AT HE EIR 2 9T %5 . Chen®s NI H T —Hf
BT HAMGPSHNIEHE L, KA =%
IR [ 7 21 732540 Jnll o SRR e 34 AR ZE R AT Y i
JSL AL, AT A kR W AICORS FE GP SR b ) S
o HulMgh G R D) T8 £ e W 4 X 380 P D A S
IR B AT S i R, A AR X IE
B g v LI U A S R AR 5, TRl
R AR IE AT P2 . WusE Nl i 4 K & A TS
(Automatic Identification System, Miffi H 2R
)P EE, VAN LR SR B R R, JF
BTt 16 R AU R SR, AR AR P A
(] [1R) 23 243 B 22 A o0t 7 (1) 38 66 o o Wk s- ANEIE
WHIAISHAE T N Jy e 8 fls P R SERREE B 5
TR0 EE B (FR AT S I [A) 5 ) 1) 22 M — 0 1)
ENy R N, a R A St VR R U BT 12
5o RRITEEIIRAERE KR EHE N TRE T
JSE ) 23 BN ) ok 58 ekt I, HEAF A8 1) 32 22 ) @t
ser (1) 8w B R 7 RS N 20 A ATl i
WE, BONEBL: B T#IERSE AR
HPRA, NTHERABE 32 & B B w2 203
BRI A, J7 VR 95 5 H I s R AR A A A1 0L
(3) 7l R IE TR R PO s,
PEANSR . SR UL, 3K 28773k B DU R v AR
TZER U, AREE B LR R IE R
AR ZE R, 0 I R E MR E .

HHT, BREES )07 DRI S8 ] DUE H R EL
P th B B35 SIRHE, A R R 55 b A BUR
(138 77 Bessa® NIRRT —Fh A B o] AL AT
WS B T. A RioBusData, T.EFEF—4
Z JZ BRI Z W 24 (Convolutional Neural Net-
work, CNN), fEASZEHIAHHE b sein s ]k
B, J7VE T DA RACR I L S 2R A S AL IS I
T B A R U B . Fernando®F A2
H T — Mo A 2 T KA 22 M 4 (Long Short-
Term Memory, LSTM) (1) g fd &5 s HELL, 5
AN THERE TN, Beag M HE AT N0 [ 20 = 4 17
SRR T Y BOGEAT NI AR RO B, TTEAER A
HAPRIE M HdE S BRIt T R ErtERE, [
PSP EE Ao 0of B TN % A% A1 47 N F) L SRR A% T DAAS I
FE AT N



38 H O

¥k

ERE

T SE B 1) R A 3R 30 A0 E SR R 5 2 2] B FH 9 i3 K
T, HRERK AR AL SR AE A BAT 55 AR 5
RFES ST BE J), ASCHRH T — PP T X0 KA I
1012 M 4 (Bidirectional LSTM, Bi-LSTM) f) %12
F o AT o ARG T — AN BI-LSTMALAY,
o AN LI A A T — A6 4E 138 BhRFAE ) 5, 3R EX
— BN 1] P e R AE 1) AR AR R BN,
R O IE R R A R (LA R S, ONIER
M) o [N, BVERH T KRR R A5 7
VRGPS AT AR R I BE RS2 o R i s
IGI0AE T 3 T Bi-LSTMASE A (1) HU 35 S 5 a5 il 4
VR R
2 HiEHER

AL BAZ O AR 0 S ORI )
AN B R 2K e, R e Re e A b PR
I e A0 K R TR T2 I AR R T U P . DUR AR
SCHE SN BPOL R R R B IR BGE R, SR JE XS
KT S T2 R 48 R A DG B R AT R, SR A
ZR AR SCREARY P [ % 235 K R BEAS B A R
2.1 $FEHEEY

REHESEEUR 8 N & M AT S R 4 5 v
o th — L8 AT e RMIE, R LE 7 S ke

WA TAR MR EE AR . W R T DL K32 2
ARGIHIVERE . BRI S H— ARG B [R) AR A Y
I Fe e sl s, BITR: Pp— Py — -+ — Pens
X oAU W] PA SR O NP = (long, laty, &)
lon,, lat; AL R A FEFI S BEAE, ¢ 1% S I
RS S o RN R, AT —AN64EH)
BEFHE &, WHENUE (speed) M E (acceler-
ation). filA](course). % ffi(turning angle). *%ff
K (turning rate) i % (sinuosity). XS EEFIE
Bt sh H bria sl PR B 23R AE

