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Pedestrian trajectory prediction based on dynamic evolving graph

MIJingl, ZHANG Xu-xiu*t, YAN Han?

(1. College of Automation & Electrical Engineering, Dalian Jiaotong University, Dalian 116021, China; 2. College
of Control Science and Engineering, Dalian University of Technology, Dalian 116024, China)

Abstract: Pedestrian trajectory prediction has a wide range of applications in areas such as autonomous driving and
social robotics. Effective modeling of complex interactions between pedestrians is a key issue to improve trajectory
prediction accuracy. However, when modeling the complex interactions between pedestrians based on graph neural
networks, there are problems that the interactions between pedestrians do not change over time and the graph model
cannot adjust the network parameters adaptively, resulting in large deviations between predicted and real trajectories.
Therefore, this paper proposes a pedestrian trajectory prediction method based on dynamic evolving graphs, and designs
dynamic feature update (DFU) to define the dynamic characteristics between pedestrians and model the dynamic
interactions between pedestrians to build the network dynamics in the time domain, which improves the ability to model
the complex interactions between pedestrians. An evolving graph convolution unit optimization encoder is used to
flexibly evolve the graph model network parameters and enhance the adaptive capability of the graph model. The results
show that the proposed model achieves better performance on two publicly available datasets (ETH and UCY) with
12.26 % reduction in average displacement error and 14.10 % reduction in final displacement error compared with the
STGAT model at predicted 8 time steps.

Keywords: dynamic graph; evolving graph; graph convolution; trajectory prediction; pedestrian trajectory

0 31 & PR B B 3 3, RSB B AT N TR AS L. A8 SE bR T RE N

A7 NS TR e ) 32 H 82 P A &% A 4o, i, PR AT N TRD S A B S M, AT 7 A B2k B AT 9,
F S0 B LA AR S, RIOPOE T XS SR BTN VR A TR A AR, S
JTEA B AR AL L B A BiAER R DU RO I U5 AR S B R R N PR, XAT
P2 IEB A X e VESE TR IO L M5k =M AT AE RS HOR REAT @A O 1 — IUEAT Pk

WS HEA: 2022-11-04; FF BHA: 2023-04-15.

EeWmE: EFARRIFELTH (62103074); 174 & s & HRIITH (2022020594-JTH1/108).
P38 i 2. E-mail: zhangxuxiu@163.com.

TSP L B S SO, AT ST LS R X AT R R



2346 = # 5 & K %39%
IS FH b, BT 1 SRR 2 B AR . 9 an, 4R 32

LA R, VF 2 BF 78N B3 9 3RAT N TR ) 28 HLoR
R TV 2 A B T, it AL L ),
28 X 2516-8](graph neural network, GNN) %, iX &£ 7
R NI (E B R Aok S I R s B AR, S
ik [9] $2 K H K B 12 12 W %% (long short-term
memory, LSTM) % 47 A L2k #F 4T @ 45, I 6 AT A
B35 AR H BT, Social LSTMI 7E LSTM ) 3 il - 34
7 — A WAL, AT TR A8 B OG R AT 2
T, I 78 BN I 8] 20 4 b 4 48 1 BRI 75 A 9.
Social GANUY | % Social LSTM k47 T 2403, 4
T AN BT B A B R AT N 8] R 5E B R R kAT
AL, IF HoIN T 2 R 2R ek H sl il 77 AR 2 R A
2T $E 52 WP, STGAT!Y R Y B 33 7 77 ) 25 12)
(graph attention networks, GAT) >k % & LSTM [ & i,
RS, TR AT N 8] 1) 25 18] 22 BLAE AT A, JF %
T — N5 LSTM SR AR AU A2 HAE FH I [] AH 5%
PE.SCHR[13] 82 H T — Fh 3 T B %5 18] Transformer £
TUHE LR, 200 B2 30 5 33 e AL ) R Ak 38 0328 ¥l ; ST
Bk [14-151 %5 T GAT A GON i@ i #4) i 4 Ja) i i 56 38
A JR)RFAIE A8 436 LA T 25 1) 33 B[] 485 110 D) 4% Je 52
J B Iy — 202 B AR A A BT O R,
11 4 NRIUO) 1 EvolveGraph!'7), 1 NRI H ) 22 H.
TE I 53 2 T2 5 25 1 EvolveGraph i it — AN78
TEAE H 5 2 2 Be A (R EA T 27 1 i A8 A

