Computer Science and Application HHE 1Rl 5 M, 2026, 16(4), 350-362 Hans X
Published Online April 2026 in Hans. https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2026.164135

BAEXERMIE FETHREXZEXRD
AP 73 R R

ZER, FiiE, TEE
PURCEBE RN BE, BRI P
Yok HI: 20264F3 H18H; sk HIA: 20264F4H17H; RAi HIA: 20264F4H24H

HE

EEHHBRERAV)SE ANBREFHHDV) KRBT ERREY, FHZANTEXREERE
R R MERNE UK. BAE THSNBEERRECRENTLEE FEETNNEE. NE. E25
PHEREGERN, FAELERERMZEXANTN, SRTAEE NSRS TR, Nk, A3CRE—
METHBER R RER T, ZOBKE=%82%: (1) FHAYWEBE(ERES. AEE. fimE.
BEEEZMELZFERENWEMSENERL; (2) R\IBECHE S THENHIX ST RE BT P E 5,
MTTIRB AT A (3) K DA S B RS — RN B E S GRUN F ML T A RS
EASILTN . FENuScenes AT HIEE LT SLIORA, FrijRTEEF¥IMBADE. MAEZE 1 L33
RFBSE T, HFESHARGROME. BE. HEES)PRIB B mN AR e k.

X 5in
EWPOTTM, RBEER, WRXE, WEERE, GRU

Research on Vehicle Trajectory Prediction
Method Based on Time-Varying Interaction
Relationship in Mixed Traffic Flow
Environment

Zhihao Fang, Yongjian Luo, Zhilei Wang

School of Computer Science, Xijing University, Xi’an Shaanxi

Received: March 18, 2026; accepted: April 17, 2026; published: April 24, 2026

Abstract

In the real road environment where autonomous vehicles (AVs) and human-driven vehicles (HDVs)
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coexist for a long time, the interaction relationships among vehicles are highly time-varying and
semantically dependent. Traditional interaction modeling methods based on static adjacency ma-
trices or fixed thresholds often fail to rapidly reflect changes in interaction relationships when fac-
ing sudden scenarios such as lane changing, cutting in, and emergency braking, leading to degraded
prediction accuracy and robustness. To this end, this paper proposes a modeling method based on
time-varying interaction relationships, which mainly consists of three parts: (1) constructing a
multi-factor coupled basic adjacency weight function using physical features including spatial dis-
tance, relative velocity, heading difference, and acceleration difference; (2) updating the adjacency
matrix sequentially via exponential smoothing and gating mechanism to obtain a time-varying ad-
jacency matrix; (3) feeding the time-varying adjacency matrix together with vehicle historical states
into a lightweight GRU temporal network for future multimodal trajectory prediction. Comparative
experiments on the public NuScenes dataset show that the proposed method outperforms static
graph-based methods in terms of average displacement error (ADE), mean absolute error (MAE)
and other metrics, and exhibits better responsiveness and stability in various typical scenarios such
as lane merging, car following, and congestion start.
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Figure 1. Visualization of trajectory prediction in vehicle lane-merging scenario
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Figure 2. Visualization of trajectory prediction in car-following scenario
E 2. IRETHRIARPUETN AL

453. PEELHR

3 JROR T IRTT B I S D s O T 25 51, B v N ke (m), AR A7 F2 (m) .
ST R IR T REIE: AR IZ S RINE 4.2 m, RERALRS Je/NIE A (0.8 m) G [ IE, S
SEIREEN 200 0k ) 100 B R 12 B RFAE

UL B KRR, I TR S T HAR g 5, (ARSI R R s fh 1 68, ADE A4 1.60
m. FDE & 2.70 m (3L &5 a5 1.68 m/2.73m); GRU KRB L a2 B, Pl migik 0.1~0.2
m, ADE/FDE }y 1.75m/2.80 m; #7558 GNN [ s i i, B a1 8% f K 2214 0.4 m, ADE/FDE
FF% 1.90 m/2.95 m. Z5RFRH, PR IALE R IE SR A Ul IR AW IR B B R, ARIERL
TR T A YRS 1

4.5.4. AIRHER O

—RIR A S 7 S AT A A5 RS E B R AR B TLEE, RIS BU R 4R

(1) FriRITIEAENTA 5 T ) ADE/FDE ¥yt fl, HARZEMERT & “ B R () < JFds(h
) < PR DI (R )7 MAZE A R

(2) FHELT GRU (RIS FPAFAE) Mg &5 18] GNN (U S 1), PITHR 7 0 1 I 285 5% AR A,
REFEAES BT A7 5% T FRZ SV RHE ORI IR LR AR AL . BRZE RO FEAZ A . I 2D 1)L [Bli8 5))

(3) L IR E L SRR R, WIFTR A R 5 PR RET e R Fria e, B
SRR R A

DOI: 10.12677/csa.2026.164135 358 HEHUR 5 R


https://doi.org/10.12677/csa.2026.164135

RERSIHRPETNEGE R

4 e e —e— EIUHE
"o I F5%: ADES1. 60m, FDE=2. 70m RO DY AT
GRU: ADE=1.75m, FDE=2.80m —— A&
##7S[EGNN: ADE=1.90m, FDE=2.95m & am—— ‘% —i GRU
s N cbeo BBZSEIGNN
o ’ e
0.8 AR 3\ 4, * RS

HEEIFE (m)

0.2~

0.0 -

0 1 2 3 4
Yl m

Figure 3. Visualization of trajectory prediction in congestion-starting scenario
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