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Abstract : To improve the accuracy of short-term traffic condition prediction and make planning and management more ef-
fective for traffic managers ,the least squares Twin Bounded Support Vector Machine (TBSVM ) based on L,-norm distance
is extended to a new algorithm( MLSTBSVM,, ) which could solve multi-classification problems. The validity of the pro-
posed MLSTBSVM,, is verified through experiments and the results demonstrate that the MLSTBSVM, , algorithm has sig-
nificant improvement in prediction accuracy compared with other prediction algorithms.
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Table 1 The classification of urban road traffic condition

BITER PR T WT %
A S V>56.3 V>48.3 V>40.2
B % 45.1<V<56.3 38.6<V<48.3 30.6<V<40.2
C 2 35.4<V<45.1 28.9<V<38.6 20.9<V<30.6
D % 27.4<V<35.4 22.5<V<28.9 14.5<V<20.9
E %% 20.9<V<27.4 16.1<V<22.5 11.3<V<14.5
F 2% V<20.9 V<l16.1 V<113

Horp, V3R EE , B0 km/h.
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KNG myxn Bl myxn, Homy+my =m,m,n 5050 F R EARAN RS YERE. Tl S 1] B~ 22 L A 73 253005
FETF ) SCRAEAE 19 B¢ 42530 52 5 1a] 5 ML ( proximal support vector machine via generalized eigenvalues, GEPS-
VM) M FEs A S R R L (twin bounded support vector machine, TBSVM ) [/,
L1 BT/ XHEENRZLZFEEN(GEPSVM)

GEPSVM 3 52 5K A AN SCRAEAR ) R SR A% PSP AT e e 2011, an

x'w+b,=0, x'w,+b,=0, (1)
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ST RO L AR BE S, GEPSVM (14 H AR pR A4 T
I Aw +e,b, 15/ 1 (w, b)" |3

min 5 T
(wrab) #0 || Bw, +e,b, I »/ l (w, b)) | 2

(2)
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I Bw,+eb, |15/ 1 (w, 0,)" |15

min , (3)
(2220 || Awy+e,by |5/ 1 (wy 5,) " |13
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min———+— 122 z, (4)
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73— ATRERIE. 2 (6) FI(7) S T

7Bz,
min———, (8)
Z] lezl

oLz,
min— , (9)
2 z,Mz,

K, M H=(A e),G=(B e,),E=H'H+5I,F=G'G,L=G'G+3I,M=H'H }4) i z,=(w, b,)",
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I E.
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b ek B ™
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i e w3462+ | Bwread, || Hesela,, )

s.t. (Aw,+eb,)+q,=e,, q,=0.
A (- N, FoR Ly, SRR R, (172) e5 (|| w, |1 5+67) 52 IE I, 0o 01 439 51 A £ i 225 44y UG B /)N £
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T T _
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BA(25)M(26),

CZmI wm 1 A’rIr‘lDlmAm A’rrnDlmelm wm B’VII‘IDZWBW B;I;IDZIVLeZVII wm B:LD2y,Le2’71
+— + NE: =0, (27)
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cEdz,=(w, b, ,H,=(A4, e,),G,=(B, e,), HHXEFS HEH(28),
z,=(w, b,)'=-((1/c,)(H,D H, +c,,I)+G,D,,G,) 'G,D,.e,,, (29)
{,D,, =diag(D,,,D,,,"-,D,,) ,D,, =diag(D, ,Dy,, -, D,,) , 735 N3 AR 2 (29) Rl 3R45
Kot w, MWZE b, , K43 AR ARFA7 70 28 AN F
x'w, +b =0. (30)
—ANHBIE S x e R B BCA m 2 (me 1,2, N) A& 0 ok 55 pR 50 i) 2 100 8 1) R/ e
E. RSRRRENT