IRBEFUEAR T A NI R 25 S, SR T AE S R R

HEAL AT R 4%
@ !&Q@%ﬁisﬁ
QQ[J) I
—>
—

W) 28 1R FH P 2 I 5 I 1) 9 HE A2 1T R J8 A, TRl it H
21 ) B T L VR R BT, DA S B 2 R 22 o8
FR I R] 3 AR AT N AN AE 9% 5 2 BE I 8] 17 &% A 2
A, R AT NAE HLOG 2 0] DAL A 2 B4 1. LLAE
FUAE I [A) 3 A BRI, A [F47 N 28 oG R AL
RANAE 1), AT AT N 8128 HOR R M B A, 545 W
2 RS R A ROBEAAT N [R] (R B SE B 3. 47 N B4R
5 HH AN SRt 1 PR AR I vk o I b 1 4 D 4 2
£, T BRI AL B IE N RE ) A iR, 0 O N
BEA U 28 R S 40 D, AR SCHR Y T R T AN A
A B AT NENE 300 77 (dynamic-evolving graph
convolutional network, DEGCN).

B DA b a) L, ASC B L E B R 1) Wit
ARS8 DFU, $2 U7 A 3h &8 FRAE, 7 B AR Y
BN 2 2] e 7, 9 Ak N 48 AT N A1 A8 B O R 1 4
BERE 0, 4 P 2% 2 2] JR AU I SE 3 S iU e . 2) R
F 331k P 46 B ¥ 9T (evolving graph convolution unit,
EGCU) fIi A W 28 155 1Y, 33 4 92D X 48 2 34, AR AR
FRIUAAG T 9 FRN, A REARAT NS IR
S0t BRSSP R, $2 i A R 1) 2 S AR A 1
RIBEF]. 3) BEAAT N H K R AR, & AT A H
BN H KR, I A 0 B A8 B4, 1 v I 45 1)
) RE S, G AR 2% R BhAS .

1 HiEig
3 Fh A Y DEGON 5 B & 1 fow. 3

IR N

©) #hez

W) msmmsmn

Q) wew
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#1, DEGCN #5784 i 4 1 3% . AP DR 25 RS 2% 34
B LR G 88 23 DR 2 TR R AE 4 B0 AN B R) 5 AE 4
fish. =% ) A A0 4 B 1) A N AT N B A B R, A
LSTM; A AT N B 723 [AVFRAE, B H AT N 723 (AR AIE 2
FHCR 2. I R4 IE 4 B FH DFU A EGCU 4%, f #2847
NI B2 122 HAF B, FI FH LSTM, 58647 A (1 1]
REAE, i H AT N B BT D) AR5 AIE B OIR 25 R (IR 25 £
B BT BRI SRR S S AR AT S AR RS
FRITES 25 R AU 2 o SR F0I A SR 328 G v, 4 s 4 v 11
DFU. EGCU At LSTM FUR H 8h & & A AT A H.
SEAR L BRI R
1.1 [EIREE X

B — M7 H NAAT N, &N p1, pas - -« s s
TE IS 8] 25 K ¢ I BB AT N ps B Z4E bR ST =
(b y). RIEH AT N = 1,2,..., NER A 2P K
t=1,2,..., Tops I (AL E SE, H bR 2 TR [R]85 K
s Tored IARAL B S
1.2 —MT AT YRS

T e, THE AT NS 1T — NI [P A X AL
#, R0

t= Tobs-l—la'-'

Axp = — i, (1)

Ay =y —yi " )

