FA2 % H 5 o od UL K F R (BARFR 2017 %5 A
Vol. 42 No. 5 Journal of Southwest China Normal University (Natural Science Edition) May. 2017

DOI:10. 13718/j. cnki. xsxb. 2017. 05. 003

ETIEnsEMESFEL OD ERFEN
k% EHE., B OH#. KEA

PITg R RS fE B Rk 24, HIK 400715

FEE . T —Fh AR U M - A AR, I PR R R B AT R AT WO %A A e e R I 6 R B 4y
il 7 T T DX PN Y R LR AT RRAE TGS TE AR 7O B 3 A 3 A5 YRR AR JE R R R B R BR L b X I YRR B R
AN A BUEEIR AR AZ 5 B AT 0. A at A R R S e, SRS AR KOGRAR . B4 KE4R . = m
P2 45 . RN D3 L BEFLAR AR CA. 5 Y SEmd mTAE T X b, SO0 45 SR I L B R ) T v B R A A R T
X 8 . ODJEME; dEGUERES#; B IEIH; X5 &

FESES: TP31L XERERG: A XEHS: 1000-5471(2017)05 - 0017 - 05

TER A R G EE MY, #2172 (Origin-Destination, OD) %142 4L T RN — X 3] 5 — 4 X
B AT, TR T AT R SRR OD MR E MR . R L G AR RS,
SE Y REEA Y RTEE Y OD 2R M0 . AT S 5230 0 A 4k T S A AT E B . 6E B A2l A B LAk 2 1F
ORI AR BES L PR, OD A T ) R Sk S 3 4503 H 5 D% T Y A

VAR, EF X OD JE R R0 )8, 2 242 I 28R k. S8 TORE R OD $cdis 38 107 2. OD 6 [
T AR BB AT 4 S . B OD SERE T AN 302 OD 46 . B F1E 5009 OD £0HE Rk I8 T #E /T #E
A GETT IR A D5 [ 32 20 T 05 B R R : . N 45 OD {5 B 5 R IR T SR f 43 it . #28 OD
I T AR b B Gl A R R R W] R 2R © 2R R R B R ME L R A R
SRTE . DU BN ) SCIR /N 3R . B RESCIE AR G 1 R R kg A S B A R i) A A B AL TR By, 1k
13302 OD K FE Rk 5 fi 3¢ 38 W B AL () = 24 A 2 —. B T3 & OD 45 FE 09 B 5 ¢ 1E FIR 010 45 12
Berlaire $& ) T —Fh 9 JE A9 /N R IE L PERI AL, Jf H Barcelo $# /RS JE P AR Bl W1 GPS #
T H5 AR A B e K S R 4R ARG OD P 00 [ R0 A Ry 52 38 401k H 25 O T B . AR Dyjukic H 32 AR
O3 R 4 OD 4 BEFE AL AR EZS 18] L9 OD JEFE, HARH T4/ @S R /R S g, (B2
F S 3BTRS A o R RS 9 OD JERE I B B 4, JF s 1T OD JEBE PR {5 B, i3 1T OD
FR A S I SE PRy 3 . BRI AT AR f.

ZE L AraR , X8 OD &R 500 5 v BOAR Sy 1 B%A 25 B At S o i A2 58 o AR R . BR O VR W R A AT
W FE A TR, I, %F OD M FER AR B & L, AR SO T —Fp 3 T i 77U 4 5 % (nonnega-
tive matrix factorization, NMF)3 44 A [0 )9 (auto regression, AR) ALK %F OD 4B B4 347 7.

1 NMF-AR #&E#
T X AR TUAS /N B A o B 9 e B M A 0L B AT 0 . AR SCER T R T AR SRR 0 A 4 T U

@ WHHEY. 2017-01-16
HAeWH. HEARBEIES T H (61403315, 61402379).
fEH RN SR MAEA992 5, B, EHERILEE A, SHHsed . FENE R,
WGEH . kB, B



18 79 i T e K F F IR RFAF R http://xbbjb. swu. edu. cn %42 K

IR, 128, TRACEE N B 2238 2 48 2By A 45 GPS Bl 304 . IF g K& AN BB OD 4 K
UC s P R 7 T 0 U A S EL A N R AR 1 AR AT 5 R M . JF ) NIMIF B30k 42 4 45 0 0 B v 3l Tl s RS e A7
FRAE . 32 BCREJRCHE BE ALELAT B P RRAE B RO M s SRS . BF X0 B P R R0 MR ar A [l A A AR, ) e A e
B R 80m & fiea . A NMEF 5803 069 20 fif o J5 D 2 7 100000 pR I, IR AR BBOZ B B 1) OD 5 J4: 100 285 2.
1.1 GPS #ETE