|xTw/7L+b/7I |
LAl (31)
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I w, |
Ao, | I IR HERAE.
B 1R T ARSI AR BE SR il B, ZE R UGE A T ARE w1y Dy R DS, TR 2L IR AR
PSR 00w pr M D, B E B EH BRI
k1 T L WBUES MR MLSTBSVM, 5k
WAL ERK R p=0,2, = (w, b,)" /DT TBSVM M—IGAME. RIS 2, THRXHAMERE D), =diag(1/14,w,,+
e, b, )H D, =diag(1/le,, +B, w, +e, b 1) 7 (23) i AFREEUE 0(z,) ;
while( || Q(22,)-Q(z7"") || ,=0.001 H p=<30)
HUR 2 AR 2D FOEAAERE D MDY B m AT E SN D, =1/1A,w, +e, b, | F1 D, =1/le,, +
B w, +te, b, |;
03 AR (23) B HAREREE Q20" 5
IR 4.5 while I , 250 true, W HTEACKEL p=p+ 1, ARSI TH IR 15 0], 2 1b3877 , 15 S A 500 25 5.

end while
3 AR B B 45 R 4 B
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SRR 6 BRI EASE A A AT M S 6 B % A 25 [ Bellevue T 405 A % (1 A0 BE) PR B9 8 E (2015.
11.2—11.15) YE R YNGR AT A  SRAERT R][E] BN 5 min. BEHL 405 28 B 0 SR AR b i 43 3102 10.31,
10.79,11.28,11.78,12.28,13.31,13.92 1 14.27 J HL 4k FEARAEHD 5 A K 7= A4 288 AN A K i) k5
2 304 SRR, AN, SEIR B SR AT ) 4ol P RS e PR 3 NS EUE IR £,
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Fig. 1 The flow chart of traffic condition prediction
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Fig.2 The training process of MLSTBSVM, , algorithm
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Skt G B 22 (A1 25 Sk FEASE RN 2 5] 22 A, T BT RE AR ( EARBR A ) R FUAL # , 38  EAEREAE
PAEHSE N[ 1,1 ] X — BRI EUHREA N X= (x5, ,x,) e R IHERE—DICE 2,(i,j=1,
2,,n) IH— AL AT d= (x;—min(X) )/ (max(X) —min(X) ). YIZRAEAIT— 4 ] hE G i R 2o
FBUETHR R YR PR BR A U SIGE
33 XWAR

(1) XF 305 717 18 B 40 0 d BR TR TRI B A 5,10, 15,20 min BUEE , FIAE LIS HIE ( Cross Validation ) B8 EAE
PEATRERY Y 25, FH T 30 T 2 % e e A RS TR0, SeAh B K =7, K 38 LB IE 474k, L3k 2.

(2) X F A A BB AR , o3 3 AR AR A BB R LR, K(2-10) 728 SUBGIE 9 0 B 22 38 R A 73
ERGR, WL3e 3, & 3 A 4.

(3) X FAS A P EAR AR , 43 3 LB AR AR TR 73 B A I 0 T, K 47 28 SIS IE 174 Fsf A 38 DR 285 Tt ) of Ay
% WK 4(K=5,10),K 5(K=6,8).
34 EIERSH

K MLSTBSVM, Sk M AT AT HERTA R0k, 5 HoAth 2 40 1L (£ 5325109 GEPSVM 5 TWSVM, 43
STEI R MGEPSVM Fll MTBSVM ) 7 4 Mca e FAO He S anF.

F2 3HENREEERIEEL K=7T HHKER

Table 2 The results of three multi-classification algorithms on datasets when K=7

Ve MGEPSVM MTBSVM MLSTBSVM,

(mxn) SRR bR 22/ % SR b2 % GY NG AR UERE/ o
Traffic_5 29 952x4 68.338.92 66.27+5.37 70.92+0.55
Traffic_10 14 976x4 64.9421.06 65.36x1.10 72.54+0.82
Traffic_15 9 984x4 65.80+0.41 68.2720.48 71.31£0.88
Traffic 20 7 488x4 66.43+1.09 69.55+1.65 71.33+1.32
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F3 3 MEEAE Traffic_10 HIWEE LRE K BERDELER
Table 3 The results of three algorithms on Traffic_10 datasets when X is different

