ERET PR Bl SRR Vol.7 No.4
2025 412 H Chinese Journal of Intelligent Science and Technology December 2025

ETHRXEFBERNMIAER S ESF I RBEEH MRS

AE', Ex!, #mz’ FHF, ;!
(1. ZBORF N TR, 28 &8 230031:
2. ZILSEERE, WL AU 3111215
3. R AL, TR T 5100065
4. JGHE BRI P BR A [E E S0 =, 2 AR 230031

B OE: KBFHRNEEELERSE (TS KLY, DA 7 EE A A AR IR S AL SO . SE B
FUE R LU R ZAT 45 5 ) FHARAE R IR o vk, 42 a2 0 R 36 50 5 2 AT 45 2 o 1 2838 5 1 1 U
(GeoKE-MTL) #5284, UIRFFZLEA I A WERG M 5 et 124828 5 2 b iR 34 S B B R 2 AT 55 2 ST B A
. IR RY, 1EH B SEAR SCARKIRE ., GeoKE-MTL £ 5 i b s 1R Hil A 55 A28 38 5 1 17
FATS T IG FL 20 500 BB 3 79.42% F179.75%, TEH R HL 2R BT 55 R0 F B 2R R . B9 oiE 7 A&
b P R 5 2 AT 45 2 ) IR TS DU B8 1A R, AR RERCIE R SR S S B R A TR T &
KRR OB HLAI; R, 2 S MERETIEAS

HFESES: TP39

XHKFRERD: A

doi: 10.11959/j.issn.2096-6652.202541

Knowledge-enhanced multi-task learning traffic incident detection
model based on social media data

ZHOU Zheng', WANG Mei', YANG Linyao?, LI Lifang’, WANG Xiao'*

1. School of Artificial Intelligence, Anhui University, Hefei 230031, China
2. Zhijiang Laboratory, Hangzhou 311121, China
3. School of Journalism and Communication, Sun Yat-sen University, Guangzhou 510006, China

4. National Key Laboratory of Optoelectronic Information Acquisition and Protection Technology, Hefei 230031, China

Abstract: Traffic incident detection is a core component of intelligent transportation systems (ITS), but existing methods
are limited in processing unstructured social media text, associated geographic information, and collaborative multi-task
learning. To address this, a traffic incident detection model based on integrated geographical knowledge enhancement and
multi-task learning (GeoKE-MTL) was proposed to improve the accuracy and robustness of incident detection. The model
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hancement with multi-task learning in improving detection performance, providing a new solution for real-time event per-
ception in intelligent transportation systems.
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