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Abstract

In the last decade, deep learning has been proved to be successful in many fields, like visual im-
ages, natural language processing and speech recognition. At the same time, a plenty of deep
learning models showed their powerful learning abilities, such as Deep Convolutional Neural
Network, Deep Recurrent Neural Network, Deep Belief Network and Deep Generative Adversarial
Network. The deeper the models designed, the better the capability of learning would be, but more
complex the training process would become. Therefore, to find a balanced pointinan application
would be significant. And there will be much space for research. In addition, it also achieved
state-of-the-art performance in time series data applications, like stock trend prediction, weather
forecast, abnormal climate and extreme geological disaster prediction, etc. Specially, trajectory
data not only has the time dimension relationship but is also related in spatial dimension. And it is
closely related to our daily life, from urban planning to individual recommendation, from safe
travel to qualified services. In this paper, we briefly introduced the trajectory data, summarized
some applications in trajectory data mining and analyzed the advantages and disadvantages on
the frequently used deep learning models in trajectory data mining, and put forward some small
tricks to help with some new thoughts to the later research in this field.
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1. T4

BT BN B WAL P28 AT K, BE T B A M g a2 AR, R E R
A NIE A . MTFHUE N RGN NIAT NI EEE, R4ESNUE N R A KERIR G
EHE, CHLI T #E2 E A O WA &R Si(Automatic dependent surveillance-broadcast, 45 A ADS-B)th
S TE UK B U HAR o (X SR e 48 O UE B 3R 5 St BEUR, mT DUR SRR i iRl | A2 @ 8 o)
TR et WIE AR S22 285 . FEAE T RE R AR 958 7R
22 BB R S B A28 I J7 9% o e [1]4E 2015 A2 PUZey2 48 B o S o i) nl B T R R4,
RTINS 37 5, IR THUITRI DG 2R, (214 2016 X530 A R0E TRACEE . Hod 2 B A BE A ik b
AR, B EE B R B AL GRA 45 D7 AT 17 r A Ak i, (B If o £ HRN AR R R
PR QL R BE 2 2] Tk 4 TAE 2019 47, [31b4E | S ST AR B RGEM) e Ah 1 IR FE 2 S e 4
2R S, SR B AE AR IR SRR B 42 4 77 THD PR O AN VR, DRI AR SO R e R 2 5] T VA
7 WKL BN T AR AZ AT 55 1) ) R AT R Gi b o3 A R i

ASCHE T RAGAESE 2 o 5 PO EHE AP Z 8T 55 AT TR S ) 4 TE2E 3 E o Fl 4 —LeqE
SN EHE T2 IR S o IR FE 2 SR B 4 3y, BUR T W R ARE 8 AT S5 AN T H IR B 2 ST
Ay S5 Ey, BENEE.

2. HEEHE
2.1. X

S HE R B N B A I [RIRS S - AR R ARAE S, IS B ARSI RS, Gl B AR B
N I A% SR 7= AR FEAE — 8 BB ) (R B e S A RS B . 2Bk LR 3R 4i(The Global Navigation Sa-
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tellite System, %5 N GNSS) 2 LB HE b0 BA5 S FZORIE, & H I Bii 52 % 12 GPS R4,
A IEAE WK X 41 I 2 iR 451 BDS. GLONASS R4t 2 6 1, fEBEE b AR = 58
SIS A 0 B e RS FE
22. VIEFR

S H— A AR A —ADFA W{(124),(Pasty )Pty )} » Foh pi R BB (INZE | £6)%),
t RRPIRECE NG %A B I ] B ] DL B G IR0 22 I 26 (RNIND) I HT N 5 A S8 R R i 27 )
R 22 ST G 22—

A I BT B R AR AT DL — A 4B (E 2 R ) Sk R on, an— 2Pz mT DA N E — 5k —4EHh K, 0
Kl 1(a). HRHIEIRIER M * M IS, MOZEHUE LIEE, ot a#E, B C, BnE x T8
y BRI, JUAREAN I8 s R AT DURE & B2 26 B W 21— AN A C,, v X Fpor 0, BATE — 2%
BB — M * M P EE @ 1(b)), HAR AR EEARNE, BRI AR N — R
1, FRMBEGR . XFBARRIELZ N T A CNN B K5 AR, 1R AR W 4 2248 2 5] Pas $iedis o
RRAE, X PRk 77 =X RE AR B A B TR A DG E &R

/

MN[V

Figure 1. (a) Raw trajectory, (b) Cell trajectory in the 2D grid map
Bl 1. (a) [RIGHNTE, (b) 4k E A B ST ARSI

23. REFIHENTHEZEPHNA

PR FL 2 ST ERT UL B, AR5 KRR TP AE TN . 2R 2]y 02K RH R INeg, S H] 4
2V RIS B B AT NS T TH .

