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Abstract:  Vehicle trajectory anomaly detection provides important security support for various location-based servic-
es. Machine learning-based methods, as the mainstream detection methods, have been widely applied in various fields such
as transportation and military. However, due to the problem of noise labels, existing anomaly detection methods have poor
performance in practical applications. To solve this problem, this paper proposes a vehicle trajectory anomaly detection
method based on noise label re-weighting (RW-TAD). This method uses a self-supervised approach to construct a sample
weight estimator, which evaluates the credibility of given labels by calculating the probability of trajectory generation.
Then, a detector based on weighted loss is used to detect anomalous trajectories. During the training process, the RW-TAD
model uses a collaborative optimization strategy based on a dual-layer loss to jointly learn the sample weight estimator and
the detector. Experimental results show that this method can effectively alleviate the interference of noisy samples on model
training and achieve good performance. Compared with existing methods, it has greatly improved in detection accuracy and
performance stability.
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PR PR, P BEAS [R) AR 28 ] B2 A REAS X0 AL F AR 1) 5
R 32 Y={y}, WK s ACh

LX) = S feal o) (21)

For wy AT, 1 BEAARSE , fop () M 28 SR
4% PR, BN N 241 batch FRREAR AU %A .
3.3 ETRERKHHEMLALILEH

RT3 ARSI 37 5, S B 3 v B I L AR S
PE T3 T RUZ R Y PR R AR AL 8 A2
554 Estimator £l Detector.

Estimator 1k : 7 3£ AR L AL L 2 v, £ FF Detector
M S BN W B i) B bR Al e B A B R A
i AT T A b 2 o TE R B S IV AR REAE R, DA T
PR FEARRCGEAG T MR T . BRI, B e I ZRE
FREEIZEREAR , 4233 Detector B AL FR 2 )5, 15 B RBEAS
BRI A T B 0. IR ST, BEEL 0 <p B m A 1EF AR
BEREAAE N M HT batch, RIS HL i 6= {4, w. 0},
MPE A AR T

0120 Lo (6) (22)

T3A AE LA Z AT, T B v AR A S S
T el o bR 2 B i A X R Al T e AT I 2
P& T AT XA SRR B 27 > . 0N 2 R R R SR B
P A B AR A B 24T 55, O =K (16) AT RS AU AL
k. BT IChR A5 rh S B & LRAR D B DL S E
8 R ) S AR TR T DA RS U 1 AR 1 v A
LRI . SR X Al 7 =X, WT LAAS 2347 A A )
IS8 0, 2  Encoder Network $& BUREAIE 19 47 25014
VL f. Weight Network A A EE A TR SR

Detector L ft : 7E 2L AL Ak i 72, - FF Estimator
ZHORE A, T Estimator ZR Y AT batch FRAEA
BAL R, SR S (it AU 2K B8 Detector RS 4L Y, JE X
R
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Y’“;Y’—O{%Lc(yt)

1 &N (23)

:Y’—G;EESt(Tf)fCE(OTr’I’)
i=1

Hip BN K batch FFEA S &

AR SC AR 2R 1) £ BE e, R B0 I 9] o o7 A
22 (] PR T PRSP |, 523 1 — Rl T [ 900300 540 1) s 4
A PEAG 73, BV T A pUBE R A A A TS . AR R
TAR G877 1 W it o SR B CRIVRI R v o 12 19 1 1 b 25 K
PEAE | 2% S REA RS AR & TS FE Z M B 5C R )
XA Ty s AR B 1 1 e M, S Bl B A e
T MR 23 1) 1 B 1 R Al 2 il A, R T A i
S BRMEVEAR AR 25 AR, B B4 i AT S R AT A
FEPE. Dy — 7T, 8 7 ToAR 2 R A by Il g A AE
Mg P AR A5 HSOHI A IR G LA i A Gk e T
B2 5 VAT AE W6 e TR 4 7 R RO ) 51, AT LA W B 28
IRBE SN ASABA L BN WA 8T 5 i S8 7 A 1 SE BRI,
Ykt

TR AR XAy T, 51 TR & & o A
PUAFHIEZS 8] . X BT v 0] DU S8 & R AiE 25 (B] 1 2R
IKBE ST, PRI ] B 55 K o3 I B A AR =010
FEOEZS[R] . Heah B8 R A% 5 1 XUZ 40 2K 1 B R A0 A HL
il AT LS B R T A BOME 5 A AR A AR R R T
AR AR A B S o R A A R Ak . A A ]
DIFETTTH N T T AT, 17 v ) i 79 45 Al
Y.