M BEAC I R Ge Ak MRy A 4 GPS Bl ¥t . i TR B R K, FE L2 HIURFE R K, 5 28X ik
FHZE GPS $U3 $ i i ab #E T AR, B T30 20 B0l e 5 B (il & 44 . GPS &4 B2 Al GPS B ) #1474 3
(R AL B, A SRS B R A AN B OD A FE, Jf 8 58 @ R BFELH) OD SRRy X5 = [y ] H
i =1,2,om 5 j = 1,2, h. BT ELIT 3 A KEPTR. O 048K IS R SE ik E R
AT ODAE B s @ T B[] 19 52 38 48 M5 B0 i B 73 S ms s © B T 0y X 70 SR e 4 i g R 4% A B
B ODJE R, 3T LR AN [5) 5 43 3R w75 2 19 25 25 OD SR I, R AR SCHE— 25 20 b R4 4l Ja B A7 AL 10 250 40
A, HAES OD 48 FEECE (9 F 7087 2 A DX a) H0 A7 o 880 IR 67 30 SCE Aty b AR SORI T A 670966 B 0 fi
S B A A S R AT R AR AE.
1.2 FRasEBEasmEE

H# 28l R0 2 BB Ja R ATIRGUA & AR B B RR e, B an . 78 TAF B 25 03 90 L0 s 47
. DI, AR SO RS SRR AR L 43 B RN 2 U8 R SR AR AT R X L — 25 3OS I R AE R R A
b, R FE R AT LA, A TR TR R 43 4R B S T S R AT OD SRR X ORI [ AR I 5 vk ) 2
fill s WEVSE B S = Lsy Licononmn » BHEBEZE BN AKX D Pos. Hi, #1615 ST HA
K (2) gk, Hpwe s R SEm AT & RIZm AT AR AR 4R At 1 s Sl

(x (17

(xi (207
Sion; = | . (D

(x: ()"
8.2ty = (Sl'..sr*/er...sm*/th) (2)
S = BP (3

M5 s FER G AT B 280 AT R AE SRR AR M B = [0, 12 G = 1,200 00", j = 1,2, &) FIIATIN P &
BHEFEP = [y Jocnonim G=1,2,0 ks j= 1,2, m * h-+h) K20 57 B[R] B BR800 AT AL, L
ERARRIMARK ) B, Hid B.P#ZARMA. FTHEE B P AEERY IR L. AR NMF(S,
R) FEEXS W) IG AT R B B AT RRAESE PR AN A0 . TEC MW IA 1R BAERE S FIIE A e << min{m, n} 51
o SR BB T A SR RN [ BRI P[] AT JR DAy SR A Sl 650 R i e /N T R L O L2 R/ MK SR i 7]
BUE A 2R A = () R,
f(B, P) = aréir;}lin | S—BP || ? 4)
KAz oMU S R FIE AR LUT 3 AR © WIIRALIEUAERE B, FI P, o FFORIERE FETE AR P Y
etk @QRIEAG) ARl G E S AR 6) M7 Froadeth B st B, P #1758 @ mA&EMRK
fifp s (4D PR /ME. SRR AE R B/IME, W2 ARG w0, TR LR O.

IS—BP[* = >)(S; — (BP),)* (5)
(SP),.
B,, ~B,, ————+- (6)
E “ (BPP"),.;
P, ~ P, B8 @

JXm (BTBP)jXIII
T SORE XS BT AR i SRR B REBUERE P = Ly Jocon o BEATI ] FF 515347



% 5 KAk E, . AT REKES MM OD 4 19

1.3 BHEPEAER
BT ESCNMECS, k) FE3E A 2 B I 7 R BOE FE Py A SCEF X 1250 M 19 I 5 iR 2 57 [ [l ) 485 Y
ARQO s JF8& 700 pR B0 B AT BRI A T SO, B, T A I B AL AN A () Fis
z, =y, x H +a, (8)
] B 25 T Y REUEWE P = [py Joccnnin R =1 A5 5I%F b 4t 2 8500 BE 43 38 7 an 2 =0 (9) FirR i H
] AR