W BN I6F )25 K R AR X7 B N 31— A [ s K B 1Y)
] & ef 1, JERE X e ] B Y LSTM, [, B

e; = ¢(Axi, Dyi, Wee), ©)

mt = LSTM; (m! ™', el, W,,). 4)

o) 22 9F £ 1 BOIE B 2L ReLU ik A JZ
(embedding layer) W %&; W, #& Bk A\ B AL E; W, =&
LSTM,; WAL =, & 5t 47 N 3L Z A E; m! 2
LSTM; £ [A] 35K ¢ I (R B GBUIR S
1.3 ETFaS#HCENITARERIR

R4 STk [9], A AE A — A LSTM F£ A~ R4 3K
TN AL . Ry TAER IR 5trh, LA F47 A
[ AE BAS B, I B IRAT NS L B R, A
T SR H Bh A BT N B 22 B R AT B, AR
J& ¥ it DFU i 3R B 7 210 5 s 858 BA B, &5
FIFH EGCU AL LSTM, ZEAL M 25 Z KR Y U AR
Bl AT R 77 )8 68 [0 2 22 850, 42 v ST RY (1) B 0 2 e
AT NN B R R WE 2 s, Hd, — A5
HAT NAEREAN IS TR K B A B )5 R, B AT
NXS R — AR AR FE H

<= TARBENLELRR  —— S AREshiis
B2 1TABZEREXSR

131 EHEHRMZ (GCN)

—/NGCN 1 2 |2 B & U A, AT — AN B
%, GCNIE A — /> H 6 ik 5 AR Ik 3 i 20 380 R & 25
BR. ARSIk H I GON 80 2, 7E ¢ 21, 55 1 )2 DL
B ALFNAT S AR NFE BE HIAE %N, 138 HAUE
FE B WO RRONFE B HY S 258 2 )2 RN
SR HERD

H! = GCONV(AL HE,W') = (AL HL W), (5)
Horf: GCONV R B3 B8 70 AL AL FRIBRHELL, 572 X
N CHim It AR AL, 48 W ) (8] 45 250

A=D3AD% A=A+1, D= diag(ZAij);
J

(6)
o reBRA R AN BT T2 R0 R AL W8GR R
Sk EH T SRS F € RNV N ] e kb —
N FHI N AAT N, FY RE— AT #BRE R m f — A
d ERHAIE ) & 5 T4 2, B8 o nT DAL O 2 1 5%
R, EXFE IR, HEA 5 T A HIUAESE 5 e Tk 1
L R B v — R 2 BR B o AT DU T
53 1 softmax B8 i, 763X R B0 R, HY A5 T A
132 HLEEHEIT(EGCU)

)2 P ZE IS [A] 3300 B8 SRl b i o B kAT 1
¥R, Bh S B #h 4 M 2% (dynamic graph neural network,
DGNN) — f% 5% ] GNN A 7§ ¥F i 22 9 4% 1) 41 &
GNN b U821 (43 5, 8 2R 4 22 ) 5% 0 Ak 3 T )
SIEE R, sh&EE B WHE RN RS BRECR
A AU 114218 28 5T (gate recurrent unit, GRU)
ST AE IS 1] ¢ I 4N F G0 00 RS . 19 SR N HE B
HHERRGRNG B, SIEEERWT:

GCN weights node embedding GCN weights
t t t—1
W :GRU( ot wt ). 7
~—~ R , ——
hidden state input hidden state

gk 4 A (5) B B R #0 GCONV A =K (7) H i
GRU, f#15%] 7 EGCU. EGCU I F:

W' = GRU(H!, W), (®)
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3 #HLEEFHE T (EGCU)

H! = GCONV(A!, HE, W), )
[H!,W'] = EGCU(AL, H!, W1, (10)

A6 2R B2 1 B eOIR 25 2 GCN AUA, EGCU B &
IS} [ 4 7% 1) ] GRU AT GCONWV 3 Ak K 5 46 . 4
ot H b T EE, NSRRI — AR K 2 R
GCN. &3 s WA — 2055 HE W R H] 2 7]
KR,

133 BIBFEESF (DFU)

RN IA K B DFUZE 420 (8) H1 ) GRU B
HTRR IR A, BT 5 1A BREUIR A5 1 I [ S5 4 5 2%
LSTM, (% . & 4 & DFU 75 2 &, 244N i )
K B — AN 1A R 5] 1 GCN, GCN [ 242
I T 25 K ¢ RS EE 0 B W71 B 3 i A A e T