4 FKWITHEERIH

ARSI () SE 5 KIE T RW-TAD ik A
SO . AT A T SR Il B S SRR
FIPEM R bR . SRJG 40 T S50 T R A% e ik, I XF
SCRGEE AT T 0T . e, T Al S G Uk TR A
BA DB R
4.1 HiE&E

A SR AE 2 AN A I B B A R T
RW-TAD P RE , 43 3112 B0 R PG 22 9 1 FH 42 29030 4
PadE . T IR R A, B T I DR ) K
JE/NTF 10 LA ATRERFERET R R F 2 h 5k . i T4
P SRR EREA T ULF T T —3 505
WRAE T 0T, BN 1 Tk

SEH LR RE ik O, R — gLk X, O
g R AR I L A9 E AR . SRS DA T v Bt ML B
AR A — Al 2 A B M B B N A L A
Jei 1 Dijkstra ™ 5 3k 70 B 14 % 00 254 2 30k 2 kS
b A2 D) S B

WP BRSO < BEALE B m A REAS UEA AR BH A

SEPME R TE . M R p G ORI A Hh R S bR
ZREARY 5 L R A
m
p="PE [0,1] (24)

Hop, N BAEAE T A REAS SR
Wi BRI B A R o 3T
A5 BIYINZRAE (4R A ik 48 (X B A S uE 4R 2 H
PR S HOEE B O [F] T T B AR AL Y I A5 R
ZetE T E R ). BRS 1S R BUR R S THE
HLanZR 1 s .
F1 HIEEFE

VERS A4 BHIF4E
E® | mW | IEW EH SH | IEW
AR | 8000 800 3000 | 1000 | 3000 300
PG | 7000 700 3000 | 1000 | 2000 200

4.2 RERSHIEE

KSR A 2 )2 B9 Transformer /£ 4 Encoder Net-
work Fl1 Weight Network % 3% il 25 44 , 1 & &1 8 53 A 241
1 B R Sl 6. i 2 )2 1Y GON 2% 2 B B RAIE
3 2 0 A i 4 )2 R A D AR B L I 25 B B 1) Batch
Size 5 B K 64, M By Bt i & 4 128. Estimator £ De-
tector (12 2] % 43| 1% 47 0.001 ,0.01. S04, BE
09,2, 704, A TCFEBR A, p I E 0.2, LIt
Estimator ) T Il 25 i 2 Estimator 1 Detector f) B¢ & 1
b, ARSI BRI 2 1 P IR A TN 25, AN TR Y 2
TR ZRBr Be 200 T AR 245 8 . I ZRfnik & pu ik il
%51 100> Epoch , 8K J5 UK B2 J5 1Y Fc o5 AL 24
VE R B 485 5 . 20 B UG 5 FP T2 2] B0l S i
RGN 7 30k e R D38 S ) e S B0 R AT S 0 . R
A8 2 b M 75 AR 45 27 2] 5%, Bl CC F MentorNet Y 2% ~J
AIGBLE N 0.01, VIR BT BLAY Batch Size 1 E 4 64,
B B ol 128.

4.3 WtbAHE

1T HTCA O T 5L T8 bR 48 85008 1) 42 S e
S RN A R WE ST A SERG R I T 5 AL T 2T 1L
0 AN 512 DA B 2 b P R 2 2] I YA AT X 1
XL AL -

ATD-RNN"® (Anomalous Trajectory Detection method
based on Recurrent Neural Network) : —FhIE TR L K
Z5 RNN L300 S5 A6r U 7 92 . %0735 1 FH RNN 22 B0
RPN RAE , SR J5 A 4 S48 E0) 5 ik

EncDecAD" (long short term memory networks

based Encoder-Decoder scheme for Anomaly Detection) :
— PR TR [ A N T AZ T 28 1) A i A 3 e A
Jivk gl AR 2R AT R A2 A IE R
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TrajZVec[38](Traject0ry to Vector) : —Ff=f= 5B iy L
RN T I EAR TR S OB U )
THEFE , SR 5 i 1] seq2seq 158 80 ¢ 2] B RAE . A S50
T 3 RIS S SRR AT S A I

GM-VSAE'™: —Fh 1R & i Wi 28 53 F i LAY
SR 7V 2O IR A R O T Y
LA AR A o 1 AR A AR U S

DeepTEA'" (Deep-probabilistic-based Time-dEpendent
anomaly detection algorithm ) : — 1 & 25 43 H 4w 15 H1 AY
LI R Ty s, B ARG D B () AR AL R 1K
J7 VA CNN G AR T [ 22 38 R 1 1 [l ), 1 R VR 5
1= 9T VAE B 00 7 7 B 2 i R R AE . SR AR
A BRI Sk

