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Short-Term Traffic Flow Forecasting at Intersections Based on Frequent Sequence Pattern Mining
LIU Ran', LI Yan', MAO Haixiao', QIAN Jianpei', WANG Jifeng', MA Yue’

(1. China Academy of Urban Planning & Design, Beijing 100037, China; 2. Research Institute of Stan-
dards and Norms Ministry of Housing and Urban-Rural Development, Beijing 100835, China)

Abstract: Data-based urban traffic management and control strategies are major focus of scholars and traf-
fic management departments. This paper conducts a spatiotemporal features analysis on the trajectory se-
quences based on frequent sequence pattern mining algorithms. Seven typical machine learning algorithms
are employed for short-term traffic flow prediction, and the impact of spatial location, traffic volume, and
grade of intersecting roads on prediction accuracy are analyzed. The results reveal that ensemble learning
algorithms, particularly the RF model, demonstrate superior predictive performance with smaller errors
and faster training speeds. SVR and neural network algorithms (MLP, LSTM) show comparable predictive
error performance, but neural network-based models are more time-consuming. Besides, the prediction er-
rors of the model were similar in space. The prediction accuracy is higher in the area where the check-
points are densely distributed, and lower in the periphery area. The prediction error is lower where traffic
volume is larger and the connected roads with higher grades. With the improvements of electronic devices
at checkpoint in urban road network, the forecasting accuracy can be further enhanced.
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Fig.1 Road network and intersections distribution within the study area
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Fig.2 Efficiency comparison of the Apriori and Prefixspan algorithms
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Fig.3 Time series of 15-minute traffic flow at the north entrance of the intersection of Shandong Road and Yanji Road
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Tab.2 Partial results of frequent upstream and downstream traffic at some checkpoint sections
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Fig.4 Time series of 15-minute traffic flow at the north entrance of the intersection of Shandong Road

and Yanji Road, along with its frequent upstream and downstream traftic at checkpoints
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Tab.3 Correlation analysis of influencing factors on traffic flow at 7+ 1 period
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Fig.5 Comparison of predictions and observations by different models
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Tab.4 Prediction performance of different models

=S Mg

MAPE/% RMSE R’ MAPE/%
KNN 0.976 7.51 35.51 0.966 8.55 40.50 3.62
SVR 0.965 10.92 42.83 0.953 12.53 47.26 5.43
RF 0.985 6.07 27.84 0.960 9.50 38.04 0.70
GBRT 0.989 6.20 28.61 0.964 9.71 41.91 0.78
XGBoost  0.989 6.19 29.53 0.967 9.47 45.70 2.92
MLP 0.962 11.77 44.05 0.964 9.22 42.10 15.70
LSTM 0.964 9.38 43.42 0.954 11.81 46.41 29.32

ENFOWEME T+ O ARBGE
BT,

1) BESHRBEEENEALTFILR
#13% £ 4R 38 i} [8] (DCOLLECTIONDATE) #%
B—EInF EERERORBERF, T
MEROXAIMFEHAS, BFAEBR
(CCOLLECTIONADDRESS) [ % i# O 77 [9)
(NDERICTRION)# 7Hf ¢, HRFNFE
K AW E(ADD&DIR), FRIBEEMSHTT
S, BE—SEANNEFIEREFR—1T
I ZERSBENE2B R ITHE RS
TR={tr tr,, -+, tr,} , ¥, o, AHFTHE
FRAZLEHFANE(EE 0 ZREEH
A7mE);

2) ¥FEANMFOME, FISEE
EE% ﬁﬁ%mmmﬂiﬁaﬁ ﬁﬂm
£ 4, B S=ID, TR>, X # E H &
min_support % & 025, Bl % F & %I
tr={tr tr, - tr} ESHPHZFHEKRTF 025
B, INAIZFFEIIAIREFS;

3) FF Prefixspan B %1% 3% R F51 41
B S UM 731 ;