17115 T 3 S 5 s AR SR A TN 2 30 B e W R . PR T AE — SE R SE | 51 35 R v il
Wi, A TRR, s E AT, B E BRI R )T v ST AR, SRS TN N —
AT RERAT 4. TAEPLIEEEE S, — RPN AL E A RS ] ULE 2 7 S B id], — 2wt il BLE 1R
AT, BAIE T — AL E RTINS A7 T AN R e (4R PR e R
FIE, AR N AR, IR XIS AR TR A T BB R A B A N BT R A, IR kT
A GRU ) RNN Ri2%, T — Mz E o [5] (617350 A BAS R BER P 52 1 J5 VAT AT TR S 1, (7]
AR A 22 190 268 o R 20 FR) 75 SR AT SIEIR T 5 [8 TR I I 308 A SCAS B 20 A i A AR IR AL IR0 238 (B0
EIERDMERE, FHESRIP A RHEREATRE S, ATTREAT F00F DX AR 42 75 SR T

FEMGARASE AR 55 R G0, WA A RO AR A AT PUzs g AT S ER ER AT T 2 g b A0 Tl M

DOI: 10.12677/csa.2019.912262 2359 THEAURF 5 R


https://doi.org/10.12677/csa.2019.912262

(B SRR S, (9138 I 45 A AR B 3R F e Ak (14 7 S0 2025 5 AR 2 i B0 T SR SR S 22 A A
S, CEMTAS U, B A TR RS B M 0 E 2l HOE VO B A RN SER A B, XE R ETE RS
REME RS L TN K HLIOBIZE, (101454 T EEHH RIS S5 2, IR FE AR AR R AR 45 i 21 CART U815 B
TR FE T >R — Bt 8] A 0k

A I EAE R A 12 B AR Bl ST R P24 AT 45 A B T, P RSO FERT S5, RAEIESUERI A
JUEH, BRI A IR AR LS o [11)7e 3 B s (i S AR RAE, QIS ENHFIE, FiEIT Seq2Seq
(1) E iS5 BIRHE R e KR, ffailid K2R RO RR M H K. S5k, 1515 BAERR S,
NEHEHFRYE G TR, (126 F CNN A8 B TA SR AL 0 H AR AT Az A0, MR AT 55

ARl WA AT S5 S SR . (133 AW Attention filt A ML 1047 N BUZE T 75 1% R RE AT LA
PER 5 H FARIF-B, o gmis 3813 21 0 B ART NS g i 2 5 1B AT NP g s A 1R K X 51,
AT b P — S 28 B SRR SVA (B v S R 2 . 1T ADS-B 804 (1 55 3R, S O LA b T B2 i
B2 EZEER, [14158H T —METIREMEMZ T SODA #4, A —AME B0 Ka8F—
AMUZS 28 53 2548 , BERE RS A M AS I 2 B 9 MUk o [ 155K FH Seq2Seq #EALHAT 54 1] ADS-B B[] /7 51 AU,
BT 5 B AR AE 4 FE P38 sk A 80

3. BRAKNRER MRS
3.1. fEHERLE

EIRFHZE X 2% (Recurrent Neural Network, 485N RNN)& 8 15tHF SRR 5 B 5 45AE 45 B AR 20k T
W —ATReR 5, BORRIRE SR TidiZYiRe. SEGIR & W2 h & — 2 A 2500
HEANE,, RNN 7 FrA I 20 SE 1 [F] (0 2400, IO T AERE— B 3 AR AT AH B A4 55, BIE3E P AE,
O TR, XD T 7 2% TS84 2 )5 HILE RNN 4844, 4 Bidirectional
RNN S 75 HE B 20 i AN OO T 7 91 2 1T I e R AR T 2 JS 170 %« DeepBRNN, HI7E Bidirectional
RNN fJeal F, RS20 2 EEE, XS EA Ry 6

Kl 2 @78 T RNN FEEARGE M) o Horb x, F1 b, 3 BRI ¢ I 204 NFR 22 S) B BEBOIRAS, A & — 4
LML, EAMERF x, FEH b PTOUE HET—BZ 0 — 1 895 (- DBAE] TR — % s XFE
HAE B AR IR IR N T .