AT, A SO AN RFAEREAT /4 . fiis
e 3 b B HE R, HTRREshIIgn
FREE o g Rz 2 H R T A AR, ik
WU AR R PR o I b R R R AR R
BRI IR B AR . X i Py, s A
LA A

diSt(P,,;, Pl,;,l)
N, =
' ti—ti1 )
0= Vi — Vi1
it 2)

ﬁi'jlj ’ diSt(Pi, Pi71)?%/j—<)ﬁpi$uﬁ\:ﬁﬁﬁjl\fﬁpi—l["ﬂ
PIRE S

1 BiR
Fig. 1 A diagram of trajectory segment

PR 8 SO P IS i 2 [ RS B s, AR
SCHUCH T 5 5 05— I 2P 2 5 IR T
[ )& SRR, T 8 1 2 P A RS LI AT 1]
AL . 55 e BZE RORR B, IS A9 e (R0 e A
(6B B A F ) RO R R TTRETEBE K. Fe MR
INELIL AR R S I R EE . . B
i FA RIS A B s

course; = arctan(X, Y)

X = cos(lat,) - sin(lon; — lon;_4)

Y= cos(lat,;_1) - sin(lat;) — sin(lat;_;) (3)

-cos(lat;) - cos(lon; — lon; ;)
turnAngle; = course;_; — course; (4)

turnAngle; — turnAngle; ;
= ) (5)
) i—1

Wi

2 O R [ Bl iE B9 5 B4R PR B I LE
. =X (6)Fra, ARSI SR 1% A
5500 J5 AN Z 00 550 BE 25 AN 5 R S B 2108
B EAE. MRUE I ZEnT UG ok, 1B M
HaliiipeS (e N R Yo X [

dist(Py_y, P)-+dist(P, Piyy)
= dist(P, 1, Piyt) (6)

AR SCHR B 6 4R AE A A1 e 58 S ik H AR AE I
7 ERIEEIRA, WML R KRR AV HIE
B T B T-$2 ks RS 2
2.2 KIGHFICIZ 4

KB L2 4% (Long Short-Term Memory,
LSTM) !SI 222 W 2% (Recurrent Neural Net-
work, RNN) () — Mk iz, @ 51 Aidiz 5




14 RIS BT Bi-LSTMA R I BLIE 7 5 A A I vk 39
AT TRRMLEN I Wb i) 8, Refs 22 ST K BRI R R, [0 O] DenseLayer,
OB RN 0 BB U AR O L DL

2N HHE PSR BAE S .

kI 2f 7R, LSTM T 3 2t 4 #8 73 41k :
256 (Memory cell), #iAll(Input gate), i
1 (Output gate) i 1] (Forget gate). iC1ZH
T AR AN I, 3 R 2t 1145 # oo ] BAIA
ARG L2 B IS B . LSTMMHT a1 1 5
AR R
fi=o( Wiz +Urh, 1+ bf)
iy = o( Wixi+ Uih,_1+b;)
0 = O'( I’Voint'f' U)ht—1+bo)
c=fioci 1ty

otanh( W, ¢+ Uhy_1+b,)
h;= 0,0 tanh(¢;)
Hrh, zg2 YA 2R, f, 4, ol iE
FT. BT Bt TR A&, e id] flﬁmm
&, hZ2LSTME LM E, W, bl i
A FEA W E R, o NBUE R, A SCEH

sigmod BRI, 75 “o” AMSIAFIFR(FEEXS N TC R
G
N N
Igftl(let ) Output gate{ o,
x, \:'{/_}] p{%) = h,
't /U / 't
\I\/\';:')Forget gate
/N

Bl 2 LSTMAE B 5¢
Fig. 2 LSTM model unit

LSTMAE Tl 24 Hi i ZI 0t iF, 3R R0 A i v B
ZIE DT A E R, AR FREE T 5 220
ZIMER . ATRSFIALTFXER, Gravesit
T Bi-LSTM# A9, Bi-LSTM W £% &% &5 st 7] |- A
A ST HA R S LS TMAN 5 — i 18] - M 31 K
FEIF S LSTM, HH 56 i IE M LSTM AN
I LSTMFPIRASERG 2] fia TLSTMH M
XA MR 2%, A LS TMARE BY A 155 100 . F 54K 0
A PIRRE S TS PRI A — B Tt .
2.3 ERIE

AT —AAWALSTM (Bi-LSTM )R,
iRt 3R . Bi-LSTMALA! i % EBi-LSTM M

““
““

Ty L1 Ty x

Pl 3 WA LSTMAEA
Fig. 3 A bidirectional LSTM network

AP R R R AN, BT T 2 A e
20 B SCE R, i IE . R LSTM ) 7l
FEMPULFFILAE S, & & B2 I PL s i) 5+

/)