R X

£ 9 LSTM,, B4 A, LLEE BT LSTM, [ BRBCIR S, 5
FURE HIUANE R, S ELSTM W 4% 22 > 1% Fh A B 0]
AT R BB AE, TR AR SR H EGCU #E 40 W 26 2
B 2% 2 Wt R H 2 T I AR B A, 75 PR
ARG T 24 BT[] 20 K R s AN HEL R, 24715 ik
N A0 AR B, ) 4% 2 H00mT DA AT gk A7 1
DA =0 9 25 1 1 3 R g 77, B

rt = LSTM,(ri= 1, HY, WH). (11)

Serb [ (5) Fior, W R B 7 U A6 . 7E
I ) 2K T T, AT N B AN BEGH AL B (m ],
r o) I P A R AE B4\ B AR ) 1 2 2 G
135 (MLP) AT 1055 FRRAE TR R 45 0 [
TERAHOIR A5 HEAT 46 2, B

LRIEIRZS
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| LSTM

| o FFABERLRR

5 1ZRE

T RN FE B

B
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TR AERE R
SR 7 AR AR
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m; = 61 (m;*), (12)  SEHUE. W KA T 5 Social-GAN — (K145 b, Bl F
7o = 6o(rT), (13)  FILIBIRZE (ADE) MR AT A 1222 (FDE). X146
N bR B E LAF.
hi = mgl|7;. (14)

Hor: 6y M0, NPEAMLP, || A& R AT
14 EpARRAVEIE

T REWE A 2 B SR A B BUIE, SR [10]
PR T — 2 R0 K e BOR B R 46 7 LEAN R
FEAR, BRI H 5 2 A 3. AR S5 N SCRR[10] 1
SRS RAIAT NIZ B ) 2 B

R IRPAR S 52 200 R s

™ = hi|z. (15)

Hoeh: 2 FeoR e, eh (AR d £ 9 A#ES 2% LSTM
(IR GR REBOR 4. TOUAR X1z B A
Al = LSTM;(d] ™, e]™, W), (16)

I A

(Ax;fobs+1’ AyiTostrl) _ 63(dfobs+1)' (17)

Hor: Wy N LSTM [T ; 03— AR EZ s e
2 3) Fr7, AL 1) 25 K Tons 1 15 2 T AR X A7
J& . R 5 5 T AR O o B T 5 LSTM 9 5 2%
A.
T RAT N IZBAE N (0, 1) (Pr#EIERS
I A P BEHLIRE 2, 7 A2 2 A TN B SR J5 G Ly
T ST R i A RO (B 28 3 S U 20 P 2 /N PR L)
VRO St o S 2 A PR 2k e B, B
Lyasiery = min [[Y; — v, (18)

oo Vi AT i B Hb T 2L 52502, VY S DEGCN
T2 2 (T, kAR SR B R I I, 45k
R B D I 445 ot i I, 78 26 i 2 B i 1

2 H].

2 fiESER
2.1 UK e)RE S EEE iR

SN 6 AIE T HR H A B9 AR Y () A b, A
W A 25 44 B AT N 0028 H 05 7000 #4 45 ETHR) Rl
UCY I A7 0 B s 58, b ETH RS AN 5%, &
W~ NETHAHOTEL. UCY 8.8 3 M5, 40 W%
RN ZARAL. ZARA2 FTUNIV. P50 4 b i REAS
HAEAE 8 s N LLO.4 s N — AN [ DK AT R AE. IX 2
Bl s T ISR 536 447 AR Z R 2 A Bk
AR R 37 5, N REAS S 3B G Rl . AR TR BRORT 3
BUEE. ON T 5 H A D7 VEEAT A S IR B, 1% T VR ) S
6 ¥ B 1B 1E Social-GAN. 7E Il Zx A1 iPAR i 72 o, 45
AT 3.2s (8 i0) 15 A W00 75 o, 4% 4.8's (12 ) 1 9 L

