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Self-driving tour route mining based on sparse trajectory clustering
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Abstract: Aiming at the difficulty of constructing real tour routes from sparse refueling trajectories of self-driving
tourists, a sparse trajectory clustering algorithm based on semantic representation was proposed to mine popular self-driving
tour routes. Different from traditional trajectory clustering algorithms based on trajectory point matching, in this algorithm,
the semantic relationships between different trajectory points were considered and the low-dimensional vector representation
of the trajectory was learned. Firstly, the neural network language model was used to learn the distributed vector
representation of the gas stations. Then, the average value of all the station vectors in each trajectory was taken as the vector
representation of this trajectory. Finally, the classical k-means algorithm was used to cluster the trajectory vectors. The final
visualization results show that the proposed algorithm mines two popular self-driving tour routes effectively.
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Fig. 1 Comparison between tour route and

refueling trajectory of a tourist
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Fig. 2 Overall flow of the proposed algorithm

1 AEXRIAE
1.1 HRifsEE&IZIR

TR AR R BT R kR i B R R 1 A DG 5
H AT 2R 6 B0 32 232 FH P 43 25 00 GPS Bl £ i b
PRFRZS Y B8R B A BB . Zheng 2538 T GPS ik
BORA T — 250 B BRI I R 2 R AN B T AR U TR
B AR . Cui 2522 FH P B9 GPS BILIAE &, , % & P i Ak
A5 B ZET U R BB AR T PRl iR LIRS T 2
o TR R A PEAR R . SR, GPS BlLadh B2 AR nT L e
Ur % B B AT I £k, (B SR R XM LA B A5 . Bl 5 T 7 8 IR
55 19 % e, ) A A SR BICH R 017 e Ui s e A2 3 R A A R
R FE A o SCRRLT 1B T — b 32 T 25 RARE 780 1% [ ek
UE T R AR I R EA TR R o SCHk [ 8 1B T & 45 3
B, 5 — P T AR R A B A A 2, AN B 52 N

TSI AT RO RIEER LR . H AT, SR X S P ok SRR AT
FI 2 AR BRI SE /0 B D DA A T ok S B af L X
HWWEE S A S, HP RS S8 A S B 2 i R HE 1 KL
HARD . SCRRLOJHRET A 23 % 53 52 10 924 % GPS Bk, 45 15
P00 B 5 R R A B AR R R R 2 R R b X
B REAETT AT F AR B 25 AT R

EAREAERZ R AT 35 ISP AL G 4
U B —/INER 23, I I BT SR AT R W i 22 0 5 L3R F
FE R B AN [, A SCR It 8 580 E AT A 228 42 ik i
BRECRYIZ I, BRS040 F S A A A B SR A
A5 X T4 it 253 R AR LA AR
1.2 BBEsE

N T R AR R B0 G rh i AR R B AR B[R] 4
HH R HGEHEA TR LGB R T — e
A P — 2 18 B 4k 5 0 ORI =2 ) R AR | 22 5 R S — 8
AR I E P IITIRIE . Lee VR H T — AN 2K HE
28, SR AN R 0 A TG AR SR R TR LAY
BRI EX XL T PIEIATIRIE . Tang S5 PR T 4747
R A 5 SR B SR VA M Dl B dl v
PR [F] T, Besse 55 ST — Rt i BE 2 B2 5 vk, SR
THRT B IR

P 2 291U 30 58 6 9 A O 7 T A k8 =2 ) P ARLABLE , o8 )
P 00308 AR ABLPE B et 3 A 4 2 2 B ]9 f (Dynamic Time
Warping, DTW) "' | #x £ 24 3 F FF 31 (Longest Common
Subsequence, LCSS)"*VF4m & I 2§ J7 7% EDR (Edit Distance on
Real sequence )",

R T B T HGL A S A Rl
FHTRAEAA R ) GPS Bdli o SR, W25 iy i e A1
T HTE 2~3 o, I AUIE SR L P i 2 () B4 s
Z I AR A R, F R T AN TR A
NElDIRTHECIRDS 4 €178
1.3 SHART

15 SR 5 Ak BRATU , 14 58 R BRI R hy e 4 R i 1)
T L IEAS I T 28 W2 BB S AR IT I G, pe )
2R T R T 7 P e R AR B L BRI, IS R T
oA 2B, BITE B b 280 I7E — B 1) S0 HA T i 1
it A e . Mikolov 252 HY 1Y word2vec J2& A (1 3 H 4K
2, AT LR 5 im0 27 > 1) B in] i IR 1] B 0, T4 L
PR E RO I ARG A ARTE T LA FEUS T RS
MR

R, A3 A A FR WA B Y R B N T R TR
55 MERE R G AU, BFFE N 5L IR B AT LR T P 94T
o SVRNE ), R 27 T R BT AR AR A Y
gl A B FES . o3 SRS T A MR R Y ) 2%
MR AR AR ORI N HERE | B U
R AR R T B T TS 2K A3 BT, R
P 2 e 4 Y BB AL AE P 810 27 > 2635 s i ARR . AR
SCIRVARE A 3 — REVAEL o Tyt 1328 v ey s ol /B3], B 2%
Bl E A F L 38 FH word2vee S > il sk i a3 w , H
T R 3 i A AR T B2



% 4 3 #

BB R THHIEIR K0 B F ka5 K IR 1081

2 BB FEEAEERA

JEG6 i B 4R R L S r = (w0, 5,0, area ), Ho
woo st S AR EDOL AR I A g B R B 5 area 1R 3R
Tk B AT BOX R o A P BB A N U LT A
P Ak , e A 1) Y05 L2 2016 4F 1 H 1 H 2 20184F 12 H 31 H .
FEnahc S RO UEAT SR AL, B4 TP B I e sk T
DU B — 2 MBI tra = (s, 550 <o, 5,), B —A F P e B
ST i L BRI IR et e g

Zo3d AT R I A A A A R BT 3 MRRE 1) FOk
b T8 — UK ELAE B I )AL 30 d 5 2) AT SESE ATy, AR
ARPIU i i )R] /N T 5 d 3 3) Tl s AN [ EL 43 HIOTE 25
ASHNTT 8 5 AT 3 T, W, 4 T kel 1
gt , A SCEOR M OB F 8 WA L 64T 43 AT . AR LA
AR 2 SCT USRI LA B AR AR R U, X
T R 5 P AT B — S tra = (s, 550 o005, ), Q2R
it J2 :

t(s,)—t(s;) < 30

t(s;)=t(s;_ ) <S55 1<j<n

different (area) > 3

n>38
WA tra > B2 INA0EIGE X5 L G R H 2 2

AR LA R, DTt 30 540 4 rh B B 20 646 2510
AL, T SR SR 2 A 5L AR AR SO
BT B AR T . S XS ALY
B ik 211, ik i TR R b 3. 5: 1 i B L e
B, X AT TR A2 R R AL R 22 0 B SRR S 1O
FOR R BRIy R B A B R R 2E 5,
& 3 7

N¥10'

LY € Y N I T 7 R S
(eI B i N | G N A )
By
(OF= INZEY 2w

N#0'

it
K OR

By
(b) BHIFEA By oA
I3 SRS AR RS G5
Fig. 3 Provincial distribution of migrants and self-driving tourists
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Fig. 4 Histogram of self-driving tourist number variation with time
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