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[Abstract]  With the continuous development of autonomous driving technology, accurately predicting the
future trajectories of pedestrians has become a critical element in ensuring system safety and reliability. However,
most existing studies on pedestrian trajectory prediction rely on fixed camera perspectives, which limits the compre-
hensive observation of pedestrian movement and thus makes them unsuitable for direct application to pedestrian tra-
jectory prediction under the ego-vehicle perspective in autonomous vehicles. To solve the problem, in this paper a
pedestrian trajectory prediction method under the ego-vehicle perspective based on the Multi-Pedestrian Information
Fusion Network (MPIFN) is proposed, which achieves accurate prediction of pedestrians’ future trajectories by inte-
grating social information, local environmental information, and temporal information of pedestrians. In this paper,
a Local Environmental Information Extraction Module that combines deformable convolution with traditional convo-
lutional and pooling operations is constructed, aiming to more effectively extract local information from complex en-
vironment. By dynamically adjusting the position of convolutional kernels, this module enhances the model’ s adapt-
ability to irregular and complex shapes. Meanwhile, the pedestrian spatiotemporal information extraction module
and multimodal feature fusion module are developed to facilitate comprehensive integration of social and environ-
mental information. The experimental results show that the proposed method achieves advanced performance on two

ego-vehicle driving datasets, JAAD and PSI. Specifically, on the JAAD dataset, the Center Final Mean Squared Er-
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ror (CF_MSE) is 4 063, and the Center Mean Squared Error (C_MSE) is 829. On the PSI dataset, the Average

Root Mean Square Error (ARB) and Final Root Mean Square Error (FRB) also achieve outstanding performance
with values of 18.08/29.21/44.98 and 25.27/54.62/93.09 for prediction horizons of 0.5 s, 1.0 s, and 1.5 s, respec-

tively.
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Pedformer’ N N N 93/364/1 134 4364 1080
VOSTN™" N 94/364/1 134 3980 947
MPIFN (Ours) N N N 81/307/1 106 4063 829

PSISE S0 45 5 W36 3. R P B B /)N, M RE B
U o S AR AR AR ) 45 2 43 S IR AR R R R 2 i
1€ 3 A WL, MPIFN [RIFEOE T304 75 i, 9 HLAG 3 42
Ko BB (1) PSUEIREM S T HEK A

SCHE 7 vk 2 2 K B AR G 2, PRI T ) 265 g
i TR G MR A B A LA R AT AN B R AR 1R 5 (2)
MPIFN G808 545 R X F 2545 B R g 15 B ot
298

K3 HEPSILIBHER

PsI
Irik Soc Env | Soc-Env ADE | FDE | ARB | FRB |
(0.5¢/1.0s/1.5s) | (0.58/1.0s/1.5s) | (0.5s/1.0s/1.55) | (0.58/1.08/1.55)

Bayesian-LSTM "’ N

FOL-X*! N

PIE, [ v

BiTraP'" N

ep2p!t?) N N 22.67/31. 07/44.90 | 27.76/52.03/93. 14 | 27.12/35.03/48.51 | 31.59/55.08/95.97
SGNet ! N

A3 N N N 10.00/17. 13/27. 67 | 14.66/34.56/62.21 | 18.08/29.21/44.98 | 25.27/54. 62/93.99

2.4 HEAKLE

TEATT R TR0 R R 7E JAAD $cdii 55 b ity
(8T TF O S By 45 L, DA TE 48 i vh O RE B i A
RPE. F4FVH T IH RS A 451 R E ),
PR R 4F . Ho Bbox /1T AN Z4ERG AE , Image
Fn R B LR IT 5], Concat 78 Z B RRAIE il
B R PR R, FC FOR 282 155 -
ERE A IZA

M4 n DI U0 R 4518 : (1) Variant 2 7E1E
e L EE Variant 1757 14. 4% , 35X R JREBAE EUL)T51)

AR AR T AR 2] BT Z2 0] FIAE L (2) 7EH
255 B R BUB B B LSTM B e i i 5 i R 1 e
Variant 3 Y45 R KR40 56 T Variant 2, 3 5B 23
TR ITE S P A O & 1A %0 5 (3) Variant
4 LERACT Variant 3, R TR E RIS I h A&
Yyt WF ) i RRAE HA TR 35 (4) Variant
5HILRAEMSE (1.5 s) E4SE Variant 48. 9%, ik W
RS T 58 SO B R RS R AE Rl S R, x4t 25
F AR A PR B FE 0 Ml B A B I ; B
TEN R A5 LSTM J5 , MERETS B — 2042 .
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&4 JAAD LiHRNIER

i A % (S BB + o AR B B BB + ZHCERTRARYE | W% | MSE(L5o)
Variant1 Bbox LSTM + - + - FC 2458
Variant2 Bbox+Image LSTM + {4 £ + Concat FC 2103
Variant3 Bbox+Image 2= + 55348 + Concat FC 1502
Variant4 Bbox+Image Mas i + nIEAE B + Concat FC 1435
Variant5 Bbox+Image B s iR + AR AR + R X FC 1307

AL Bbox+Image BB + BB + s LR LSTM 1106

2.5 AL

&l 4 F1IE 5 &7 T MPIFN 7E JAAD F1 PST %4 5
BRUIE R e NS L EAR o B T T =R A= S |
WE5 R, B EWE MR MK EEARE, BT
MPIFN Ft43filG T4k 25 BAUR R ELAE B, IF1E
S o) R IR T R B B O , Rk MPIFN (74 i)
SR B, 6 SRR T TR IR ik HE
JriE XS HEARICR | B v v (R / e 2k e s LS /L
S , AR (O HE/ 8 28 37 BU A, B/ U Lk

TE JAAD Fdli 82 iy mT AL T L 25 SR b (B 6 |2
w3, ZEMEER R T — M7 NETEH1E 1

0s

S, AR IIRT N LPRPGE . nTLAE S, A
PRk (GO EL) 5L RPLE VG B
M eP2P" (£ 6 HE 2% ) A VOSTN'™ (5 {4, g £ ) 17 1E
— MR AMERER T — M AL S
s, IR 5 s B TN 500 5 S BRI e Hz I L A
FbZ T, eP2P F1 VOSTN (1) 00 35 5 52 B 0 A7 7
— i M 2% o 7E PSTECHE 45 19 m] Ak X be 25 5 v
(6 T 2p&B5 ), M EHG AR T — 47 AN
W ZEM 55 A MBS T — 47 A ]
A RS 3 ) g, vl LUE 3, B ik 7e 52 42
SO RAFR I, 5 B S KA —3

1.0s

Bl5 e PSUEREAE LAYl Ak ah S
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