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Abstract

Trajectory classification is a technique which classifies the objects based on their trajectory. The key
of trajectory classification is to find the discriminative features that better dicriminate the class. This
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paper proposes a trajectory embedding method based on neural network to extract the discrimina-
tive features from trajectory data. This proposed method extracted the local and global features
having high demension from raw trajectory data at first, and then obtained the low-demension su-
pervector named t-vector using the bottleneck nerual network (b-NN). Due to the b-NN maps the
high-dimension vectors into a low-deminson “common coordinate” space, the t-vector had low
deminson and good discrimination when doing similarity computations in the supervector space.
The experimental results shown the classification model with t-vector obtained more than 5%
accuracy, and obtained lower detection cost function (DCF), which improved the performance of
the trajectory classification.
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Figure 1. The flow of trajectory embedding
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Figure 2. Local and global features extraction
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Figure 3. Structure of b-NN
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Figure 4. The flow of trajectory classification
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HVEHIbRAE . HERRZ R 70 R IE IR AR AL AR B E . DCF & SUA:

DCF = aF, +(1-a)F, ®)

He, o WRE, #R05. FNIEFEIE, RIEHS R ERFARMIEGEARRIL. FOVIEHIE
da58, RUIEHR 7 BIRBIFEAR B BIREA R, AT 15 DCF, ARl 1 Ji%%NL. © S, &
IHURIHAD AT BT 9 IE B, BRI 732600 1 3SR BEAR R e Bl i, 2% 1 T &L N
IR, Oy T AN /AT 3838 1 732560 el BRI, 3RATTR#32] 4 4> DCF: DCF,+ DCF, -
DCF, fll DCF,, 73 AlZm% L. . T ANUAIAR AT 85 9 IEGII 45 2] DCF.
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SIS H FHUE RN b-NN PERE. LIRS A FRZ M b-NN H T4/ t-vector, KA ik Py
FhORAT BAR PR HAT 558 . SREe T, b-NN ARE ©AT B AR UL EAE 4 % t-vector, B SVM. RF. XG
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Figure 5. The performance of trajectory embedding with different hidden layers. (a)Accuracy; (b) Time cost
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Figure 6. The performance of trajectory embedding with different locations of the bottle-neck layer
B 6. AL E XL ERN FI R0

Kl 6 LA, 24 BL AL FRT S )28, TVM FIAERRER, B TVM 428 2%; 24 BL A7
TG 3 20, TVM 3R s e 2, B TVM 153 8RR . XU BH, BL S b-NN R #fRe 3 3]
I3 VETE T 1) t-vector. 1X &Ky BL FERT(RIBRZTESS 1~5 IS, AR t-vector 5 A 5 2 HIHZEMA(S
B, 1M BL 3R (RIREE S 6~8 2)IF, £ t-vector A B Z ARG R . BT 0RES MBI
SO RA, FTLAEE G I BL AERE IR TH R R BRI PEfE

5.3. FERHHEMERERR

SEEG M t-vector IPERE X EL XS %4 TraClass. J& B RE1E (local feature, LF). 4 J&H#1iE (global feature,
GF)o N T VHHRFEMERE, KA SVM. RF 1 XG ALK TVM X _Eid 4 FREaiRefiE oy 2. sei g fan
w1 PR

Table 1. The performance of different trajectory features

= 1. FUEHHERY 1 RE

HREME ACC(%) DCF, DCF, DCF; DCF,
TraClass 80.3 0.073 0.131 0.139 0.133
LF 84.7 0.081 0.086 0.089 0.091
GF 85.0 0.075 0.078 0.083 0.081
t-vector 90.1 0.051 0.054 0.058 0.062

Fp IR, KA TraClass fENRHERT, TVM HIHERf 2 5% 1 DCF,. DCF; fl DCF, ffm . XKW
TraClass A& & T2 KAT HARPLZE 4y 26 4, TraClass 75 SCHR[ 11 3RAF R AP A MERE 1 78 A S
B b AR . XN SRR ] TraClass R M. B s 28 IRH, 15
TraClass FEPUL FERER AN &) “HEAE” [F2K HARMIHIE, $EHCH AP FEIE. e —17H, KM t-vector
VENHFAERS, TVM $RA5 50 I R SR A B I (1) DCF, X 35t W] t-vector [ AT 0 PEf i 5 4h, LF Al GF
Xt N PR Bf R AR T t-vector XM FIHERR R, [FIEE 1% M) DCF & T t-vector X} B ] DCF. X i H] LF
Fl GF HIPEREIR A t-vector If. XN, LF Fl GF N3 T G224 E, & 5% Bk AT
P, 1M t-vector B b-NN A2 BifF ). b-NN K¢ GoTHReAE LS 1) 38 FHALFR 2SR 7, XEARRAE(E REAT T A HE,
N2 S W o7
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ZRSBG M AR AL e, KR ) TVM Al SVM. RF. {RIEM (decision tree, DT). UII-H 4%
(Bayes network, BN)H1%£ JZ &A1 Hl(multilayers perceptron, MLP). X545 52 4250 W
G AT BARSEPE 7 RAESS LI T, b-NN H TAREHZE A % t-vector, SR 54 t-vector 7 A ik 5 Ff
PRI, SERRAT BARELIE 2. IR AN 2 BTN

Table 2. The performance of different classification models

2. NEIDFREMIERE

RHE ACC(%) DCF, DCF, DCF; DCF,
SVM 85.3 0.073 0.075 0.080 0.079
RF 83.9 0.081 0.090 0.089 0.092
XG 88.7 0.063 0.067 0.070 0.071
BN 82.6 0.091 0.010 0.016 0.012
MLP 90.4 0.050 0.053 0.060 0.057
TVM 90.1 0.051 0.054 0.058 0.062

FEIR MLP 1 TVM K155 ACC A/ DCF. B MLP il TVM f43 28 fe el SR,
AEX T TVM, MLP IR KA, HAMEAFER . B4, SVM. RF Al XG 1 ACC #Jtt TVMd )
KM EATH DCF #JE TVM & XEFA, TVM 285755 SVM. RF fl XG =AM B as %,
RHEAFTA T RIBBERAG R, HRWAD DR U ERR SR AL R IEH . A5, TVM 1)
PR L B oy R R TR
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FUH AN B AT BARPE, B0 B0 R SRR AL AN 4 SR A SR BT 2K, 1 B30 o e I e %
MBI SR B 5T AR . (E R R ERE TR ST, BEHZE R T. v T gs €l
FHERITH0, ARG T — i TS 2 2% RN 75 o 1207 10250 H ARBUZE T 45 21 s 4E T
(R J3 3 - 4 JRRPAE 1) B, SRS R A b-NIN S5 R AR AR v 4k AR AL 17 2 A t-vector, 58 FRUFLIZE RN « BT T~ b-NN
RERS R P — A PRARFAL [F) B BURHE S S P ARAR 7 BT, XPRFALAE AT 1 ICHE T BRAR 1 RF Ik 1) B4
JE, 645 t-vector FATEURYE L ANELT 7] 73k O 1 SEBUIEE 73 38, AR SCIE R SVBLRF A XG #J R TVM,
FUBSL 73 FAETIAAEL, TVM B A B A5

KRR TE AR TT I BEAT o — 7 IR AT UL RN, KX DTMes . B Sh gL A e ik Be A
W23 F B PULHRN o 55— D7 & ST T r K48, PERE R A 70 K 25 A

B oW
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