RNN G HANGR AT, — 1012 1%, B 5 O 28 (R 0 I T A7k P P9 25 R S IR0 M ek 55, X0k 2 B2k
W EEREE . SRR IMNEEHNE B rid A mRLs, Smmles, X5 — s EEE B 0 2 |
grfidd, HmTk.

Figure 2. Structure of RNN model
2. {BIRFHLE LR ARBU LA
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3.2. KHEERHEIZ

K AEHF 042 (Long Short Term Memory, 4’5~ LSTM)J& RNN [ —/N &, 183 JE/n T LSTM ()3
KREEH), 5 RNN AFEFGRIGH ML A SR ER T, BN T —FRER 2o (GERE),
BBt o IR TS K42, BRARIF I ORFRAS BAAE s JFH =TT 6IE B AN m . BT, &id
FIRE T B, B2 P 4L UBIRES M HUIRES . Hid, TSR TR, it
22— sigmoid JZ(RIE x HH 1) o kb Ry e i NS SRR 75 2L E 57 . WL TR 20, WRLE TR Ea . 41
FRAS 2 i E— R RR S ot R e LA ], B BN TS SarRAESE A G B4 tanh A3 )
FRARLE J, 1 e g IR S AR S L0t — A tanh 2 J5 55 H T TR . LSTM X Fh &5 f it
T HIEEE N BAE Rk, TR R, S B E S SR K TS, R T RNN
PRAN I, E A [RS8 KT S IR, RN S5 R R T 7R I S 5O K8 1

29 0
[o]||o] Gan o]

Figure 3. Structure of LSTM model
B 3. KIERHCIZIEB

BB EERA REALEAMTEmHE, Kt LSTM 5HE MRS HMZE R, Wi[l6)
LSTM-FCN 4 548 i 45 AR 7 0 48 B [ I3 N FCN T LSTM, FE¥ 4 45 498, IS 7 3RS Ik
Ho [17]92HH Conv-LSTM S5t HE B AE St - fERDALA T, ARG IR T BRI Pk, ICReESS
() 248 B2 O B K00 [R] FRIAH DG R R o [1814 H T — BT BI72k 4R LSTM, 311/ % A2 0 21 1 i —ANE
B, mi2dE 0 B 1. XForik g g REA SR, SEELNITHEEEAMRBEL2ER. R
28 JLABAIE X AR I 2507 S RO AR . 534k, T14E3A #JG6(Gated Recurrent Unit, 4654 GRU)&Z7E LSTM
REfl LA mE T —NT, R ROIRES SR RS G I N— b, FAFSEHELEN, SHEE/D. [19]
EbE 7 RNN. LSTM. GRU HidiZge7), FF4&H 17—/ M 2Be 755 1) ELSTM Fl—AMEEE4R T~ BRNN
Fi1 Seq2Seq 1) DBRNN #:7,

LSTM fEHUZE I 7 AT 1) 2 S o [913 ] RNN-LSTM 148 4544, K5 i AF 6 17 Sk S ads 4k A
YT PERFIEAE A W25 BN, R SR LI ZI S A0 BB R, TS L SE AR B AT IR 26 BRI 2R,
LT3 SRS R SR AR AR O 2 TA) (R B AR OC 2R, FESEIX A SRR A AN T, oA
B TARMF IR . 2014 H T —ANETEEHLARAA MLP-LSTM 3 TR A A5 8L, 21 F BEHL AR AR
PRI B RS T 26 A SR XS SPIRES EAT T, 76 F 22 2 AR A SR A s o 1) JR AR A, e Je A
Fi LSTM SRIR B S HE o RN AR OC R, Aok 7 e Tt o O T 1 B adn St Toull e 22 KRN B B
5 A AR T T ARG D 1) R
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3.3. Seq2Seq

