®15% £3H 2 B it E M5 M A
Vol.15 No.3

2025 %53 A

Intelligent Computer and Applications Mar. 2025

2T, B4, ET DAGSVM HJE R AT sl 2mr9s [ 1], B RETHENL S, 2025,15(3) :24-32. DOI; 10. 20169/j.
issn. 2095-2163. 250304

ETF DAGSYMBIERWBITAKX S EHAR

BIZT, KER
(FREPREAE WEXRZEE, R 210003)

M OE. RS (E BRI R R AT 200 TR S8 Ty 58 i s A2 IE SR HA 0 EE A RS, AR H TR 25
ST AR AN [FlA AL B R AE XS R M RE A s M, AT S SOOI BEA (. A SCHR 8 —Fh 3 F DAGSVM ( Directed Acy-
clic Graph Support Vector Machine ) 198 R 477 2R 1% o 858, SR FH L T (S0 A% 1) TR A 38580 76 % T 5000 396 A 7 97 4, 2T
AR BRI TR, IF 456 K-means RZSRHIE AR & B s ECRRIESRIS(5 2 1P 47 10 S AR IR0 46 HOR 2 T Bk
SRR ST P I Y 2 4R BE R AR, R DAGSVM BB PPAL A [7]37 5 R AR RFAELE G 3 AT R i 5 i, (i LA 2R 36
B, e A S IR 2 G, 2R X 40 B B A B 2R 88. 4% , A SC U5 VA7 e W BL HE B 22 240 0 89. 85% , 1 A voi g I B o ff 232
2979 90. 45% UG LS AR T

KR WOTRCH ; 55U ; DAGSVM; AT =i 2402548

hESES: U495 XERFERERD: A XEHS: 2095-2163(2025)03-0024-09

Research on resident travel mode classification based on DAGSVM
KANG Yining, ZHANG Dengyin

(College of Internet of Things, Nanjing University of Posts and Telecommunications
Nanjing 210003, China)

Abstract: The use of mobile cellular signaling data to identify resident travel modes is of great significance for planning traffic
plans and formulating traffic strategies. However, most current research methods do not consider the impact of different input
combination features on model performance, which limits recognition accuracy. This paper proposes a resident travel mode
recognition method based on Direct Acyclic Graph Support Vector Machine ( DAGSVM ). Firstly, a grid based preprocessing
algorithm is used to filter the original data, extract the travel features of the signaling data, and combine K—means clustering features
and membership function features to obtain a multidimensional feature dataset of the signaling user’s travel; Secondly, a multi—
dimensional feature set of user trajectories is established based on the above features, and the DAGSVM model is used to evaluate
the impact of different feature combinations on travel pattern recognition in different scenarios. The simulation results show that
when the optimal feature combination is input, the accuracy of the undifferentiated period is 88. 4%, and the accuracy of the
proposed method is about 89. 85% in peak period and 90. 45% in off—peak period, which improves the recognition accuracy.
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Fig. 1 Passenger travel volume statistics in different time periods
1.3 K-means BI4FE

K-means {22 — ML THE A RIETE . 78
A XHREI HATRE S| A K-means REH
W DITFRHRRHIE . d TRHREL 008 5 FlA
] AT 07 20, BOR R B i B K € 55 IR, 2k
SOV 24738 B2 P s A K~ means 2R S 530 1%
F AFRIE, B 2 /R T K-means A M LR,
K2 ¥, hr%s Label 1 Label 2 Label 3 Label 4.

Label _5 73 CF AT  AFT 4 A H RFK I
BRAHFAR B A7 7720, it K-means 5% 9 5
AR, AR ASE G A0] 43 B AR R AR DATTTXS AN
(i AR 1= Vi i

Label_1

Label_2

Label_3

Label_4
Label _5

SER I EE/ (m-s7)
. I w ~

(=)

0 20 40 60 80 100 120
Y (km b ™)

B 2 K-means REEZERE

Fig. 2 K-means clustering results diagram
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Fig. 3 Membership function values corresponding to average speed

of different travel modes
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accelerations of different travel modes
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Fig. 5 Visualization of user space—time trajectory
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Fig. 9 Performance comparison of different machine learning

models in signaling data
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number of features
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Fig. 11  Travel mode recognition performance results in

different time periods
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Fig. 12 User travel pattern recognition results of a mobile

signaling
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