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Abstract: Pedestrian trajectory prediction is an important part of video surveillance. The current methods are not ac-
curate and sometimes violate common senses because scene information is not fully used. To eliminate the above shortcom-
ings, this paper proposes a transformer generated adversarial network(GAN) algorithm which combines dynamic scene in-
formation with pedestrian social interaction information. The convolution neural network model of the dynamic scene ex-
traction module is utilized to extract the dynamic scene information features of the target pedestrian, and the encoder in the
generator network uses transformer to model the features of social interaction information and trajectory information of pe-
destrians. Experimental results on ETH and UCY datasets show that, compared with social GAN model, our method im-
proves the accuracy of average displacement error by 25.61% and the accuracy of average final displacement error by
38.44% in multiple scenarios.
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ETH 1.09 1.09 0.81 0.86 0.69 0.65
Hotel 0.86 0.79 0.72 0.76 0.49 0.34
ADE Univ 0.61 0.67 0.60 0.54 0.55 0.53
Zaral 0.41 0.47 0.34 0.30 0.30 0.32
Zara2 0.52 0.56 0.42 0.38 0.36 0.31
Average 0.70 0.72 0.58 0.61 0.48 0.44
ETH 2.41 2.35 1.52 1.65 1.29 1.18
Hotel 191 1.76 1.61 1.67 1.01 0.64
FDE Univ 1.31 1.40 1.84 1.24 1.32 1.15
Zaral 1.88 1.00 1.26 0.63 0.62 0.66
Zara2 1.11 1.17 0.69 0.78 0.75 0.63
Average 1.52 1.54 1.38 1.24 1.00 0.89

Metric | Dataset | LSTM Sophie
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Fh . A SO AR K 28087 5% T 19 ADE FFDE {1 T
LSTM . Social-LSTM ,Social-GAN ,Sophie ., Social-BiGAT &
AL

5.2.2 HRLELG

R T P ISR A SRR S O VR A R AN
bl E B o AT T R AT IR IR . B 5, AR U B Social
GANAE Ry B2 7 vk I HAE & B 46 37 5t v i 52
B2 AL AR L PR AR [ Ie S 80 AR S
ST A S0 28 57 B AR BB Transformer
I 45 LA R 9 8 45 T vk AR I, AR L 45 R an 3k 2
fs.

22 R AE Bl 2 B s A B R OB S 5l
Transformer P 45 [R5 L T , AR ST AR R Z 8 &=
{9 ADE Fl FDE fJt T 3E 2k 7 vk | 10l 25 25 5 59 7 vk
I, AR SO R AE A7 5 i) ADE Fl FDE S48 T A2k

TE ETHEUE 4 b, 2 Bl e vh s il 20 A7 AN A
R IEA [ 5E | i sh A3 55 BT A9 B8 AR HL A

H— B, AR SR A R TR ik ADE 23 T
19.75% ,FDE #2151 22.37% , (G T 20 i FH 3h 53
SofE Bk HEI L KA Transformer 2% [ 1 & 1
B 7 B G 2% AR AR SO IR T A A &
BRI , W46 T sh25 3505 B I R M A R

Hotel BH4E 7 s 8 B2 4% WA T N B AR R 5%
M K, PR AR SO IR MR F B4 7 vk ADE #2451
52.78%,FDE #2151 60.25%, 1 ETH 5 4E o A 15 (0 A1
S, B FH Transformer 7 15 TR R 25 TAS SO 2%,
DN ETH ZH65E rh A OUARRL, 3h 837 55 B XA R Y
SN RIS, (AR 24 S S RG B

Univ £ 82 AT N8R %48, B s YAk 138 #% 1
2, PR B ARAT S W S5 K 0 2 J8 AT N, 1325 T
Transformer P 4% (1) H 71 35 JI ML, A SCO7 e A5 F 3%
22 )7 ADERE T 11.67%,FDE 255 T 37.5%.

Zaral 5 Zara2 B9 42 50 M0 IR, e b i 220 gt
FU) 23 R AT AT R SR AR BRI, AR SO AT
L8 J7 1k ADE 3 5 T 5.88%.26.19%, FDE 435Il 4
T 47.62% .8.7%.

