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Abstract

To improve the accuracy of urban traffic prediction, a framework based on K-Nearest Neighbor
(KNN) methods is proposed to adapt to drastic changes in traffic conditions. The eigenvector con-
sists of the time series of average speed and the difference series considering the changes on the
real urban traffic. Arolling horizon approach is proposed to predict the short-term traffic of dif-
ferent urban road sections. The empirical results of Shenzhen presented that the KNN method
with the difference series is able to achieve a short-term and real-time prediction for different
urban road sections. On the comparisons with Support Vector Machine and Random Forest, the
KNN is more suitable to the prediction of sub-arterial road with highly variable traffic state.
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Figure 1. The classification diagram of KNN method
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Figure 2. The prediction framework of KNN method
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Figure 3. The historical data subsection of KNN prediction
B 3. [hEEHED B—KNN

S, d (W HES) SRS E R 5 i S P R KBRS, o REME, ERIN(L N, N R
TR BOT SRS E VRN W = [y, wy wy | 6 T S4TE FEE ) 902 1) TR 0, A 24 R 1
SRS, ASCHR [y o] = [/2,1/3,1/6] s v,y 8 FEERRT AN ] 5 10 S0 038 5 B
TR, d_q,. SBIFRAT 0 A 24 5

2.2.5. K {HRI¥RE

K & KNN SEigep e — 24, HBUE BB TN A &5 R o AN FTE R . ANIR] I Bk Bk
BTN K AR AMFER . B, ASCRA A IRUER 55T K ERIbRE, BAD IR pos:

WL W KR KESERMET WA K, MK, HFEK=K,

AR 2. BUHE BB AN B SRR, Kl 24 RIEUEE NI GEIREE, J5 7 REEFEEN
MR, IR 3 19 KNN PN AAHE S EAT O, T S5 P00 AL 55 LA < ) B 28 8~ 48 1 70 R 72
(MAPE, Mean Average Percentage Error):

obs __ _ pre
Vt vt
obs

t

Forb, v FORAE ¢ N IA) LRGP B, v FORAE ¢ I AR ISP B . B G T RAPTH
I 1] 2 K72 MAPE, 18 2480 K BRI fads, R

MAPE
E, =

¥100% )

MIZ/IAPE :%ﬁ Er]llePE (6)
n=1

AUR 3 HEITA K AERIPFO AR
ABR 4 BUFE MAPE /N REK) K AEL, A IZ B BObRE JE 1) K {H-

2.2.6. HE T—RZIFRME

e KA S, BURT K AN 8 /0N AR SR e 7 F 77 SR A 4 3k T, 3l A R 7
IR — B Z0 058 R o DB BRI R 24 3 A g SEARREAE ) 1 K (EBR /N, 12207 SRR AR 1] S 6 24 i )
T EAT SER s, A IR A T 7R A

K
V= v (7)
n=l1

DOI: 10.12677/hjdm.2018.84019 178 EAGIEEraE


https://doi.org/10.12677/hjdm.2018.84019

[LACFIE

Horr, v R ST 1A B BIIME, v FoR K D EETE T n A, w, FoRH 0 DEETE
R, HAt 5T R SR (5]

exp(—d (I/;e[g,H,fig ))

) gexp(—d (Vt‘”'g,H:"g ))

Hrp, d(Vteig’Hj"g) IR K A2 G TR X A BR85S

2.2.7. BEhTM

FRBN TR BYLE AL IR A SE B TN G 6 ) V2 IR FH9] [10], "B ReARE A% 0 (14 S B 5040 5 24 i F)
MGER, FREoet B B GUdAT L Tl . ASCR AW R SIRE, F—ERNRER T Yaim /&, m§r
TR — 58 DK MRS TR s 55— R r) i — AN 1] R VR 3 T

H—ERN TR E W E 4)Fi, BLe N 7:00 AB, 8 AR RTINS 8] AT 4R EHE PR 1 S £dE
B 6:15~7:00 B BE PRI LA 15 20 R 2 BRSO RT3 A1 1580 A R IR B 8] 72 371 s SR 4 S il 5040 g \ )
KNN [ TRIIAESE 58 T EHE R 8 R5 TN R B [RIYE R, BIAEJS 15 20%hs SErfEsr 1 Ja, At ] B
FIRTRSN 15 48P IEK, K E—ANEIRIET 3 AP35 B 1 8] 7 BUAE N R — RO ) st 288~
B ONE] KNN FRIHEZE H,  gkSEa ai il 15 0%, BRI RN TN, B 1 AN,

FRERENE 40BN BHRER 1 RRCETEM T B —ZHRE, MEEim 7 1 AN e,
IRTRZN— 15 R HB, S5RE T —A 15 280 1 Sem B\ 2 KNN BUIAESEH, SERCF —A 1
NI PRI TN, 3 TR AT R 8] 45 BT O 24:00)

3. SCHEEE

ARSI FH T30 E KININ T I0AEE 282 S B A (] 24 408 1 108 % 4 P 58 368 T ) 6 77, B P 2R AAE 1) 2 ) Tt
DKERE, 022 R MR G Y. DRI A, BEHLBRE 40 2508 E, molis. Polisk. £,
T B G AR BB B % 10 2% BB 2016 427 H 1 H#E 2016 45 7 H 30 H, 3% 30 RIGEERE, HAr
23 REIEFEER KNN FUAESL I S8R 4, )5 7 ROVEERIE IR RS . T p e BEAR 1 6 45
ZEME b 24 AL, BRRAESE TR 1 AN, TRINEIRE A 15 2B

T AT KNN SR LE AN [R] 18 6 2 R A B TR A8, AR SCo3 Tl A\ 4 /N385 2 28 v e LA R — 2% B Bt
VE SR Bt AT B HT, S AN BB BARME B0 1 s

®)

n

R fa . B A
| R W 15 B | | i I:I .
(e ] ¥ I sl #

wn OO O O T T wn [ O O O T

t t+h t T

#/unan ininnannanannanannannnnani L

TE¥R2

pr—— —

o [ i e [ A

(€Y (b)

Figure 4. The double-loop rolling prediction of KNN method. (a) Is the first rolling; (b) Is the second rolling
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Table 1. The basic information of typical road section
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Figure 5. The calibration results of tipycal road section
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Table 2. The KNN prediction MAPE of different types of road sections
% 2. KNN FU A ElE R FE B BTN MAPE £5R

HR(2016) WiRis R St FTiE KFIE
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Rt 2243 7 30.05% 11.99% 8.03% 11.67%
715 (—) ﬁéﬁﬁiﬁu 2.79% 4.10% 9.55% 12.45%
NEZESY T 2.77% 4.15% 9.52% 12.57%
7126 (A=) 7 ﬁé%ﬁfﬁu 3.43% 3.55% 8.68% 18.22%
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N2l 3.44% 6.47% 7.80% 16.14%
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NEZE ST 3.83% 9.18% 9.08% 18.37%
7130 (%) BESTH 3.18% 9.54% 8.11% 18.05%
N2l 3.24% 10.06% 8.19% 18.41%
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Figure 7. The prediction line chart of freeway (up) and expressway (down)
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Figure 9. The prediction line chart of different algorithms
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