Pu e T enpie T Foupua tan
220 21 P21 T 2 Pree 0t Qo +oan
N (9
D @it P + @iz Pir—2 +eee Dol i + a,
Pu O P T Q2 P T T o prs +an
JF HARE A 18] AR AL Y 0 gy ik ST A+ 1 BBy | D S 5 vk an A 210> R
Di @1 P + @12 P11 +ee QuP 12t +ain
Pata @21 P2 T Qo2 Po1 o @up e T azm
- | (10)
Din @i P + Qiz P e o QoD a1 +ai
Drein O b T Qw0 T @ubuan T auwn

Horprs z, ROREE ¢ BFZIOULINAE ; H, Fon5 e BEZI2 By AAR &L, RIS ¢ — 1 B 202058 0 — X B 220 1 00 00 2 4t
v, FRE ¢ BRI AR A R B BRS¢ — 1 B 2RISR ¢ — 2 W20 R a, SRR IE 2543 A )RR
AR (10) AT+ 1R B R Ba & P, HEET NMFE(S, &) 8155 3R 4 B, 15
N5 ¢+ 1 BB OD HFE S,z » HIM BB A D Fim
S 2oy = BP oy, an
e It bk NMF-AR 8875 211560 5 B i) OD 46 B 1 U {E.

2 SRS

FTF B Chttp: //www. datatang. com/data/44502) 2N FFAYAL LT 12000 4 HFH 478 2012 & 11 AN
Y GPS #03as 55 s A0 b 5T 17 B i i 06 PR 4738 20 Chttp: / /www. bijtgl. gov. en/zhuanti/20140328wr. html) i} 8] Bt %]
SRR OD s . AR SO NME-AR 85 A 6 Ff 28 8401 0% 10000 45 80 7 B 4 2 500 0 T A7 330 0K
FEXTEG, f04E: BhasAUE K 5 48 (Spatial-Temporal Weighted K-Nearest Neighbor, SWT-KNN (21, 0. 4,
0.4, 0. 9) ., 1£4 K iIE4F (K-Nearest Neighbor, KNN(15)) ., Jz [a] f# £ [’ #% (Back Propagation Neural Net-
work, BP(2, 10, 10)) . #MZ Ul i # (Naive Bayesian, NB) . Bi#L#F #k (Random Forest, RF(50)) fil C4.5
PR [T A AL I FLAR SO SCRRLO TP 4R 9 MOESs U 48 AR 88 5 AT 9P A% . o g R e 1, H
Fia), (b), (o), () 4513 R MOEs PEAG 84544 1) MAPE, RMSE,MAE, ME. 1 T4 £k [ 7 1¢ i K {8 A0

e /ME BT BEDLYE . R 00 LB T B T L BB X EE . R A R TR A HE IR %ﬂﬁ%ﬁ%@%%éﬁ‘ﬁ%ﬁﬂ%ﬁa\{ﬁ

B HEA BV BER R P8 HAENB/NMETT IR B8 F . 72 PPl $8 48 MAPE |, NMF-AR 7
(58— o LR, B = R, R RN P (R A Rk B R ARG, L IR Y ) A ZAE o e At A 7Y
HEML . H MAPE $8 AR (E-F 3201 T 300 ~20 06 B3 Bl . ELIET o NMIF-AR A58 7 ) 5 Q{8 A1 /ME L HE H
b A A AR, ZEE 1 A (b Al (o, NME-AR #2811 RMSE Fil MAE $8 7 {5 (14 4> 7 T8 (4 {8 715 EE L Aih A5 7Y
M(EAG. Pk, SCh 2 3 0 NMEF-AR 458 A0 HL A5 5 b 1 50300 g



20 79 i T e K F F IR RFAF R http://xbbjb. swu. edu. cn %42 K
20 ¢
100 F .
& e
m 80 F 1.5 |
K 0 : ]
B 40+ N oK
R 10
% é%
8]
R 05 I
ﬂzm
& .
OO 6 1 1
§ §§ & Qv ga» Qg §$€37§ § <§ R &
(a) MAPE (b) RMSE
15 -
12 b
Lo
@Lm al
= M
2 ® |
) X
¥ o5} E?Eé o, Eb
2 1
§§§§<§o§°@<§ §§f§§<§@f’
(c) MAE (d) ME
B 1 JAA OD 4470 3 4& 35 47 F 39 18 55 1k
3 % it

