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Abstract: With the breakthrough of deep learning technology and the proposal of large data sets, the accuracy of pede-
strian trajectory prediction has become one of the research hotspots in the field of artificial intelligence. The technical
classification and research status of pedestrian trajectory prediction were mainly reviewed. According to the different
modeling methods, the existing methods were divided into shallow learning and deep learning based trajectory prediction
algorithms, the advantages and disadvantages of representative algorithms in each type of method were analyzed and in-
troduced. Then, the current mainstream public data sets were summarized, and the performance of mainstream trajectory

prediction methods based on the data sets was compared. Finally, the challenges faced by the trajectory prediction tech-
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nology and the development direction of future work were prospected.
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2% SR [38-391 /1 41 T &I A& B 4% (graph
convolutional network, GCN) HIFFFTIUR, K5
LM 4% (convolutional neural network, CNN) [
MESY BRI, B e SRS B0 H AR
JEVESARAR T B PE TIBCR ™). GON gk B

CNN FHEEL, AFEAE ] TSR RN R0 ] 1) 218
IR TR E S S5 0HR[28,41-42145
GCN 7 & 21| HAb S, 451 G 5E B4 F1AZ 73 A Bl 2
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Gupta A %5 NI Sadeghian A 2 \ P2 ] H
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BR[43 ) Al Pl e 4z, DA R 7 206k AR 1]
1) SRR 4 SR A AT A, eV I ) g 2R
BURMIERIARSY, W& IFaldl s . 2275 3CiR[44]
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STG) , W= (IfTRAIZEED 5 RNN A
HE, IR AT NG B, S RRAT A
ACHIE R, I 2 Bl R XA S v T AT IR S 4
271 BRI I M) I 245 B EAT A A L, (R T
X HE A E 2. Haddad S % NPT LSTM #2
OB B I 2 ], B AR SEBE B AT, i
BT NAT NS AT N5 i R HINTFEJE,
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Kosaraju V 2 NPMg LT B3 4 (k244
XL 4% (social bicycle-GAN and graph attention
network, Social-BiGAT) 15| \HZE Hi Ak, %
W4 2% T] DL B 6 B 5 AT N R AL AR BB AT
B, IR BGE L) 2 BESPUE TN . EEE )
WL I\ TR TP, n] L SRR e 2R
% 268 8 ek Ak FRABE AR 2 S R A S, SR T
TRIRHERERE 0y, T TR I R R
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Fo Vi AR 2 I X b A P e iR R 23 AN (R A
. Mohamed A 25 A\ ORREAT N [ B35 S 45 4 B
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WA IE AMLEESE (Stanford drone dataset)
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FAEn MTN, ES S AT N i BT AR IR SE B b
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MIPFIRLEE AT NI AL & P51, 4R Tl
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P T 9T ETH A UCY e gt % 1
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TR 25 R

FE T TR EE v, TR A 2 IR T
Mk (S-LSTM. O-LSTM. S-GAN-P. Sophie.
Social-ways.GAT . Social-BiGAT.NEXT. TPNet-20,
Social-STGCNN) HURH A, AR gt i T
TG E22 2] )7 (Linear) , HYE ETH.
UCY P T3 A TR 4R LA A 5 b it fg
PR3 o BEAEBE T AR X N 45 5 Bl 25 9 245
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VN debs (ADE {#/FDE i)
Tk SELIRTF T

ETH Hotel Univ Zaral Zara2 SFEIME
Linear [24] 1.33/2.94 0.39/0.72 0.82/1.59 0.62/1.21 0.77/1.48 0.79/1.59
S-LSTM [24] 1.09/2.35 0.79/1.76 0.67/1.40 0.47/1.00 0.56/1.17 0.72/1.54
O-LSTM [24] 1.05/2.21 0.81/1.68 0.71/1.45 0.47/1.02 0.64/1.25 0.74/1.52
S-RNN [45] 2.72/4.60 0.85/1.35 1.05/2.20 1.60/3.50 1.45/3.00 1.53/2.93
Social-attention [50] 3.60/4.70 0.79/1.44 1.30/2.66 0.95/2.05 1.00/2.14 1.53/3.52
S-GAN [29] 0.81/1.52 0.72/1.61 0.60/1.26 0.34/0.69 0.42/0.84 0.58/1.18
S-GAN-P [29] 0.87/1.62 0.67/1.37 0.76/1.52 0.35/0.68 0.42/0.84 0.61/1.21
Sophie [32] 0.70/1.43 0.76/1.67 0.54/1.24 0.30/0.63 0.38/0.78 0.54/1.15
Social-ways [30] 0.39/0.64 0.39/0.66 0.55/1.31 0.44/0.64 0.51/0.92 0.46/0.82
GAT [33] 0.68/1.29 0.68/1.40 0.57/1.29 0.29/0.60 0.37/0.75 0.52/1.07
STGAT [51] 0.70/1.35 0.37/0.67 0.59/1.23 0.35/0.69 0.31/0.64 0.47/0.92
Social-BiGAT [33] 0.69/1.29 0.49/1.01 0.55/1.32 0.30/0.62 0.36/0.75 0.48/1.00
NEXT [36] 0.73/1.65 0.30/0.59 0.60/1.27 0.38/0.81 0.31/0.68 0.46/1.00
TPNet-20 [37] 0.84/1.73 0.24/0.46 0.42/0.94 0.33/0.75 0.26/0.60 0.42/0.90
Social-STGCNN [46] 0.64/1.11 0.79/0.85 0.44/0.79 0.34/0.53 0.30/0.48 0.44/0.75

71, Social-ways 77/ ADE {1 5 FDE A 5] T 0.46
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