Seq2Seq “=FF Y Sequence to Sequence, &Mt A —— MR AR LA AL AR N 2%, B AN
—NFA, AT B 4 RIR T Seq2Seq MIFEARLEK), X BN HAEE A RNN #
JG, B LSTM 5 GRU. HIIREME, Jmfdaids nl KM E a0 {x,,x,,x;, x, | HA N @ KK
[ RIE v, DA AN T KB R v e o] KB B AR T 5 {3, 9y, 03 ) -

RS

y1 y2 y3

x1 x2 x3 x4

Figure 4. Structure of Seq2Seq model
4. FHIR FIRBLLEH

SRIM, BTG 2K 400 5 51 G A DR [ K/ BRPIR A 1) &S Br b —AME B R 4a it #2,  anf
FEEERK, E4IEBERKNEEEER, [FIBFIDZRE RIS AN 2 K 5 1) ) & i AR M ey 2140
MNE B EZ 405, BT LA 2 71 (Attention) B2 i 51 N\ F1 U] 2 15 #% (Bidirectional encoder layer) R H ,
fERIAY P RE R K P8 =i W1 Attention AL AT AEA 7 SRR I 18] 20 G b5 9 AN [R ) 1) &2 vy, FEARRSIN
S RANANFER v AT, X B EE R R . (138 45-S IR AR Attention HL
KFRMAT NBIZE . 7E HbrAT N _E1§ ] Soft Attention, B[R /N AR 1) 20 BULE B IZE 1 AN BB 4
T AE & B AT A2 {8 Hardwired Attention, <M 5 BARIT AMIFE S, &5 8K w2 84
Attention 345 (1115 B AR R & N TN\ — 8 43

45T Seq2Seq BRI BRI REUT I 545 7] ¢ R IUAE ), B O TR 2P0 EAR 124 % . Wi[21]
Feth T 2T Seq2Seq MUBAL FI R 2% 2] UBAHRFAE, 1EAPEAALE THE R ZERRAT 7. [6]52tH T Dest-ResNet
(751 5 SRR, PR AL SR PR FPAS [F) T 200 P S B8, n A8 ek 5 210 R0 R P AR S B[] B ) A 17 K
Fe, et 3 Seq2Seq # F R 58 AR SR — B IR 8] Ft 52 368 1 52 F o

3.4. EFRRERLE

LM Z N 4% (Convolutional Neural Network, 454 CNN)&—RIRE AT HZE ML, —MRH T
B A, BLAYY) CNN BRI 5yl AN 2. B k). SRZEZHAR KD
A FUZ KRBT RS A, ik E N8 H T2 4R 3T R, BEHUREEYE . FHER4E. 2
MER . TRl E T EUR AL ER I, AR BRAE BT RAS AR E B A PR 4R e AN, & RIRUE L 2 45
FRWR LIS T 280, B 5B TRIR FE ) 2 A5 A e 4 B R BE I ZRAEFE o T an 4>, — 1% CNN S e B
o B B BN AU 1 A AT S B IR I IR, 41 FCN. ResNet %5, [22] 42 H T 2740 845 B4 9 2%
(MVCNN)X 248 5 I 5 3008 3047 40 RIFIE R 1 st Re . [23 W32 6 B 30E e Aoy — 4 BB E 9 CNN
N, FIH CNN FERZ A AG 2 SR R A Oz A R BERRAE, P55 P02E () AR B s R e AR i S
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BEAT 72 RI, K F) VAR RCR o (2438105 IR AR 51 Fe A i S E E B PP 41
BEFCIEAS T CNN S5 H7E T SCR B PNAE 55 Pk REREL

Figure S. Structure of basic CNN model
5. BRMEMBIEBEARLEH

BRI 1B, 2 ELHORK — 4RI 7 B A 9B AR 2% S AR RN R 5 B LA LR, P
LA 6 E SR I R RO S RO W IR 55 . B I U ZR B, DRUOMIRBE 2 2T — A s K R it
A&, BlE EORBORMEF . BEAh, XEE RS S g o . BRI AR EE, TR BEATRMEL R 1A
RREE Y S92 B IR0 T7 VAR RE T I A R B A 2 B ) B