P54 % 1% % (ADE): 1E B A 10 5 B i) 20 K
b, BSEIE 5 TR FLE 2 TR ()P 38) Ly FE S

B &AL # 1% % (FDE): 76 00 & 8 Toyrea 45 BT,
TOI F) e ¢ H I 5 SR B 2% H R 2 T) (19 B 55
22 XEMESThAE

SIZ 46 7F Pytorch 1.10.2 [ 34 55 v iz 17, Il 4 i
T4 FH Nvidia GTX-3060Ti GPU. % #5 B 4 I 25 1
400 /> epoch, batch-size N 64. ¥ Ui 2% S R B EH N
0.001. i GCN AW JZ, 4> GCN JZ B ik AR/
B AR, CLRD S B0 0 T AR &

AR SRR SCHR [9-117, X 00 4 B ) oAk 7 7R
F B — 5 S RE AN S 5 B AT IR, JRE
R AT, I H S —A~3.2 s (8N [A]
oK) IS, SR 5 TN T >R 3.2 s (8 /NI 25 ) Al
4.8 s (12NN [AEKC) B EILE.
23 ZWERSHH

AT S AT N B0ZE i B A DEGCN #E 47 7
Rl ATE 705 SR 5 K Z A R AE ETH FlUCY MK 45 - 5
LSTM. S-LSTM. SGAN 1 STGAT # %! 3t 17 ADE Fll
FDE #5845 A% EE; B¢ 5 4 DEGCN #5122 R 45 2
BRIE I AT P N s M SRR AT X L AT
2.3.1 JHRETSE

9 1 5% UF DEGCN #5524 (1) 14 R, 4% 15 7£ ETH Al
UCY %4 45 _FHEAT T8 BRBE 7. AR SO 3 H (1 #0728 Fii
A 7Y 52 #2957 3L FR 9 DEGCN-EV-N, He b bV R Rt
RREGEH ZHESUR R (k= 1 RREH 20
1 2K bR A, N 3R 7 AE D 0 1) P9 DA 28 o R ()
()40, X B S HE L5 STGAT . SGAN BT 1 544
B e 72, DEGCN B 8 3E 4T 22 VCRAE, I
e HE Lo B SCT M AR TN AT 8 BVEAN (Lo 842 K
(R A 25 52 B S S B0 1) BE ).
232 EEIMH

Sk ] 4 FpRE Y 5 DEGCN R R BEAT Xt EL. 3%
VIR 2 BIR T SRR Treq = 81 Threq = 12111
PN 5% 2 45 bR ADE F1 FDE. S5 45 5 % 9]: DEGCN
R B R % B B 2 AR T LSTM A S-LSTM. 24 k
= 1,N = 1}, DEGCN-1V-1 B & iy Fi i o4 GE 4L T
STGAT-1V-1 £ 74 F1 SGAN-1V-1 K57 () F 0 4 R iX
2 K28 DFU B IRAT N B3NS 0% &, 5 B ety 56
U b 2 B RE R (1T N) A8 O Rk AT @A, MM
P TR B EAE. Mk = LN = 200,
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DEGCN-1V-20 £ 284 [ 750 ¥ g I T STGAT-1V-20
Y 0 TR 4 e, S L b 75 0 40 1] P o B Y A T
T HURE, DEGCN-1V-20 1 284 1) Tl 14 G4 T- DEGCN
SIVEL BRI . Mk = 20, N = 200}, 1T
5 T 22 RIS 25 5K %, DEGCN-20V-20 #5574 (1) F5i 0]

AT 12 /B 18] 25 K R, DEGCN-20V-20 1 % ADE 4 fg
Fakr2 5 T B T 30.0 % A1 38.1 %, FDE 14 A8 23 99 4%
T T 34.5%F137.2%. 5 STGAT-20V-20 & U4 Eb, 76
T & K 12 A~ i E] 25 KR, DEGCN-20V-20 £ 7 1)
e AT R AR ZE 38 T STGAT-20V-20 15 7Y {H w44

PERe . 5 SGAN-20V-20 1 8 AH EE, 78 T oK ok 8

B BRI SE S

=1 SEIEEREEE FUMARE 12 sELIE)

