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Contributions

We propose a novel multi-task learning architecture called VP-LSTM to jointly
predict the kinematic trajectories of both vehicles and pedestrians simultane-
ously 1n vehicle-pedestrian-mixed scenes:

e Vehicles are treated as rigid bodies (i1.e., represented with oriented bounding
boxs, OBBs) and optimized by adopting the four-variate Gaussian distribution.

e Pedestrians are treated as particles and optimized by adopting the bivariate
Gaussian distribution.

We introduce a large-scale and high-quality trajectory dataset for both heteroge-
neous vehicles and pedestrians under different tratfic densities (BJI and TJI).

Motivations

Essential components are not well considered 1n existing research of trajectory pre-
diction, especially 1in vehicle-pedestrian-mixed scenes:

¢ heterogeneous 1nteractions: human-human, human-vehicle, and vehicle-vehicle,
e pedestrians as particles to describe their free movements,
e vehicles as rigid non-particle objects to describe their size,

e combination of positions and orientations to describe the accurate kinematic tra-
jectories of heterogeneous vehicles.

Goal: To predict the Kinematic trajectories for all heterogeneous agents in
vehicle-pedestrian-mixed scenes jointly and simultaneously.
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-igure: The vehicle a and pedestrian b in gray dash box have similar interactions with surrounding
nedestrians. b walks freely to avoid collisions with d. However, the vehicle a, limited with
Kinematics, stops to avoid collisions with c.
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Formulation

e Pedestrians. The input/output trajectory of a
pedestrian p' (i € [1,N]) is a sequence formed
of consecutive positions x! = (x,y):.

e Vehicles are represented with OBBs. The input
trajectory of vehicle v/(j € [1,M]) is noted to

a temporal sequence of the four vertices on the

OBB (P} = {P}, P}, P},,P }). We exploit
J

the positions y; = (x,y); and orientations a; =
(04, @); as the output trajectory of v/ at step ¢.

Mixed Social Pooling

ht(p ) (hlgv’j )) are the hidden states of p’ (v/) after LSTMs. We build occupancy map
VO and PO for both vehicles and pedestrians to share interactions. The pooling

occurs on vehicle v/ as follows:

Ht(vp’j)(m,nﬁ) =) ht(faf)7 Ht(w’j)(m,n,:) -y hEEll)‘ (1)
kePO{_1 leVOtj |
o = o(H" W), ™ = (™ wip). (2)
et(vP 7 and et(w’j ) are the vehicle-human and vehicle-vehicle interactions. As for

pp,i

pedestrian p’, the human-human (et( )) and human-vehicle (et(p V’i)) Interactions

are obtained 1n a similar way.

Recursion for VP-LSTM. Recursion equations for pedestrian p' and vehicle v/ are
as follows:

ht(p’l) — LSTM( ht(f,i)7 et(x’l), et(pp,l)7 et(pv,l)jwl?STM) A
V,. Vv. Pa. V,. VV,. 1%
ht( 2 — LSTM(ht(_{)a et( ])7 et( P J)7 et( ])7 WLSTM)

Optimization

To train the entire network end-to-end by minimizing respective objectives:

¢ Pedestrians exploit a bivariate Gaussian distribution (d = 2) to predict the posi-

tion X! = (£,9)!. Optimize the mean ut(p i) — (Uy, uy)t(p ) the standard deviation
Gt(p i) — (O, Gy)t(p ’l), and the correlation coefficient pt(p ) [2].

* Vehicles exploit a four dimensional Gaussian multivariate distribution (d=4) to
predict the position §/ = (£,9); and orientation &/ = (d,,d,);. We use the
Cholesky factorization [4] to obtain the distribution by optimizing the values

GLt(V’j )in L (4 x 4 upper triangular matrix) and mean parameters.

Displacements Prediction. The predicted kinematic trajectories of pedestrians and
vehicles at ¢ are respectively given by:

(£,9) ~ A (P 67D plPDY (%9, 0, 00) ~ A (0,7, (4

Quantitative Evaluation

¢ Positions of vehicles/pedestrians: ADE, EDE. | T

» Orientation of vehicles: ADEq, FDEg. P, (P’ ) ADFL. E [y e |
1s the real (predicted) midpoint of the front of 0~ MTpred
OBB oriented.

