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Research on expressway anomaly event detection methods
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Abstract: A key challenge in expressway anomaly handling is that existing methods usually identify lo-
cal abnormalities from a single sensing signal, but struggle to jointly determine event type, cause, and
risk. To address this issue, this paper proposes a multimodal large-model-based method for express-
way anomaly event detection. This paper addresses the demand for intelligent expressway management
by proposing a multimodal large-model-based anomaly detection method. It integrates heterogeneous
data from multiple sources, including video surveillance, millimeter-wave radar, traffic flow, and me-
teorological information, through a “modality expansion-scenario fine-tuning-cross-modal attention
Transformer fusion” approach. This process maps diverse features into the CLIP shared semantic

space, enabling unified representation of heterogeneous data. Combining traffic knowledge graphs with
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prompt engineering guides the large model to deeply analyze the types, causes, and potential risks of

abnormal events. Experimental results based on the DAIR-V2X dataset demonstrate that the proposed

method significantly outperforms traditional approaches in both detection accuracy and comprehensive

semantic understanding. This provides a new technical pathway and theoretical foundation for multidi-

mensional perception on expressways.

Keywords: expressway; anomaly event detection; multimodal large model; cross-modal alignment;

semantic understanding ; knowledge graph
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Tab. 6 Comparison of semantic understanding accuracy
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Tab.7 Performance comparison of anomaly event detection
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Tab.9 Semantic understanding performance comparison

H1 26 7 T < AR SO TR R A5 TR I 4 b Y AR AR
HEW R 1K 96.2% , B AL -CNN 4 T} 13.9 4 H 43 45
a9 280 37 558 10 )5 59 CLIP B % 5 35 43 b 1) 40
WA T SRS B 2 R BN G &R, DT R
IR — B FE A 24 3 50 T IR ARG R A -

3.4 AEAXRBREFHRMRSH

R 2L Ay AR SCOT AR AN IR 8 SRR
438 I P AR S HE RGE R S L 4 A A Y L B
T A A R 4 K5 I R E Y R, A i S
THEEAE CLIP (R E ) 5 A SO 3 F1 40 8, 981t
AR ST B AR Rl CLIP B 32 Fh g B, 45 A% 8
FIE7R o

HH 2 8 WAL, AR SO A 5 R LR S g o 1y
B T T2 CLIP B F1 0 %0, Horp, 283 i 3%
G 2 2 A TR ) A5 2R A e, 3K R R Sk T 2 3 S A
AL ZS it 178 A0 R0 75 3K [l 9 b 1 B 308 E 1Y
B X5 4 A W 0 0 T R Xk A, B AT 3k #)
92.0% , HACEE AL CLIP 48 7t 4.8 4~/ 43 A5, B W1 4 174
Yo J& e TN S SR B v R S N, R
M S TE T B AR OB /N B RRSE I ) S 5 Bt AT 4

b ACCWPC/ AcCene/  AcCis/  AcCmmic
VRS Y . ) o
U 8¢ 5y 85.2 72.3 68.5 75.3
VT
%m CLIP+ o1 5 67 o .,
] 7. Prompt
AT (CLIP+
1R 3% Prompt) 97.8 92.1 89.6 93.2

HH 3R 9 AT, AR SC 5 VR I 2R S 1 SOHE B R Gk
93.2% BN R B # 17,94 H 4 05 o KRHEEXE T A
AN RSN i 4 I NS (R
Prompt 5| 3 K% Y 5 A8 55 1 355 DR - XU A O 1K i
BT, 3 e T 1 SR iR A AR

3.6 HERICIG

Oy 56 UE 20 A 25 DR A Y A RO B R B A T, e T
LS5, 45 R A3 10 Fs

FR10 HETHER
Tab. 10 Melting experiment results
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