ETH UCY PR E

Jrik ETH HOTEL UNIV ZARAL1 ZARA2 AVG
ADE FDE ADE FDE  ADE FDE ADE FDE ADE FDE  ADE FDE
LSTM 1.09 241 0.86 1.91 0.61 131 0.41 0.88 0.53 1.11 0.70 1.52
S-LSTM 1.09 235 0.79 1.76 0.67 1.40 0.47 1.00 0.56 1.17 0.72 1.54
1V-1 1.13 221 1.01 2.18 0.60 1.28 0.42 0.91 0.52 1.11 0.74 1.54
SGAN 20V-20 0.81 1.52 0.72 1.61 0.60 1.26 0.34 0.69 0.42 0.84 0.58 1.18
20VP-20 0.87 1.62 0.67 1.37 0.76 1.52 0.35 0.68 0.42 0.84 0.61 121
1V-1 0.88 1.66 0.56 1.15 0.52 1.13 0.41 0.91 0.31 0.68 0.54 1.11
STGAT 1V-20 0.80 1.53 0.52 1.08 0.51 1.12 0.39 0.87 0.30 0.64 0.50 1.05
20V-20 0.65 1.12 0.35 0.66 0.52 1.10 0.34 0.69 0.29 0.60 0.43 0.83
1V-1 0.88 1.93 0.32 0.62 0.52 1.16 0.43 0.95 0.33 0.74 0.50 1.08
DEGCN 1V-20 0.81 1.77 0.30 0.58 0.52 1.14 0.41 0.92 0.32 0.71 0.47 1.02
20V-20 0.66 1.28 0.28 0.53 0.50 1.08 0.36 0.75 0.31 0.68 0.42 0.86

F2  SLIOEERELES (FUNAR SR 8 sFNITE)

ETH UCYy PRz

WARER ETH HOTEL UNIV ZARAL ZARA2 AVG
ADE FDE ADE FDE  ADE FDE ADE FDE ADE FDE ADE FDE
LSTM 0.70 1.45 0.55 1.17 0.36 0.77 0.25 0.53 0.31 0.65 0.43 0.91
S-LSTM 0.73 1.48 0.49 1.01 0.41 0.84 0.27 0.56 0.33 0.70 0.45 0.91
1V-1 0.79 1.61 0.71 1.44 0.37 0.75 0.25 0.53 0.32 0.66 0.49 1.00
SGAN 20V-20 0.61 1.22 0.48 0.95 0.36 0.75 0.21 0.42 0.27 0.54 0.39 0.78
20VP-20 0.60 1.19 0.52 1.02 0.44 0.84 0.22 0.43 0.29 0.58 0.41 0.81
1V-1 0.75 1.55 0.43 0.88 0.31 0.66 0.25 0.53 0.21 0.44 0.39 0.81
STGAT 1V-20 0.74 1.52 0.42 0.85 0.31 0.65 0.24 0.50 0.20 0.42 0.38 0.79
20V-20 0.56 1.10 0.27 0.50 0.32 0.66 0.21 0.42 0.20 0.40 0.31 0.62
1V-1 0.67 1.35 0.26 0.48 0.31 0.67 0.25 0.54 0.21 0.46 0.34 0.70
DEGCN 1V-20 0.61 1.23 0.24 0.45 0.31 0.66 0.24 0.52 0.20 0.44 0.32 0.66
20V-20 0.54 1.01 0.23 0.42 0.30 0.63 0.22 0.44 0.20 0.42 0.30 0.58

2.3.3 ZRERRRBOE

17 N2 8h 1 2 4, DEGCN B84 fifi FH 2 K
PEAUR SR ECR = A2 2 N 2 R 2 8. ESR 1A
F 2 H KRR T DEGCN B AL [1) 3 Fh AN [A] (1) 42 1) % .
DEGCN-1V-20 %74 fl DEGCN-20V-20 # 54 7] DL = 4=
% PR R B R IR, R FH 2 FE A % R B E T

W8 A1 12 /N ) 28 KR, AH B T DEGCN-1V-20
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