Bi-LSTM,

fﬁﬁff’]LLﬁ}:

— AN A3 — A
{vl, a;, course;, turnAngle;,
Wi, § 1} ﬁi 1"]43 TSI 21T I Z1 ) Bh 3 A
iﬁJ)\h B,z M55 W3RN 20 1 5 a2 02 s

o BN — 8 7 A1 K ) 0 a5 )
EEBi LSTM H W42 BUF 51 (8] PR AE, i Jm il
W2 B B PO AT . Hdr, R AR
g NL(IER), IEW RS 80(12K), Bi-LSTM
P B BN 2t+1 . BT 7843 75 8 B — BUi [A]
WL R S B SRR B, Bi-LSTMAE A7
YIZRiE A2 aT DL B 3h 22 ) 38 Z 8000 7 51 H 576 8
MIEH s i 25, B —Z 2k B mT LU T3
FEH SR, BARESCHE. T e
KZALEE S, AXAEBI-LSTMZ MBI Z 2 EEE
Z AN Y dropoutHLIEY,  dropoutil i /i 2
KB IERIRLE A

XA AR X — 5 K FE R 7 1 )32 3
fEJE, SR A ZRET B Bi- LS TMAE B Sk 1k 4T i
MW FIERFE A EI4FTR o
3 SKIGIGE

3.1 HuEE

ARSCRH T — N B SE A A 0 S 2ok 36 1E
BRI R . AR B R VR TSR H . B
Z FhBCHE VR AR M SRS o A SCRE AL T MR
30026 B s, 12 AN 406 I )i I AR 4 e 2%



40 G %8 %
FETIRHOL, W ™ BB AL, Hok e

[ roramsarng | Y E AR IR (3) H AR B fOR R ER AT

v 25 B ST EH P BOR R R L B, X T FE R U

| mm—pmusrnwsEng |

| mngmrmsiLstypn |

UL R S ?

Pl

| mmenmwa || memaovErs |
[ T
v

| wxmemsen |

Kl 4 HrmEE
Fig. 4 The flowchart of our proposed algorithm

B GE T T AR A B AT T AR R AL
B TN A S U AR AT R SR AR
B R AbRE R A BRI AT FE L, ik, AT
[ 71 £ 7R3 AR TSR -V € - S N L 2 X R T
1(1E2R), IEHHHEARICN0(5138). ERAK M HdE
IR RE A, AR AR AR U R R
REZ N IUEEIE: (1)MAhEsh i, =
R TR D R Y R L A R Y H AR
BENAE ST (2) BT 5 S B I e AR B B AT

AR T R R K P A PR 2 R [ — AN I8 B
XRI . FH R ORI, RN af L
ANES R SISO, POl R S AR AT
VHEERRMZER . SN EBPIERAR TSR,
SR LB =MERR. NEIRITEUEH, %
F S SO, A AR AR s sh SO .
Haterh, 1IEW AN EON60872, RH HAEL
HN1456. SUAFARIEREAR I h42:1, A WA7
FEEGHE ] 73 A7 AT 1 e, 33 i T 2 )
RGMIVERE . A K 4 &R BE AL R 23 9 I R 4R
(70%) FTREE (30%) « A8 SCR I RCRAE AR I K i
(¥4 2 77 7:SMOTE+ENN PSP Il 25 K 14 2%
A4rAi. SMOTE (Synthetic Minority Over-
sampling Technique)s& — Mt RAE TV, HEE
SRR I I AE T LA D HOS R AR T4 (B R 1 1y 2>
HERHEA . B, fEMEERET, SMOTER™/E
M FERE A . XX AN I ] DL E ik s R CR A T
ENN (Edited Nearest Neighbor )X} 4fi{H 25 Rt 17
TEBRM UL, ARAT 5 kA el &0 J& 28 700 AN [8] i
AR BR, M= A — AN I 2R 4R .
AR AAENNAEE EVTAS &AL A TP e .

)

(b) Fizk2
(b) Track 2

Kl 5 P BUIE IR 45 R

Fig. 5 Tagging results for two track segments

3.2 1T #E4R

AR 2 M LS S R AR, A
FE k5 % (Accuracy) % (Precision). # [\
(Recall)s F1{H(F1-score). ROCHIZE (Receiver
Operating Characteristic Curve) fIAUC/H (Area
Under ROC Curve). X =4 m#E, FREAEH]
AR 8 T S5 0 MIASE B F50 288 531 B 40 5 K1) 73 D L IE
Bl ARIEG] . FRBIAER B, 7345 RETEIFH
R FTR .