BT TE BT A SR 20 . AR SCRI OD B Xl J B A7 47 B0 23 A, 5 HL &% OD &R B F00 1)

BB, AR S S RS T B AR SRR A A, 4 4E SWT-KNN,KNN,BP,NB,RF fil C4. 5, i 1% a5 R f#
I GACHE A NMF-AR BRI JEF7 526 % be . 25 SRR 0 . A SCHE A9 NMF-AR #8780 L H At 5 58 B AT o 4
B I RE 7 . I BE M ACE (A R A 2. SEt R e R AT S B B Bl sc ol 4l 3 B s E RIUR.

S k-

[1]

(2]

[3]

(4]

[6]

[7]

TOLEDO T, KOLECHKINA T. Estimation of Dynamic Origin-Destination Matrices Using Linear Assignment Matrix
Approximations [ J]. IEEE Transactions on Intelligent Transportation Systems, 2013, 14(2): 618—626.

LOU Y, YIN Y. A Decomposition Scheme for Estimating Dynamic Origin-Destination Flows on Actuation-Controlled
Signalized Arterials [J]. Transportation Research Part C Emerging Technologies, 2010, 18(5): 643—655.

CHENG Y, YE X, WANG Z. A Forecasting Model of the Proportion of Peak-Period Boardings for Urban Mass Transit
System: A Case Study of Osaka Prefecture [C]//Transportation Research Board 95th Annual Meeting. Washington D C:
Transportation Research Board, 2016.

TANAKA M. KIMATA T, ARAI T. Estimation of Passenger Origin-Destination Matrices and Efficiency Evaluation of
Public Transportation [ C]// Tiai International Congress on Advanced Applied Informatics. New York: IEEE Press,
2016: 1146 —1150.

BIERLAIRE M., CRITTIN F. An Efficient Algorithm for Real-Time Estimation and Prediction of Dynamic OD Tables
[J1. Operations Research, 2004, 52(1); 116—127.

BUGEDA ] B, MERCADE L M, MARQUES L, et al. A Kalman-Filter Approach for Dynamic OD Estimation in Corri-
dors Based on Bluetooth and Wi-Fi Data Collection [J]. Annals of Botany, 2010, 103(2): 377 — 386.

DJUKIC T, FLOTTEROD G, VAN LINT H, et al. Efficient Real Time OD Matrix Estimation Based on Principal Com-



% 5 Wk h, F. A TERIEES ML OD 4 4 0 21

ponent Analysis [ C]//International IEEE Conference on Intelligent Transportation Systems. New York: IEEE Press,
2012. 115—121.

[8] BERRY M W, BROWN M, LANGVILL A N, et al. Algorithms and Applications for Approximate Nonnegative Matrix
Factorization [J]. Computational Statistics & Data Analysis, 2007, 52(1); 155—173.

[9] XIA D, WANG B, LI H, et al. A Distributed Spatial-Temporal Weighted Model on MapReduce for Short-Term Traffic
Flow Forecasting [J]. Neurocomputing, 2015, 179; 246—263.

On Estimation of OD Matrix Based

on Nonnegative Matrix Factorization

ZHANG Jun-wei, GAQO Chao, ZHANG Zi-li

School of Computer and Information Science . Southwest University ., Chongqing 400715, China

Abstract: In this paper, a simple and effective model has been proposed for predicting the Origin-Destina-
tion matrix, which combines the Nonnegative Matrix Factorization algorithm and the Autoregressive mod-
el, named NMF-AR. In details, the NMF algorithm has been first used to extract the base patterns of the
resident trip characteristics. Then the AR model is applied to model the nonlinear time series coefficient
matrix based on the results returned by the NMF algorithm. Finally, based on the taxi GPS data in Bei-
jing, the proposed model has been compared with some famous predicting models, including Spatial-Tem-
poral Weighted K-Nearest Neighbor (SWT-KNN), conventional K-Nearest Neighbor (KNN), Back Prop-
agation Neural Network (BP), Naive Bayesian (NB), Random Forest (RF) and C4.5. And these experi-
mental results show that the predictive performance of the NMF-AR model is better than these of the com-
pared models under the typical conditions.

Key words: OD matrix; nonnegative matrix factorization; autoregressive; taxi GPS data
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