%465 %o
2021 4F 6

BBR Y E AR  fFR R R

Geomatics and Information Science of Wuhan University

DOI:10.13203/].whugis20190404 Bl

Ml & Markov 5 2 33123 4% 2 BRI AN AR H 41
(AR rit]

) YA | v e 2 N £ 1
TEE REGET ETFH
1 KM 2R IR E R TRERE SRR, Wit R, 430079
2 E A BRA L AL R, 102200

W OE AR TACH K, AT B AT 8 O XE i B A AL, 5P A AT A 6 IR N 22 R 2L BoxE AN K s A7 AT A 0d AR
FMAN TREETALROAREZFAG  AARTHEEGRS BN AELL2FTHAA ELMME,
MR BATITATAME ZERNERARLEHF RO A L M EBH ZBEMK, ML TG ERATAL I
FEMGBITATHAERT o, BAET ERATAHIE, 6L RT X (Markov) BA fo £ MR 5 5T A, H
HTAMRBAEE TR, ZRAE AT ATREL>ABAY B E 5 aEAN, 54 T %69 Markov £ 2 fo
M FET S o FAEA M R BTAK BAT 2 E TN R B AR F AR B MR B AR MR RAF
S RBAERATMRBATZERMN ZH, FRERKN, ZBRVGE INAFATINARMUERFEHFERERY
A A F A A T4.59% 94.19% 34k TR sk B A e e A R A B R R B A RS ML Rk A R B BE AL G e A R B

Vol.46 No.6
June 2021

XEHS:1671-8860(2021)06-0799-08

TR B 18) k2 A 30 min B, 2L A g TR R BT

KR L RT KRB HUE TR B ATAE B IR 5 F AL ;A AR S

& 4y K5 . P208 X ERARAEAD A

Bifi 5 5 S8 3815 H2 AR 1R & R B8040 3 17 AN
JoT e AN W T BT R Y H ORI Bl DA RS 2 [
B = W 4% s 0], Bk B AN TE LV e T LA
AR Zh BB, 0SS R AT R 5 45 45 )
AT B R H a5 B IR IR E LS A A
D) 28 23 [B] 19 37 20 25 5, S RS 25 )3 B 5 R 4L
W 28 7 [B] 3% 2 1 G B B AR AT AT O T
I 1 AF 5

WA BE XS B sh AT R R 2 R 5
D5 AR TEAMAE sh AT A 0 sh g
S5 5 ARG 5 AE AT B0 I, B R A O ik
B Hy IR AT R (Markov ) 858U 4 SR X2 48 DL S i
25 ) 25 FUAIL 28 2 >0 J ikl s A A o A T 0 A
U7, A 25 E BUS T R R B B
SEas AT AT O 5 & A [E) AT IR H 4R
R A SR S B AT R TN A OGP
53 BT 45 # EE X6 B S 5 ] 55 R 4 25 ) AT 2R T Y O
RIBFE TR HAH R FHL L AT
R REAE A AR R AT AT A T A 5 e g 22 5 A
e 5 a7 N e NN I B VA W R O B A

Y5 B #:2019-12-06
TUB & : B R ARP A4 (41771473)

Markov i I 45 7 fiig ) 2 B 45 11 o500 S AT
BE P SR AT 7 A SO i A5 45 SR 5 S BR
AT SRR . HLER T 2 Uik
BT R ik e S8, 0T i B
M, CER[22] RG22 R K52k
H55 70 R R AR Y 2 o] 1 RICR | B v TR
W, AR SO T IS ol 7 R Al b B A
24i8R 15 (point of interest, POT) #4525 £ H AL 4%
A AT AR AR (AT I S AT R RR AR S ARE E
FRRAE , JE T 4 A0 B IS N S RO Rl
& Markov B 5 ML 2% 2% 2] 2 43 M5 AU [ 100 25
AR FEAT AR AT AL I

1 HITwEMNERNME T

1.1 Markov Fi il #£ &Y

Markov Fil I 55 8 i 4% 0 AR 8 Dy 58 i
oY DR S R R R BIREE R T —RE
) TR . AR 4 Markov B & b 5% B2 M R 19
S, R 38 ) SR M ORI Y AR A L B

B —1EE B P R, T 2 M B ARG NI SRR I 2 A S AT NS AR 5 U5k . axfang@whu.edu.cn



800 RPN s (R

f5 B F 2 R 2021 46 H

T—AREWMRE, HRMRLEN TR AT
o B WU I, o T2 %5 Sk (23] 0 Markov
5L TR AR A o8 Y i RS AR B A6, A) LAy o —Bir
Markov 1 2By Markov #5 #1 | — i Markov & #
Al FH 2 iy B BB 1 7, % I R B B SR AR 5 &
B Markov A5 8 W) {f F 57 22 i) iy sl AR 28 s | 1
N R R = (BB O I 2 R 2 = AN
% A s g, L, 25 A %5 i — B Markov |
Z By Markov 500 A5 #84 f) 71 0 25 51 A B T 42
T I o B % . Markov B 7Y [ A4 4 & 1 TR o
SR AL A7 R A RS R
KR SO R g AT B AR R TR LA PR AT
[ kB 5% RS M2 pl, # #E Z2 A> Markov i ) A5 7Y
JEHEATHER R B . BRI AT

t
[ Ffvf
p”»/ o m

D Fi
A, i R R TP BRI B e+ 1 BT AR B9
il FL R THUN P AE RSB e IR 0 7% 50 1) 5
uli j BUE s m 2R T DX A T AL ol A R

(1)

H:'uﬁﬁ?? s
UM R A AT REAL
JHTE X
VAR AT KR I
[f ey
MarkovAs %!

|—¥MarkovBE| | BrMarkovBEt | . | kifMarkovii |
[ | ]

HEBIH T A
BT Markov il 5 70 4 it 3 7% 4]

Fig.1 Construction Procedure of Markov Prediction Model
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A Multi-model Fusion Model of Individual Travel Location Prediction
Using Markov and Machine Learning Methods

FANG Zhiziang' NI Yagian® HUANG Shougian'
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Wuhan 430079, China
2 AutoNavi Holdings Limited, Beijing 102200, China

Abstract: Objectives: With the development of urbanization, people’s travel behaviors have diversified. An
in-depth understanding of human behavior and the modeling and prediction of individual travel behaviors are
helpful in explaining several complex socio-economic phenomena, and are important in offering location-
based services, transportation planning, and public safety. Individual travel behavior prediction is based on
a deep understanding of human activity characteristics. In the era of mobile Internet, the online behavior of cy-
berspace is inseparable from the travel behavior of real space. Methods: This paper integrates individuals’
mobile phone tracking data and Internet traffic data, and constructs a multi-model fusion model of individual
travel location prediction on Markov and machine learning methods. Considering the classification probabili-
ty of prediction results, an adaptive fusion strategy based on frequency distribution graph is proposed. The
prediction results of Markov model and machine learning multi-classification model are merged together to ob-
tain the final mobile phone user travel location prediction result. Results: This paper performs individual travel
location prediction experiments on the basis of multi -source data. And the experiments show that the
correct rate of the first result and the top three results of the multi-model fusion location prediction model
based on histogram is respectively 74.59% and 94.19% , higher than the prediction accuracy of the basic
model with the highest accuracy and the vote strategy.Conclusions: Under the prediction time granularity
of 30 minutes, the individual travel location prediction is better.

Key words: Markov model; machine learning method;travel location prediction; mobile phone location da-

ta; feature fusion
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