Metric Dataset V-LSTM [1] S-LSTM [1] SGAN [3] VP-LSTM

Table: Quantitative results for ADE NGSIM 34.01/40.00/11.73/15.16 4.56/6.52 2.19/2.99

the vehicles only in NGSIM. Met- FDE  NGSIM 43.87/52.64 20.03/23.64 9.13/10.99 3.70/ 5.20

rics for Tyreq = 8/12 are reported ADEo NGSIM 33.89/39.87 12.68/15.75 5.26/7.52 3.29/4.00

in feet. FDEg NGSIM 43.77/52.50 22.59/24.95 11.07/13.10 4.88 / 6.22

Table: Quantitative results for objects in BJI and TJI. Metrics for T},..q = 8/12 are reported in pixels.

Metric Dataset Agent  V-LSTM [1] S-LSTM [1] SGAN [3]  VP-LSTM
Vehicle 66.69/8548 29.05/51.41 20.21/24.65 16.38/24.33

ADE BJI Pedestrian 34.70/4891 @ 25.26/46.89 17.82/20.33 4.92/6.39
Average @ 44.13/62.09 @ 26.88/48.49 18.64/22.53 8.58/12.72
Vehicle 142.17/18593 46.17/85.52 26.82/39.86 22.38/29.79

ADE @ TJI Pedestrian 115.44/13597 41.19/75.55 19.81/25.89 7.42/9.12
Average 125.27/154.31 43.13/79.22 24.42/34.73 13.43/17.32
Vehicle 114.11/152.91 61.49/126.03 38.36/44.68 31.27 / 43.60

FDE BJI Pedestrian 54.64/81.72 56.93/111.05 32.57/40.52 7.55/10.44
Average 72.17/107.38 58.54/116.47 35.00/42.62 15.11/23.47
Vehicle 215.94/303.54 103.67/203.90 48.22 /56.95 35.38 / 49.31
FDE TJI Pedestrian 156.29/192.92 92.55/177.10 39.98/49.31 10.53/13.90
Average 178.21/233.52 9691/ 186.97 43.42/55.43 20.51/27.95
ADE, BJI vehicle 65.51/83.78 @ 42.55/65.70 27.56/33.47 26.65/32.49
TJI vehicle 140.52/183.60 50.35/88.44 29.69/38.65 26.15/33.69
FDE, BJ1 vehicle 112.01/149.81 76.18/135.49 43.61/49.59 40.61 / 48.02
TJI vehicle 213.04/299.39 105.94 /203.24 50.94 / 64.49 38.93 / 52.73
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Qualitative Evaluation

observed predicted ground truth observed predicted  ground truth

destr1 1
pieisicrlljn vehicle |:| I:l I:I

VP-LSTM VP-LSTM SGAN SGAN
vehicle .()})_seir_vled ground truth  predicted pedestrian observed ground truth  predicted
_— =
/ / ’
R4 e,
/ — nd
VP-LSTM VP-LSTM
o
Dataset Details
Table: The specifications of our dataset. |
Property Scenariol | Scenario II "
Dataset name BJI TJI % i %
City Beijing Tianjin % 9 E =1
Latitude 40.219049N | 39.120511N \"%;lll'lEﬂlllmi-‘t‘llléiir;/
Longitude 116.220789E 117.173421E b
Traffic density Low High
Height of drone (meter) 74 121
Resolution (pixel) 3840x2160  3840x2160
Total video duration 39°58” 22°017
Frame rate (fps) 30 30
Annotated frame number 23498 8000
Annotated frame rate (fps) 10 6
Annotated Walking 1336 690
pedestrian Bike & Motor 1689 2690
number Total 3025 3380
Average pedestrian number per frame 29 46
Max pedestrian number per frame 67 105
Annotated Auto 2581 3523
vehicle Bgs & Truck 82 170
Tumber Articulated bus 92 30
Total 27755 3723
Average vehicle number per frame 19 34
Max vehicle number per frame 33 63
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