5514 5 6 OB e R CfF &R a2 i) Vol.51 No.6
2026 4% 6 J Geomatics and Information Science of Wuhan University Jun. 2026

SISCAg I A H 1 aE BOKRER, AF Rl HLI T vk AL & 2 2T D AT B g U 7 i (D] DR A AR (R
E_' '¥E! 2026,51(6):1273-1282.D0O1:10.13203/j.whugis20240329
Citation: KE Rihong, XIAO Liang, ZHAO Dazhi, et al. An Integrated Rule-Based and Machine Learning Method for Trip Pur-
" pose Identification[J]. Geomatics and Information Science of Wuhan University, 2026, 51(6): 1273-1282. DOI: 10.13203/j. whu-
gis20240329

il 5 RN 5 PR RTBL & 2 2 0 ) RS AT H G
AV DIRTS
MEE B A RAD FEH E B

1 R RAERCE i TR, R K1 ,410075

=

W OEANFELKBERZELAZ LG IR E TR Z BT B GRA FE, A YRR T AR ALK IE R R W B R
M, AT AT B AR B e AF R P R ﬁéiﬁ%zﬁ—/{ HERAE —Fodp B RATAGRAN AR RRAER A, AT
KALEE (KR IR0 F LR AL B A % ﬁﬁ’ﬁ?iﬁjﬂ% R — RSN T EFNEFINERBITAGRANER, G4,
AT T R RIN P BRAEZE S mRA BB HEATR R EAXAABHBERANF s EAHRITAG KRG, M
# K-Prototypes-XGBoost £ & % #] #| /\4}5 ST RM, MARSERTR AP B FhEERFA R EHFS
R ZRE MEFEEZ B AH BB RANR BT IR ST AR LSRR, TR 7 & 4% 5 h M # 137 5]
FAA P kAT B w5 5 5 K g7 ik 3 47 3 b, K-Prototypes-XGBoost ££ & Fi | 3F i@ $ 4T B 69 AR R AF. A A K-
Prototypes 45 7 32 BUAR M 4T 4T 4 69 ABF - #E AT TR, 4% 4% 3 — o 3% S AL AL 4k fe T AR AR L

KPR FACALHKIE ;BT 69 BITHE  ERATMESRT

HESES TP208 SR ARIRAD : A W #s B #1:2025-04-05
DOI:10.13203/j.whugis20240329 XEHS:1671-8860(2026)06-1273-10
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Trip Purpose Identification
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Abstract: Objectives: Aiming at the lack of semantic information in mobile phone data, the method for
identifying the trip purposes of mobile phone users is explored to break through the limitations of mobile
phone data application. Methods: This paper proposes a framework for identifying the trip purposes of resi-
dents by combining a rule-based approach and machine learning utilizing large—scale and long—term mobile
phone data and multi—source spatiotemporal data. The home and work locations of users are first analyzed
using the rule—based approach to identify commuting trips. The area of interest data are then used to identi-
fy the purposes of some non-commuting trips. Finally, The K-Prototypes—XGBoost model is used to iden-
tify the purposes of other non—commuting trips. The proposed model constructs feature vectors based on
multi-source spatiotemporal data, including built environment, user attributes, activity attributes and his-
torical activity of user, to capture the travel behavior habits and patterns of individuals. Results: Compara-
tive experiments on known trip—purpose activity data from May 1st to 31st, 2023 show that, without intro-
ducing spatiotemporal features of historical activity of user and clustering information, extreme gradient
boosting (XGBoost) outperforms adaptive boosting, random forest, gradient boosting decision tree, and

artificial neural network, achieving accuracy of 73.2%, precision of 74.3%, recall of 73.2% , and F1-score
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of 74.3%. After introducing spatiotemporal features of historical activity of user, the prediction perfor-
mance of all five models is significantly improved, with the average accuracy, precision, recall, and F1-
score increasing by 24.2%, 21.2%, 24.1%, and 23.0% , respectively. On this basis, the proposed K-Pro-
totypes—XGBoost model further improves the prediction performance by incorporating user clustering infor-
mation. Compared with the conventional XGBoost model, its accuracy, precision, recall, and F'1-score in-
crease by 2.7%, 1.5%, 2.7%, and 2.8%, respectively, and all four evaluation metrics reach 91.5%, indi-
cating the best overall performance in identifying non-commuting trip purposes from large—scale, long-
term mobile phone data. The confusion matrix further reveals that the proposed model performs best in
identifying medical activities, with an accuracy of 94.7 % , whereas dining activities exhibit the lowest recogni-
tion accuracy of 88.4%. The main misclassifications occur among leisure and entertainment, dining, and
shopping activities, because these activities often share highly overlapping spatiotemporal characteristics
and are frequently located within the same commercial complexes or adjacent areas. Conclusions: By inte-
grating rule-based inference with the K-Prototypes—XGBoost model, this paper provides an effective solu-
tion for recovering the semantic information of trip purposes from mobile phone data. The proposed frame-
work enables a more complete reconstruction of trip purpose chains and promotes the transformation of mo-

bile phone data applications from mobility pattern description to semantic understanding of travel behavior,

thereby supporting finer—grained urban transport planning and human activity analysis.
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