Cluster-based Correction (CC) ™ (Correction Method
based on Cluster) : — it & T~ 5 S (1 W 75 b5 25 2 2] Oy
15 %7 438 2 KMeans BB L LBR IR EEA T 1Y
BIREAL BB B MR ROCR . ARSI S 45275
RW-TADg AH [7] 114 16 £ 45 44 g 2t S o Aar 0 A5 1 , 4K f
1 5 M 2 5 0 8Os 48 B kAT I Sk, DT A ) S
L7 R0

MentorNet ' (Method to Learn the Curriculum from
Data by a Network ) : — 1 {4 J2 1 25 00 2% 1) Mg P s 4%
AP MR . ARSI 2 )2 LSTM 44 2 Mentor %)
4%, TRV BEAT 5 4.5.2 55 v RW-TA Dg A [7] 4 I 4% 45 F 4
AN ASE AL, DA T S R S
4.4 iFMIERR

A S B % F Precision . Recall Fl1 F-score VE NP
Wrd&dn, PEAE RW-TAD R P RE
4.5 LWHERSHH
4.5.1 EEMREITMAIE

TR AL REVPAL 19 S g6 b, S T ORIESS SR AR E
PE P10 YCH & 9250 (S B AT 20 B, 925 4 2R
F2P0R.

M2 AT LU Y, A SO 7 B TE 348 hn B3RS
TIPS . LSRR B 9], 55 B0 S A %
Fb 77 1 Pk BE B 1Y Deep TEA AR LG , AR SCH T VTR F -
score Fl Precision 8 5 E S & 7 11.6% . 11.1%. X
U BT 09 7 A R 68 LI W FE R IE A L, i
FIE 2 o A5 T M P R A B 5 M RT AUA 00 T I
FEFR G5 T W A e A AR 55 . SR AR A
25 2 XS EE T VA EE , F -score Fl Precision 23l # &5 T
7.4% .6.3%. H TR FH (4G DN ASE AL 2544 52 4 A W], I LA
Rz BB 1)tk 5 4 = B0 IE T Estimator X bR 2 1] {5 BT

i A A L B T A UM R A DA 5 ¥ 0 A L
B AR

I S 5 K U B X LG 5 v, DeepTEA 11914 fiE
B 20T AR R R E B AR PR A R, 25 )8
T AR AR A, B BOR A LR AR RE )y . AR,
X T 7 VE MR TR B RS T AR 2 2 ) R TR
M P bR A R AR R PERE R 2E , SARSCIR IR O 1 A
A2 TEME AR5 ) 1Y X T i, Mentor-
Net P PERBIRAR , 3X & P Ry CC 76 2K B M i BEAS 11 [
I8 T A TR, 23l O AR AR 1Y 2 D
I AT BRI PEREASEE L 1T MentorNet SR FHAEAS AL
A7 2, AT 5 ] M P A AR o AU A A 5 Wil ) [] I
PRAE T YNAAEA BB DL R Z R . PRI, B 1 At
HITERE .

4.5.2 HELKE

R T SR T AR SR A A B A R R
e 421 T 24 RW-TAD #4728 f& RW-TADg Fl RW-
TADm, FEAH(E BT -

RW-TADg (Noise label Reweighting-based Vehicle
Trajectory Anomaly Detection Method with Gaussian) : ffi
5 RW-TAD 5¢ 4= #H [F] #) Encoder Network + GMM
Module + Detector #4755 #a I . FEOCAL L #E, IAH
A FEA BIBRZE AR 2 A Y (Chy 10 2P L SR
#A [8] 1 J7 20 %} Encoder Network + GMM Module 347 #i
YIZk).

RW-TADm (Noise label Reweighting-based Vehicle
Trajectory Anomaly Detection Method with MentorNet ) : fiff
FH 2 )2 Transformer [N 28 &5 4 Estimator. 18 17 f41 28 [’ 265 1.
B PR AR, AN 28 H A A i g 7 =
flb 4% 7843 5 5 RW-TAD AH[F] . 78 2 D8 4 B A 5256
ZERMFE 3 PR .