4) TE3%HBET 8] PR HEY B HUTE 51 2
BEESHFTBEME _MFIIETR, &, i)
TR {r, | "RXEFERX, MHAAFA
r, 25 o, (E LR O; fEiRBEEIR
FFHED BB PR S0 3R FE S BOFR B 4R E — 1
FAIEFRE {(ir, o} EFRE {0r, | PXFHFE
=R, WEAAFRA o, B o, RE TR O,

£ F Prefixspan E A2 18~ O W HE A4
ELETHFONMAERMF2ER. KW
RE—EERZTX Ode#OFOXBELRE
A, WRE—EZ X Ode# O fl R
B— TR Ode# OS2 HME LT
RO, BT RUAALRB—EERZ X
A4t AR BES B LURE—HRMUEZX
Aab# 0 IR Tl RE—T AR X A4
HONFWEZ, H—FoHFOMEER
RAHRNE 15 min X BEHIENEEHD
E4), JMEEX=NFOZER—XKNAR
BERRERER, EREAGHEBEERRE—
¥}, BEEStAREAS,

3.3 IFZ=HFIEEEH B #7% £ Pearson 1H
XM T
Pearson 18 5 M4 0] L FISR 16 10 # & £ &
=2ZEMEXNE, HEXFANEEZEXEK



MNBEURE,; HXRHEL1EEZR, H
h, EHARRIEMERX, BHRFOMERX;
Sig. AT IMAXRHBEXAMEERAERITE
B MFRA+O, BSHE +184ZF
O3B EF0 5 4N 2 $208 F & 2 (8] A9 Pearson
HEREK DR BES AR MWEZZ [
BIMEEME, ERWMK3 IR,

RE%E L, (+1RZIZFOZBERN
ZEORZ. B—X BRI R —ER .
MzIZBERAF BEMHERXM(Sig<0.001), =
EI4EE L, (+1ZIZFORBERN / %)
ME TR FORBENAEGTEZNHEXM
(Sig.<0.001), Hfi-kOthBEXMUMNME, B
b, BRIFHSHZEEAFOZTREN
FIMAZRIHATRNEER AR T,

4 ROZBEERN

4.1 BEMERIEFRER

WFE ANROW@EE SXMEFEID
FEAE, 1S min b iERETICE, U
— RN HINHE, BEEX
B 15 mn X ® 2 B @ F 5l
Y ={qh @b Qoo G o} o TEF 14+ 1ES
X BEBE, HENZSBIEETE
X =G Gty G 050} BB, g,
ERAMEE M/ NZINZTBE, ¢,
2 EfE—XEHANZTBE, ¢, .0 =
E fE—HEilt BZNZRBE, ¢~ E M
EEHROE, At RANIHNZEE, ¢
EEMNRETHEROE, 7 BRI
BE, AT7IHERENTIUNERE, BEIEE
BR73WA ANEEMNKNE, B LR
EEZE X MANGER, EAARIAY R
FIEXR(XFEEMETSVR, KiEH
KNN). &M% I EXFEVHRMARRF. #ER
F+ B V3 % GBRT. 1k ifs #% & 15 58 & 7%
XGBoost) A K& 18 22 [ % & 3% (% B B
MLP FHK 2R Z 3 2 M 25 LSTM) M 7 7
HEEIH TN

AT HEARETNARE A EE, HET
¥ 4% X 1R = B 9 b (Mean Absolute
Percentage Error, MAPE). 1377 1R 1% Z (Root
Mean Squared Error, RMSE) X % R ERE R
EAEETUNBENIETR, RRHCEII%E
BRI SR B () A AR B BR3R A HR

Jim x100% ,

k

MAPE =1
m

k=1

ey
RMSE= |3 (/=) s

2y ——KNN —#-SVR —o—RF ¢ GBRT —#—XGBoost —#~MLP ——LSTM

20

MAPE/%

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
*O%S

[El6 AN[E)- [ i I P 4 RE ST e

Fig.6 Prediction performance comparison of different checkpoint sections
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