3.5. BRVERIEHL

H 245 L(Auto Encoder, 4559 AE)Z —F N THZ M4, fg LA—Fp el 0B i 205 = 214 A\ £ 8
A BURFE . FERE AE H—MANZE . —ANBGEUZ R — AN E AR N2 BB 1B 56 &
AT AEAE — AN A A2, R NS BT 40 20, ARSEUZ 2% 2 B A2 AE 2 5 — AN ag i) 2,
iy th i 2 SR SR NS B — AN AR — MR AE IR B RHERIL 210750, AE 2 H T30k
ZHE T RANLES = ST R RIAT S . i HE S H 3h 2w iS4 (Stacked Auto Encoder) &% 2 X 4 N E #5347
AbEE, [EYE, FREIREL, AT ANEBIE SRR & 6 R T — )21 AB AL .

N BWANE

Figure 6. Structure of the one-layer Auto Encoder model
E 6. —EHIBNmIERRBLEH

B TR 2 W 28 # 2 WA BEHL YT 6 TT 86 1, X R IgrAtasE . (25145t H — N7 51 g i 4%
(Sequence Auto Ncoder)fE2A LSTM MZ Il 2R3, XA IZRP IR A4S 2 S 50/E A I B Il R
B LSTM Bk s, KIL LSTM WIS ERHARE, 2R )0, 26 @& “HulKfE” 5 313K
2 AR A N AT AR B (1), R B T2 X 28 BER B N AR B T 28 BRI INR 52 00 B FR U UK
(), BT ACARAR 2 I 28 AL B G N B 22
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4. FREFIJEBREEFE T

AT R — DU AR A2 IR AT 550, W R BB R R R IR 2, A 12N P8, A 12 SO,
IEUTRTSCHTIA, RNN. LSTM. Seq2Seq AE FVEATAH B (1) S5Ok AR A4 B 78 ] DL Ay e 44l 3 b A e 1) 2
275, 1fi CNN SR AR 1) TR0 B R SRR 22 2T o DR 58 IR A2 R AT 55, FRAT TSR 14 A [ f o it
AAFE S IR, FATRRE R &, BN A R B e AT A, FRRNIR— N34T 5],
[271RAE G 7S ¥ ok B B IA A ADS-B (45 AR R RS U AT UL RS, WIBRTUAR, RIGEHF, FiT
B TIAT 55 o 1075 208 S 48 R R BUAR IR G T, AR G 1 VR AR 2 MBI ANE H , BT A28 i T =207,
RPETHRAEM SRRl G, BT BMEGRRS, ©FETE N EIRR S, X 72 A w85 AR T
WL TARFAE AL G 7 OB [81F1[29],  F [ PH SUAR KU FilAb B 2 JE MR\ CNN,  [RIBPRBIE . RN 7
IR LSTM, A Ai175 21 B 4RFE G A Bk A E AT O 25 F5 SR T 5 (291402 2 Sl ik AN [R) RS AE S B 7
{IRF R AAFEEIRFEE S, PN —NREHERR A 353515 2 A RHER IS, B)aiEid 2 2K
SRR AEAT HAT BT IR) ) T o T [30] D dE— P IR 1 5 TR B 25 TR AL (R T KR R, 43 o A
N BOZHE RS B 3 Cn 9 B0 25080 it 5 R OB B i N o BOR i LR B BBt R, B2 5 T B 3
PRt .

Ty J7 T, — SRR A2 IR SR R B IR S ST RESE R G FH I, BR T FH 1) K-means 1 DBSCAN,
AT LA A P e R A A, I M 48 f it A 22 Fhe] BRI, FRATT AT LA S) B i AR S8
T ERNRA RE BB R MR AT . [ 7]50 @i LSTM FNRA % B M4 144, SR TR
[Fi] b [X P HH R 42 75 KR

TR S ST (I P A, e PR R R AR AE A B 2 TR T ) 48 B R A DG IR I, AR [3 1142 H 1)
TR B T7E, AT LS HE I Pt (A1 AE DG ME T B, T ALE I 2 2% ) 2158 2 L 2 g Rasl 0 R AIE,  [8]3
F 7 V5 3R AU 8 rh (R E AR, (AT LSTM B4 il A BE R 4%, 5 1O T R0 SR A A B