i 2 8 SN TE A TOI A A 50 o Sl BE AR B

Ao WEMRZ E SO LT T 0 IERE A H S B T

PIEFEALLI LR, A 5 E SO IR S0 Y 1

FEAE G PR IEREA BB EE R, 78 5 A L
=1 NARERRBENE

Tab. 1 Confusion matrix of classification results

NI
HSE L
SR IEH S
S HIEFI(TP) i 5l (FN)
1B T IEBI(FP) H = PI(TN)




14

BHIARAE: BT Bi-LSTMAR AL AU 57t 5 s I 45005 41

B, AT AR IR EEE O EAE, Rt
A BT 1) 57 B VB2, A SR BN ORI A
[B] R AR AR . F1E A AEA 2 A0 A [0l R 00 A (e,
A B Ul B AR RE I o X AR TR AR 22 U
TR s -

A B TP+TN
MY = PP FPITN+FN (8)
brecision — TP
recision = TP+FP (9)
TP
Recall = m (10)
2 - Precision - Recall
F1-score = (11)

Precision+Recall

ROCH £ 3£ 7~ H L4 Z (True Positive Rate,
TPR) A IEH] % (False Positive Rate, FPR)) %
o TPRAMINA I E ) 575 R, FPRA
AR B IR R, @ s (12) s .
SR, E RIS L% B A B B TP RAE AR
K FPRME . ik NROCH 2k B WL ELHL AN [F]
BERIPE R, AT DUE S B ROCHI 2 T I AR,
HIAUCTH, AUCHBEFEIL T1, FRBEVERMTERE
Uf. T H, ROCHIZFIAUCHE X 5 75 A5 A1
1 HHE A UKL

TP
TPR = 75N
FPR= ————
FP+TN

3.3 XWKE

AR PytorchHEZE M # Bi-LSTMEE AL, 7E
NVIDIA GTX 1080% & _Fill ety . AN s
) N 1) B 4 N6, Bi-LSTM 7t ) e J2 4 JiF
WHE N3, dropouttb il % B ~0.5, WEEEEET
B AW B ON6RI2, B &R i N0 (IE ) B8R
1(RH)e ANEXRHBZEMZEBI-LSTM

SEIVBGL S H R, XUZ PR R, PITEA
FE LG R H BT AR

PO R A B R AT E , AT 1 8
I [ BE ¢ FE1~25 2 [A] IR TR 1 RE, SR FH R Y
I A BE 2 i AR B 5k, T A B RIS ) 2
18 K BRI 1] R B H i s RS 2k i
We or U PR R, AR 0 SEER IR AIE, AN ST ) A A R
tBEE Y10 7T ARSI (S 36 45 21
3.4 LWHERSHH

AT B A SCBI-LSTMAR B [ 200 A 61
P, R 2R 5 e T R B . AR SR AL
5 2] 0 T3 R AN A A 8 R 2% A TR AT Oxk B S
5 . fE1H € 3 BB E 77 7% (Constant Velocity
Threshold Algorithm, CVTA)H, i % Hodf 4
EREEE B, WO R E S B 20 m/s, HKIK
THRLERAN P R PR AR, T8 e 1o R R DU 1 5
N R AR FBERAE TV A2 1 Tz AL
H, oralh: 24 HH(Logistic Regression, LR),
PR (Decision Tree, DT), BEHLARM (Random
Forest, RF), XGBoost (eXtreme Gradient Boosting).
AR Hscikit-learn @S2I T Bk 4Fh 43 K
%, HAMA VRN L S 6 4EIZ SRR . CNN
W 235 25 460 22 SCHR[16], 18 U B A A\ O B R Y
GHEI R, i th 24 A &

AR SR F 54T 28 IS UEVE R A 73 AR 53 30l
BISH, @GR R R A S B AL
W, RFEIY ING REIL B B B N I 28U, AT
IR REF RGBT Re . R2EAFTS
VRAE DA A b ARG Ik BE 48 b S BT IS 1) ) B AL
K6 FE A 7 A F 72 KRBT ROCH 2k . K2
MEGR LAE Y, AR SRS e b s T
HoAtoxt L7k, RHEARRMAUCHE, Bi-LSTM
RS0 ey T HAMIL &5 21 73 SR BRE A i )8 77 2
e A ] R R TR A I 21 B 2 SR SR R, X
FE S B AN i) b A ELEE A

& 2 NEFEIEIRAIEE

Tab. 2 The performance of different models
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XGBoost 0.980 0.517 0.640 0.572 0.813 0.398
CNN 0.983 0.828 0.268 0.405 0.633 4.069
Bi-LSTM 0.995 0.873 0.902 0.887 0.950 0.948
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