R2 HMLIELE RN

Metric Dataset Baseline Dynamic scene information Transformer Dynamic scene information+ Transformer
ETH 0.81 0.64 0.68 0.65
Hotel 0.72 0.38 0.32 0.34
ADE Univ 0.60 0.7 0.64 0.53
Zaral 0.34 0.35 0.37 0.32
Zara2 0.42 0.34 0.35 0.31
Average 0.58 0.48 0.47 0.43
ETH 1.52 1.1 1.21 1.18
Hotel 1.61 0.72 0.59 0.64
FDE Univ 1.84 1.35 1.24 1.15
Zaral 1.26 0.77 0.76 0.66
Zara2 0.69 0.65 0.73 0.63
Average 1.39 0.91 0.90 0.85

5.2.3 EHESH

&3 /R T & BRI ETH A UCY B h &1
St P G T T AL L. HH R 3 (e) i ETH 2K
P45 I 5 R B W X e e R R S
Rl , i A R ER . N 3 () PRl LA A
ALy R TUIN  A HE E BLSE L, LSTM |, Social-GAN
R TI0 A5 2 A B 5 B S R 2 K

13 (b) 2k Hotel Z045 5237 5 T B0 % LU L 1%
SO TR 1 — N R AR AT, AT N AL 32 B
ZEvhsE EATG RN, TR P AT AR A E 2 K
& 3(b) 5 — sk Mg vl LLR AT N B Sl 2 B AT,
{H Social-GAN . LSTM Tl 47 JCRF 22 e 1) . &1 3(b) 5 —
kEMG AT LA B AR T R B R R AT,

ASCOT R WINAS B AT BB S S
{H Social-GAN Tl 47 A K28 ) 3#F A 423k, LSTM T il
FIAT NATHE DT ) 3EA IE W, (H 5 B HGT A 22 KK .
3(0) 5 =BG AT AT HE T 10 5 8 3(0) 55—k
EUEL K G A 2, B AR AT A% B 2300 2 5 1, Social-
GAN LSTM X457 N Ak 6947 287 o W o 1%, A
ARSIy AT B T -5 B SR AR AT

&1 3 (c) 2 Univ B04is 52 37 5 T B LU, %3
SR REEALE B — A58 g O iz s AR R,
Al DL VR SR (R B A 58 . RS KA R (1)
TR R e S A N TC 7, 4132 45 B B AR T AR 42
FA 7= A Y g MR 2 e X AR IAE B ARAT ANBE R 23 9
FEHTHE T 1), WA 2 RO 5 A AT A S iR = A v
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(a) ETH ()
3 A5 ARRLAE AN [] 3 55 A T B w] Ak Xt

B ERE B PSR . 3 ()l LLE A SO v
TEZ AR B 4138 3 5% b %) T 3% B0 403 10 1 L Al 1 8
AU 3K AR 25 T AR S Y Transformer W25 09 A 35
ML 5 A7 5 S R s A B I 1) R0 | A S e TR

Kl 4(a) N Zaral BR300 B0 LE &, 14 4
(b) N Zara2 B4 5 F BB XS L& . B3 508
R T S R T AT N2 sl S O R S R
HgL . K 4(a) P LIE AT AR BT, 25 B
) L0 45 SR RSO R, A% ST 3 0 (R L3 5 EL SR A
WILFEA  EA MR R R IR . K 4(a) 5B —3K
MG IR T 47T NH ] B 2% R 284 (4 008 19000 o) EE T
M ] DL Y LSTM | Social-GAN #5575 241 2K 1 3] H
B B 5% ), o5 AR NI 4.(b) v 8 5k I8 R o] LU H At
AR 1) T I3 25 5 95 A B R ) A R i, 3 B AR E
T 7 A 0w U AR SOy T A5 2 A Bl B A T
ALY 3= AR SO RS A R s 55 Bl
PLLEA 25 3 H bR 55 30 VR 4 B, DTk P S ad
TRV THE Iy
5.2.4 TRMED T

& 3 v LSTM A5 5 S5 Ay i B, 0000 7 oG A 32 Al o
5, JHCF5 0 i A 2% 19 1 18] & 2.7 ms. Social-LSTM 7E
LSTM (3L ath A T 4k 2 s A Ak 3550 K i 44 Jin