A, N T SRR U AT 55 HOAS B SE VPN AR AR, AT DU I S5O ol 22 I 4 (R 458 . 1B ek
FEHFT RN A, 8T DRSS BRI DU AR IR 80K S . W21 T 5 &S RN E,
PR T — /B0 23 ) PR B9 =R % R BOR] — N RN RRIE 2 2 7925, KA T — A R N R B 2 S R A v
IR T I ZR, JEHE T — AN 5T M 56 LU A T (9 3 B4 K e B

5. REERE

AR 3 X s R A L2 F I R L e I BEAT RN B, X P A B2 R P2 1
RIS I RREAT 7 HT e, R4S 1 — S8R . SERr B A IR 2 A S IR B UL Y2 8T 55
ANRFESE 1 J7 1%, BAERBAIZIR . RARIZIAE S5 A X PUA R 45 BT R PR P 2 S Tk A
R Rz —, EEAERBAERKRE D52 7 ARRIRCR, R IR HIE P A B o) L 2
FERKIEFMITT L — o BAN, LRSS EAIRIL NIRRT AE 04 32 PR IR 2% 2 Hl(Restricted
Boltzmann Machine), #:&ARKAT ASHIRAIT7 % Befm, LAz Sos rORT 7o R 25 18 1 Hdfs 78 i (R 4%
JE B A RRASURFE T 23 T 4 Bl [ =% R I 2 4 P88 AT AR I 2 >t mT AR D9 AR SR BT 7 e

E&ME
AR BB A FREHARTE S H (B T F[200912272 %)% ).
S5

[1] Mazimpaka, J.D. and Timpf, S. (2016) Trajectory Data Mining: A Review of Methods and Applications. Spatial In-

DOI: 10.12677/csa.2019.912262 2364 THEAURF 5 R


https://doi.org/10.12677/csa.2019.912262

IS, KEH

formation Science, 13, 61-99. https://doi.org/10.5311/JOSIS.2016.13.263

[2] Feng, Z.N. and Zhu, Y.M. (2016) A Survey on Trajectory Data Mining: Techniques and Applications. I[EEE Access, 4,
2056-3536. https://doi.org/10.1109/ACCESS.2016.2553681

[3] Wang, S.Z., Cao, J.N. and Yu, P.S. (2019) Deep Learning for Spatio-Temporal Data Mining: A Survey. CoRR
abs/1906.04928.

[4] Choi, S., Yeo, H. and Kim, J. (2018) Network-Wide Vehicle Trajectory Prediction in Urban Traffic Networks Using
Deep Learning. Transportation Research Record, 2672, 173-184. https://doi.org/10.1177/0361198118794735

[ST Ma, X.L., Tao, Z.M., Wang, Y.H., Yu, H.Y. and Wang, Y.P. (2015) Long Short-Term Memory Neural Network for
Traffic Speed Prediction Using Remote Microwave Sensor Data. Transportation Research Part C, 54, 187-197.
https://doi.org/10.1016/j.trc.2015.03.014

[6] Liao, B.B., Zhang, J.Q., Cai, M., Tang, S.L., Gao, Y.F., Wu, C., Yang, S.W., Zhu, W.W., Guo, Y.K. and Wu, F. (2018)
Dest-ResNet: A Deep Spatiotemporal Residual Network for Hotspot Traffic Speed Prediction. Proceedings of the 26th
ACM International Conference on Multimedia, Seoul, 22-26 October 2018, 1883-1891.
https://doi.org/10.1145/3240508.3240656

[71 Xu, J., Rahmatizadeh, R., B6l6ni, L. and Turgut, D. (2018) Real-Time Prediction of Taxi Demand Using Recurrent
Neural Networks. /IEEE Transactions on Intelligent Transportation Systems, 19, 2572-2581.
https://doi.org/10.1109/TITS.2017.2755684

[8] Rodrigues, F., Markou, I. and Pereira, F.C. (2019) Combining Time-Series and Textual Data for Taxi Demand Predic-

tion in Event Areas: A Deep Learning Approach. Information Fusion, 49, 120-129.
https://doi.org/10.1016/j.inffus.2018.07.007

[91 BB, MR, e, SR, 2158, KT LSTM AIAEAANTE TR RI[T]. iHEHLRI2, 2018, 45(S2):
126-131.

