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Application of multi-class support vector machine
in public transit transfer recognition
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Abstract: To obtain the transfer information of passengers’ public transit behavior, a public transit transfer
recognition method is designed based on multi-class support vector machine ( multi-class SVM ). GPS data and
intelligent card data are fused to get sufficient samples, then the Multi-class support vector machine model is used
to train the samples. The best sample size could be acquired by accuracy control, and the Grid-Search method
combined with Particle Swarm Optimization method is employed to determine the parameter for gaining the optimal
SVM model. Finally, a case study with GPS data and intelligent card data in Foshan city is conducted to verify the
algorithm, this method can acquire transfer characteristics including transfer flow and transfer proportion etc.
Results show that the proposed method could complete public transit transfer recognition with high classification
accuracy even if the size of training sample is rather small. Especially, it is useful for transfer recognition in large
cities with complex public transit networks, which provides a basis for public transit lines planning and pub
selection.
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N AL TR AR B T LA S B AT H Y, 7EAE 48

sl [R) ol 5 ) A SR P ) 7T e R A B S b
(AR, ol R TR R RS B ik

5 1C R A9 K R 35BS 38 e e B4 $E AL 1 5H i i
% H GPS Fl IC & R Edi | K, 5 B SC ] &,
A AT VAT B M ATHRHIE , F 2 & IR R T IE

A BRI 2SS T R e T LA B
] 4 5 28 50 7R e A 30 T S T 4 R
U FELIHG o SRR 5 T R LA
SRAG T B T SR A L AR, 2458 GPS

KRB 2016-10-17
EETA: EXK BRI EE E % HI(51338003)
EB®N: A 2(1992—) & Wi-LH5EA:

£ (1959—) 3 R T A S0
BIEEE: T M, wangwei@ seu.edu.cn

ST RASCHRA T SOk 6] il A AT A
S LB AR A 3 75 f5 e I TR] | FH LK) W 3fe 725 1
A AR I3 N TRAT 5 SCHRL 7 [l i il 45 2 52 1C
AT AVL Kot , BRI T 42 i | | e ofe b % i
[F1) 5 45 e 2 1% 119 06 81l i [ ke R A 748 afe 1)
HTNEE GPS FIC Bt A7 A 52 e H U
J& H HTHBO B RIS B TRBIMER R = SRR,
HBRIEE 2% W T S 4 9 i R A 3 i oA i T



53

IR XE AR I 1. 4 afe 1) g T A8 0o 26 m)at, H
HONH BTz R0 R s 45 BP #h 42 1)
2% WPR 2= I HL SCRp i HLAE. Horp ) SRR ) a AL
('support vector machine , SVM ) 7E4E £k P4: ] 81 H AN
ZALRE ISR T BP 4% Tiy HL B i e pf 22 ) 2% 311 2
ZE IR I R B 5 i BR A% 2] BLBEATL Ak et
T ERE AR B SRR (B 5 7 A i A Y
PG IR SVM FE AR BR/IEAS AR St L v A X
U AR 3, 3% 9 i FH 5 il 4
A SORHR AT Ry o3y I i 4 3fe | S ki 46 ofe AN fe 3
25, R £ 4325 572 F5 7] 5 ML (multi-class SVM)
(7 BB 2% ) BE ) HE AT el ). BUAR multi-class
SVM I TE/NEEA R DL T 5¢ R ok B4 20 B 0 Tt
AR B B8 8 3 AR AN ) I 1 38 ok il A A2
GPS 1 1C R 1 J7 ik 58 /b & A 32 i AT s 1Y
P, B multi-class SVM $2 LI ZhAEA SRR 45 &
SVM YIZRBERIFIA 38 GPS I 1C e 53 Ay e e B4
R 2RI T A 52 4 s F U3 .

1 S EAlL

1.1 ZHZEZFEEN (binary-class SVM)

SRFIEALE SCER [ 13 ] 1R ST e G i
SJHLSRLRE Ik R LA 22 S BRI, BT Ve
e LS AL XS F /N ELIS |, DL R VS B B/ Mk
YERARAL BAR , AN 22 E R 29 554, e85 A0
B0 pR R, 7 PRINDA N2 2T g ) =2 B] -2
FABAF 0T M TR e/ NVEAR Rt | R 4
A & R b B BRI 3.

TR LAY R BORRT T4 E A ()
RMGIGREAR (x,, v, } i =1, 2,3, -, 1,1 HIl%
FEAHE v, € Ryy, € { =1, 1} ME SVM 432641, 28
SCRAR R MR S T ol A3 SR e R, DR 4R
DLV T A Ak Sk R e — Rl Tm) 8t 3 i 3 1
Mercer & 1, 38 13 WA 4 23 [R] (1 e [ 2 e 55 1)
FAEAS [B] H 7 o R R AR 25 R WP OR TR 7 ik b 4T
. SVM 193K i B J5 e A o — A~ R BRI ]
B A — 2 SRy B L i

X T A A] 43 A) 8T, SVM. A4 18 S 18

(w-x) +b=0. (1)

o Ny as o) H i) &b 2S8R H
R

SRR, W [ (o x) + 5] =
Li=1,2,3, o, L AR || Rk A

TLRAEA T P, GRS & = 0, Z 3K
AR 1) AL R A SR figp ) L

8, 8. 2023 m ENTEA S R i 27 -
i 2wl +cy)
welI,IbnelII?l,f,jeR 2 W i=1§i’
s.L. yt[(wx) +b] 21 _fi’i:1529".’l;
£=0,i=1,2,---,L (2)