M3 AT LIE A% T RW-TAD, RW-TADg /%
f4) F-score TE B HS B 45 45 F1 PG 22 B4 45 b 23 i A 1
11.2% F19.1%. PERERY 125 T FFIE T Estimator X F°
BRI AR W P BR 28 37 5 T IR DU 8CR B B S A
RW-TADm J7 75 4 F -score 76 2 43R 4E L 43 HIBEAR T
9% H1 6.3% , X 15t WL T JRE SR EAT AR A AS HR Dl 0o
T AR B BA B rRSOR | R X060 A i
T F A AR et 220 1 2030 A G  BILPE D A A
THRAE T HERERE L.

h T 2B o A A T RO AR S 5 DA AR
i B HoRAE T 1 000 2% IEHAEACHI 1 000 2% 57 AE A
TS50 . P BEALIEEL T 50% MUREAHEATARZE TS L 9K
Je R A EE A R S SRR AT W A A . [ 2 R
A KL 731 1 0 B TR 23 B P& A AR A i 2 7 AR
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DX T] , AR bRl 7 70 A AR DX TR A RE A B . A
Bl LR ), T s SR A R Z 8RR V& 18 T AU (R
BRI X ], T P AR A A AN AT R AR 3B /N T 0.4.
X 2% B Estimator 1] LA VER PEAG #E A4S A Mg 7 2 5, X+
ISR R B8 A A R

i — [ BREEei | A

400
1
:_ﬁ 300
= amf

100

01 02 03 04 05 06 07 08 09 1.0
BEE
B2 FEARRE SRR

4.5.3 IRERFHRMESH

T DN A R A A ] Mg P A 0 A AG: T P BE
RN T 3 Fp LAY B L ik, 7 p € [0,0.2,0.4,0.6,0.8, 1]
HBE R L IEAT T 43T . BAR T i EncDecAD |
DeepTEA Fll MentorNet. 7E ¥ #7 H FH 42 8050 45 48 45 L%
T TN E 3 FR

P 3 3 AT B 1 b R s 1 AN T ASE 2R ) A 0 4 e i £
38 A W 7 A B AR AR B0, JHE R A A il Sy HdiE B ) 1

75 PR bRl R AR R A B 5 B Y F-score , AN [R] Bt
AR BRI J5 vk . T S UL i R R R 1Y 3
B, RW-TAD 2 B AR RS B PERE , 7 HL a] LA ST 4 1l
W T 5 . EncDecAD A DeepTEA A9 P e bt 2 1t
PR BT, R R N Y p=041], M
il £ PRI R R 5 2 p = 0.6 I, F-score YK T 50%,
JU g2 TR HE 77 . MentorNet ﬁ{f?’fp <0.4 5}, HRE
AHXF A (HATE AR RW-TAD ORI R S 2% . 24 p=0.6
B, F -score 52 FLIT EE 20 F B, 3X J2& HH T Mentor [ 4% 11
YIZ X6 B50H0 A 1 JB et A 0 v ) 0K, DR TS il T
i i W 7 637 5 T B P S R R DU AT 55 . 2% TR,
RW-TAD a] LA R0 T W A AR 2 37 50K 19 42l
SEHRIAE 55, X T [R) A B A e 7 3 e B R A0
1 WP

< EncDecAD
0= DeepTEA
== MentorNet
<@ RW-TAD

F-score

0 20 40 60 80 100
WEFH 1%

3 MRS BURE ST A

R2 HERERNGEEENLERR

Jrik
ATD-RNN | EncDecAD | Traj2Vec | GM-VSAE DeepTEA | CC | MentorNet RW-TAD
AL G AR AR (p=0.2)

Recall 0.568 0.613 0.651 0.690 0.705 0.765 0.742 0.825
Precision 0.653 0.677 0.716 0.763 0.748 0.749 0.796 0.859
F -score 0.608 0.643 0.682 0.724 0.726 0.757 0.768 0.842
PR bR PR (p=0.2)

Recall 0.572 0.603 0.633 0.682 0.691 0.733 0.752 0.817
Precision 0.603 0.657 0.696 0.729 0.739 0.762 0.772 0.805
F -score 0.587 0.629 0.663 0.705 0.714 0.747 0.761 0.811

AR B B F g
F3 HEMIWERRK(p=02)
WIR7S RW-TADg RW-TADm RW-TAD
BEEEL D TR A 4 IR E/ S AR A 4 IR €/ AR A DY RS

Recall 0.721 0.704 0.726 0.732 0.825 0.817
Precision 0.737 0.736 0.779 0.765 0.859 0.805
F -score 0.730 0.720 0.752 0.748 0.842 0.811
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