[10] Liu, Y.L. and Hansen, M. (2018) Predicting Aircraft Trajectories: A Deep Generative Convolutional Recurrent Neural
Networks Approach. CoRR abs/1812.11670.

[11] Yao, D., Zhang, C., Zhu, Z., Huang, J. and Bi, J. (2017) Trajectory Clustering via Deep Representation Learning. 2017
International Joint Conference on Neural Networks (IJCNN), Anchorage, AK, 14-19 May 2017, 3880-3887.
https://doi.org/10.1109/1IJCNN.2017.7966345

[12] #EEE, BN, VM, 20, XU, 5T M 4% 0 TS B AR R BT 7 [d]. S0t SR T R, 2019,
31(9): 68-73.

[13] Fernando, T., Denman, S., Sridharan, S. and Fookes, C. (2018) Soft + Hardwired Attention: An LSTM Framework for
Human Trajectory Prediction and Abnormal Event Detection. Neural Networks, 108, 466-478.
https://doi.org/10.1016/j.neunet.2018.09.002

[14] Ying, X.H., Mazer, J., Bernieri, G., Conti, M., Bushnell, L. and Poovendran, R. (2019) Detecting ADS-B Spoofing At-

tacks using Deep Neural Networks. 7th IEEE Conference on Communications and Network Security, Washington DC,
10-12 June 2019, 187-195. https://doi.org/10.1109/CNS.2019.8802732

[15] TEL, 480, T, FHE. B TIREYSIM ADS-B 58 B IR [ J/OL]. iS4 1-11 [2019-11-25].

[16] Karim, F., Majumdar, S., Darabi, H. and Harford, S. (2019) Multivariate LSTM-FCNs for Time Series Classification.
Neural Networks, 116, 237-245. https://doi.org/10.1016/j.neunet.2019.04.014

[17] Shi, X.J., Chen, Z., Wang, H., Yeung, D.-Y., Wong, W.-K. and Woo, W.-C. (2015) Convolutional LSTM Network: A
Machine Learning Approach for Precipitation Nowcasting. In: Cortes, C., Lawrence, N.D., Lee, D.D., Sugiyama, M.
and Garnett, R., Eds., Advances in Neural Information Processing Systems 28, Curran Associates, Inc., Red Hook, NY,
802-810.

[18] Li, Z., He, D., Tian, F., Chen, W., Qin, T., Wang, L. and Liu, T. (2018) Towards Binary-Valued Gates for Robust
LSTM Training. Proceedings of the 35th International Conference on Machine Learning, 80, 2995-3004.

[19] Su, Y.H. and Jay Kuo, C.-C. (2019) On Extended Long Short-Term Memory and Dependent Bidirectional Recurrent-
neural Network. Neurocomputing, 356, 151-161. https://doi.org/10.1016/j.neucom.2019.04.044

[20] X%, EFURE I PGB MD]: (LA s]. dbat: PRI, 2019.

[21] Li, X., Zhao, K., Cong, G., Jensen, C.S. and Wei, W. (2018) Deep Representation Learning for Trajectory Similarity
Computation. 2018 [EEE 34th International Conference on Data Engineering (ICDE), Paris, France, 16-19 April 2018,
617-628. https://doi.org/10.1109/ICDE.2018.00062

[22] Liu, C., Hsaio, W. and Tu, Y. (2019) Time Series Classification with Multivariate Convolutional Neural Network.
IEEE Transactions on Industrial Electronics, 66, 4788-4797. https://doi.org/10.1109/TIE.2018.2864702

[23] Lv, J., Li, Q., Sun, Q. and Wang, X. (2018) T-CONV: A Convolutional Neural Network for Multi-Scale Taxi Trajec-