Ho [lw || FoR1 4 w BIFEEG C > 0 9L AR
RZEIETISA, M E RPN R A SRS AR BE
& TEAEAL BN AR LA A AT 0 I 5 ARG AR SR it

=R
AR

CIUN Lagrange PR, 15 BAL R HEIE 20 )%
BB AR A SR AT SN SFE LT 1 R eR R (A

[

! 1 1
ngzplai _?Z i, J 1aiafyiyj(¢(xi) : (p(yi) ) ’
s.t. 21: oy, =0
0<a <C,i=1,2,-,1 (3)

H a,, a; = 04 Lagrange R%0(x,) - @(y,) N
i YEZs ] H i AR

AR 2 ] ) RSP 30 oy 24 2 R RO, g 4
JEE s ) ) A Blia B 2 o R S AR BE 3 N, >R
R pRECRAE R BE R RIS . g g A, 1
PO R — H B REAERFE 2 18], I 51
PREL K (x,, v,) , BURFOLAG RS H AR s S

! 1 !
Q (), = 2 % T ?2 i’j:IaiajyiyjK(xiLYi) .

(4)
1.2 ZH#EZFEE ( multi-class SVM)

SVM Sk W) 2o R BT, 24k
PR3 BT | g EEAG 1 5 18 1 225 7 25 L.
HAl, # 3% SVM Z2 K- KL ik FE AW
Sl R ek T B H bR R RO 1T R
fifE—A B R AR R [ P 22201 3 I X
Py i AR LT B (R AR 2R e, VIR )4
H—RREMEEE E S HE 2N RIR L Z
SRR, G — X Rk | — I — 2k |
TRTR SO TR SR T ] TG PR 12 0 2 6 i o e R
Yol SR R 2RO E S A TR Y

Horfr, — X — 2k B R o AL K
FUNGRFEAS YN S 8] MR B2 4 L, e, B> 4328
LB VI ZRREAS AT 1Y, VI Z0RE BE A i | FE X 2 51
DI 532 n) ) A R PR RE AR T A k. R,
ARSCR ] — o — L AT A sc e 1R, 45 75 11
S b R T TR EAEIX b IR AR v i) i
JI A AT RERY 200 HL, 25 2 R 2H G S A 1
k(k = 1) /2 D420, TN 224328 [l 17 13 1k
A SCR AN ST F N5 53 Rl 4 e | S sl o ofe |
Joteafe 3 R, 7 AL b = 3, PRI 3 1Y 4326



.28 . MoK O T

AN S

5 50 %

BUANECH k(k = 1) /2 = 3. IR I35 m FIZ5)
n REASZ ] A 70 AL, R A SR A LAE [] .

1 " 3
min — || w™ =+ C "
wmn pmn g mn 2 || Z i=1§l ’
sty [ (w™ex) +0™] =1 -&",m,n=1,2,3;
& =0,m,n=1,2,3. (5)

TE— 2N — 20k HAR S B, 75 2R M SRk
AT, 02 7n BN 1 s,

E1 MATHRFRANNSSEZFEEN
Fig.1 Multi-class SVM for public transit transfer recognition

X FAR A SSAAREA «, I 3 D or2k
BLIEAT 702, 2350 oA (5] s 45t 3 24 ) 760 S5 3l 48 5 26 5
Py NGRS B Sl P e o | R T
FZE BN FNTCHRITESE I 73 260, TS —Aar 2L
I, Ji T [ sl e afe S i, DU 32 2] 0 S 48 |
I, R Z A S vl e 2 ) 0 S L 1, LR TR
IYRHLIIRSE I, 15 55 5 22 B2 00 W) hy g A REAS BT
JRIYZN. HEEEEER I 1 1 1 AR TR X
S, R IBCEEAIL 70 2 B9 073k 58 LR A (A R
DA 1 R I G PR 70 20K B 52 )
AR).

2 FETF multi-class SVM B/ 28 42 38 18 71|

N IE TR Ty vk FE A B SRS e
FEREBORE I T A3 GPS T IC Rk 3545
AT R 45 S AE S multi-class SVM B I ZRAEAS
HYGEPEEIE R SVM BIRUFIYI A &, 21 i
SE A G, B 58 N 25, e W I ZR 45 1 SVM
BEARUHE) N T IR A e e e iU, AR BR AN F,

AR NE 2 frs.
$B1 YIZEEARSRE. i GPS FIAZE IC &

KR AR SVM BIIZREEAS , I X2 2 e iR il 1 72
Wi PR 28 BEAT O 1. e Z AR AR AR U8 52 AT 2 (8] J2:
TR A, 2 TABTERR 0, b 5IRE D NE
PEAHIR. AR SCREFEAG A2 I ) 35 i 8] (BT R 4245
JE R AR ][] F ) (23 52 AT A ) F6e SR i
(R R SRR Al G ) R ARE (11
AR 2 AR 3 AURBAR) M D e iR i 52

Wi PR 2l 1,23 Fon R ulifeofe S ufiffe A
ke

| AspRBBIIGRA SR |

NSRS R R E

I___¢___7
| SVM B ||
| v v
wow | [ e w% | —|

| osem | | oms | | mm

L] | it | |
e
| BRI |

¥
| dmmmmwsz |

B2 AXmFEIRGREE
Fig.2  Flow chart of public transit transfer recognition
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Tab.2  Transfer recognition results in Foshan Central City
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