Hotel (¢) Univ

T O[] O 3, 00 T RE 2% 04 B ) A 4.2 ms.
Social-GAN 5 A SCI7 AR EE T Az UGB W 265, 75 AT
Rt I ] A% 475 D B i (0 A 6 1) 25 320 4 S i) A% T
e RS S8, B Social-GAN T fir & 2% 14 i) 8] A
29.4 ms, AT AW B &G 5 AF B BB 2 i
T2 UCER Ak, I LAFERT HE Social-GAN fg &, HL 1
W JIr#E 2R B[R]0 34.3 ms. XF HLE5 54N 36 3 s, B AR X
T H BT T 7 T AE B A (A SO A 34.3 ms
TS8R BEAE TN AR 120 T A B , 5 4 JEE AL AR Ak 34 5
BF P B R (2 B0t AR AT 320 25 FPS). 5 I3 AR
SCOT U TIOINRE BE AEXT L Oy s b e, RGO R SR
RIS
5.2.5 SEMSR

R T 2P B UEAS SO B IO A5 R R AT S H
WL, AN S s AN S S AR T AR ST R TR T
X H S RS ) A7 s rh R Bl B AR I S 25 2R (R
Y5 ETH . Hotel . Univ 1 Zaral). & T ¥ o] #iA4L 19 45 5
AT RS, FE T B 20 E A 2R i 10 Y030 00 25 R
(ZRAEHGETM ). Hod(a)  (b) () BIR T AR
T X A AR B A O 285 5, (d) JR7R T AR SCH ¥ AE
T X 25 285 R A A2 B ) 00 45 24

NS (a) HaT LA H A SO A T X B B Bk 1A 7
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~——— Observed ~——— Observed
=Gt — GT
== Our Pret == Our Pret
Sgan Pret Sgan Pret
LSTM Pret 1 ISTIYI Pret 7
~—— Observed : g:served
: OGKIJ—r Pret == Our Pret
Sgan Pret Sgan Pret
LSTM Pret 1 LSTM Pret
(a) Zaral (b) Zara2
4 SAFERILE zaral Fl zara2 S5 50 T 4508 o] WEAL X Eb
®3 =REBMMHYA 2 kA e Tl A SO IR AE R 5(d) Zaral 5
A HUE $46 ilms P PSR IR B R 5 AT 2 e B 3 A Sk 0 e fuk (R o
LST™M 2.7 B 5 A HAR AR 3t T AR A, 7E5 4 T2 R VR A E
Social-LSTM 42 Sy, YR SR BN HGEAT A HENE, W
Social-GAN 29.4 UEBIA SOy EE4R Hh Y 3h A5 5 R B AR U B & BEAT
A 343 iy, BT BTN 25 AT A F R RS

(¢) Univ

(d) Zaral
FE5  RFE s i 2282 o] LA Him 45 55

FERS , FET00 (9030 53 B BB 1 A7 P , DA 7T
SRETF B REER . P15 (b) R T A SCO7 Bk O B L 2
LI BAT . P S (o) FRRIR T A% SOV T 19 9030 4 A
EAEIZ SR 2 - . A5 P AR 6 op 7 AAE L 7

6 ZLHit

BEXE A RTAT AP0 T J7 1% 06 My BRI LA KA N
) B9 452 5 Z R FHAS FE 70 TR RE, AR SO T — Rk
Transformer 3/ 2537 547 B A= O BE 99 28 (947 A 30308 i
W75 . 5 HAAT NP B0y i AR L, AR SOy A
ETH Al UCY il 4 1) 2 %07 5 ' ADE Al FDE ) 32 L
DT HAb Ty ¥ , 7552 2 3 5t vh T UK v 9 0
AT NBIBIGE , MEWIAS SCT5 1242 Hh i 3h 25 7 545 B4R
B e 55| A Y Transformer [0 28 X455 150 it F50 00 50 S A
BFRTHE . AH AN 75 b, A SCO7 ik i B 2%
SREEES U A S TH A5 ] . FE4E TR TAE D KA
PRI 8 0 P 28 6 0 A7 N 2 TR L 2 28 B A, LAt
S A ST VEARAS s b B UK 2 5 T 805
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