DOI: 10.12677/csa.2019.912262 2365 HENLIRE 55


https://doi.org/10.12677/csa.2019.912262
https://doi.org/10.5311/JOSIS.2016.13.263
https://doi.org/10.1109/ACCESS.2016.2553681
https://doi.org/10.1177/0361198118794735
https://doi.org/10.1016/j.trc.2015.03.014
https://doi.org/10.1145/3240508.3240656
https://doi.org/10.1109/TITS.2017.2755684
https://doi.org/10.1016/j.inffus.2018.07.007
https://doi.org/10.1109/IJCNN.2017.7966345
https://doi.org/10.1016/j.neunet.2018.09.002
https://doi.org/10.1109/CNS.2019.8802732
https://doi.org/10.1016/j.neunet.2019.04.014
https://doi.org/10.1016/j.neucom.2019.04.044
https://doi.org/10.1109/ICDE.2018.00062
https://doi.org/10.1109/TIE.2018.2864702

FO4E, AR

[24]

[30]

(31]

tory Prediction. 2018 JIEEE International Conference on Big Data and Smart Computing, Shanghai, 15-17 January
2018, 82-89. https://doi.org/10.1109/BigComp.2018.00021

Antonios, K., Nikolai, S. and Michael, B. (2018) A Convolutional Neural Network Approach for Modeling Semantic
Trajectories and Predicting Future Locations. In: Kirkova, V., Manolopoulos, Y., Hammer, B., Iliadis, L. and Maglo-
giannis, 1., Eds., Artificial Neural Networks and Machine Learning-ICANN 2018, Springer International Publishing,
Cham, 61-72. https://doi.org/10.1007/978-3-030-01418-6_7

Dai, A.M. and Le, Q.V. (2015) Semi-Supervised Sequence Learning. In: Cortes, C., Lawrence, N.D., Lee, D.D., Su-
giyama, M. and Garnett, R., Eds., Advances in Neural Information Processing Systems 28, Curran Associates, Inc.,
Red Hook, NY, 3079-3087.

Raghu, M., Poole, B., Kleinberg, J., Ganguli, S. and Sohl-Dickstein, J. (2017) On the Expressive Power of Deep Neur-
al Networks. Proceedings of the 34th International Conference on Machine Learning, 70, 2847-2854.

FhBIE, — PR TR I HUE R A A TEE 4D FTE TN TR ). BAF AR, 2019, 22(9): 8-11.

Zheng, Y. (2015) Methodologies for Cross-Domain Data Fusion: An Overview. IEEE Transactions on Big Data, 1,
16-34. https://doi.org/10.1109/TBDATA.2015.2465959

Abdollahi, M., Khaleghi, T. and Yang, K. (2020) An Integrated Feature Learning Approach Using Deep Learning for
Travel Time Prediction. Expert Systems with Applications, 139, Article ID: 112864.
https://doi.org/10.1016/j.eswa.2019.112864

Liu, J.,, Li, T.R,, Xie, P., Du, S.D., Teng, F. and Yang, X. (2020) Urban Big Data Fusion Based on Deep Learning: An
Overview. Information Fusion, 53, 123-133. https://doi.org/10.1016/.inffus.2019.06.016

Wu, Z., Huang, N.E., Long, S.R. and Peng, C.-K. (2007) On the Trend, Detrending, and Variability of Nonlinear and
Nonstationary Time Series. Proceedings of the National Academy of Sciences of the United States of America, 104,
14889-14894. https://doi.org/10.1073/pnas.0701020104

DOI: 10.12677/csa.2019.912262 2366 LRSS R


https://doi.org/10.12677/csa.2019.912262
https://doi.org/10.1109/BigComp.2018.00021
https://doi.org/10.1007/978-3-030-01418-6_7
https://doi.org/10.1109/TBDATA.2015.2465959
https://doi.org/10.1016/j.eswa.2019.112864
https://doi.org/10.1016/j.inffus.2019.06.016
https://doi.org/10.1073/pnas.0701020104

	A Review of the Application of Deep Learning in Trajectory Data Mining
	Abstract
	Keywords
	深度学习在轨迹数据挖掘中的应用研究综述
	摘  要
	关键词
	1. 介绍
	2. 轨迹数据
	2.1. 定义
	2.2. 表达方式
	2.3. 深度学习在轨迹数据挖掘中的应用

	3. 常用的深度学习模型
	3.1. 循环神经网络
	3.2. 长短时记忆
	3.3. Seq2Seq
	3.4. 卷积神经网络
	3.5. 自动编码机

	4. 深度学习模型的选择和设计
	5. 总结与展望
	基金项目
	参考文献