S SURTENTA o MGEPSVM o IBSVML MLSTBSVM,,
S SHE B2 % SYHHRIE £ /% SYAMNE LR/ %
K=2 64.70+0.51 65.26+0.19 72.40+0.41
K=3 64.77+0.88 65.32+0.86 72.50£0.68
K=4 64.93+0.55 65.30+0.58 72.54+0.22
K=5 64.91+0.86 65.30+0.77 72.54+0.40
K=6 64.85+0.92 65.26+0.95 72.56+0.84
K=17 64.94+1.06 65.36+1.10 72.54+0.82
K=8 64.92+0.78 65.33+0.76 72.50+0.79
K=9 64.94+1.00 65.33+0.97 72.56+0.97
K=10 64.99+1.15 65.32+1.13 72.60+0.86

K2 R 3 M2 AT 4 DR b K=7 19502885 R R P88 v 1, $2 1 i MLSTBSVM, &
RIS W G . 3k 3 AR LAY 28KE BE T 5, MLSTBS VM, , 5.9 Lk MGEPSVM Fll MTBSVM #.3k &
Do 2.59% F 1.78%. X v VAN T L, Yo Bi7E MLSTBSVM , Bk rh i A, UiB L, Ju B
FITFHR 328 A3 T2 1 A9 MLSTBSVM, , 3k Al A7 FlA S5k

R B AE SURHEHTEL K X Bk (S M, AR SO B DL TS5 (1) 3 R4 28 BIEFE Traffic_10 FdiE4E
R K(2-10) (HAYFLE (£ 3) 5 (2) 3 P LB IETE Traffic_S B4 LR K A E (E 3(a));
(3)3 P or SO L AE Traffic_15 088 4E FOR) K B L (EI3(b) ) 5 (4)3 Fhor R BILFE Traffic_20 BdiEdE
AR KRR (E 4).
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O M-GEPSVM [0 M-TBSVM [ M-LI1-LSTBSVM
B 3 7 Traffic_5 #0 Traffic_15 ${iE&E F AR K BN S EER
Fig.3 The results of three algorithms on Traffic_5 and Traffic_15 datasets when K is different
W 4 R R B, AR 3 (a) 1, K=2,3,4 B,
MGEPSVM .1 i 43 2585 1 14 5 T MTBSVM 45 1 Fi1 MLST-
BSVM, 0L 2 2. LAk, MIBUR R K (B, 7E R 2
B O T MLSTBSVM, , 53k 1 43 250K B2 34 155 T MGEPSVM
SR MTBSVM B89 53 806 2, B MLSTBSVM,, 5.7 o
FEAA b I Sl B 5 A P AN SRE AR AR AN, BV R, XF
TR K {H , MLSTBSVM, , 575 4 A AR A4 w9 43 KG 2 2 3 4 5 6 7 8 9 10
X F W] MLSTBSVM, , 7k BAT 8 (92 AL i S, I % MLST- SRR
BSVM,, Sk (AT A1 R R E R T 4 — 2 1R . B4 3 TSR Traffie 20 EAR KABHXER
N Fig. 4 The results of three algorithms on Traffic_20
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Table 4 The results of three multi-classification algorithms on datasets when K=5 and K=10

LKA LN E %
BB UESTHL ik Traffic_5 Traffic_10 Traffic_15 Traffic_20
(29 952x4) (14 976x4) (9 984x4) (7488x4)
MGEPSVM 69.78+10.23 64.910.86 65.770.81 66.40+1.09
K=5 MTBSVM 67.09+6.27 65.30+0.77 68.25+0.93 69.71+0.93
MLSTBSVM, , 70.94+0.40 72.540.40 71.35+1.02 71.41£1.26
MGEPSVM 67.25+7.76 64.99+1.15 65.77+1.28 66.35+1.35
K=10 MTBSVM 65.61+4.88 65.32+1.13 68.12+1.21 69.55+1.44
MLSTBSVM,, 70.93+0.55 72.60+0.86 71.361.37 71.39+1.30
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