Forecasting from LIiDAR via Future Object Detection

Neehar Peri, Jonathon Luiten, Mengtian Li, AljoSa OSep, Laura Leal-Taixé, Deva Ramanan

ROBOTICS
INSTITUTE

Network Architecture

Forecasting Pipeline

Future Object Detection

a) Detect, Track, Forecast . . . dar Soquence
| . , , L1DAR Sequence Object Detection Detection @7~ Detection @ T+ Detection @ T+
LiDAR Sequence Detection Tracking Forecasting ) backbe
| b / 4:) * PE==r = - Hl == = -
Akt o | = 2= 2 =l . .
n @ v 4 NN X ""‘" Y- -1 _ — * Instead of training a car detector, we train an N-class
b) This Work: Forecasting as Future Object Detection - e -.t—l-‘l - _t:2 o7 (currentCar, ..., futureCar}detector
LiDAR Sequence I\If,lgizc:;ﬁrge il = . .
. Backcasting + Matching
(Future) Object | : , : : : ST : T
Detection + » * (Quven future object detections, one could produce trajectories using “tracking by association
| Backcasting & - 1 * Instead of one-to-one association with bipartite matching, model multiple futures with many-to-one matching g = 7
E il
. g 0 "B e
* Instead of joint detection, tracking, and forecasting, we EX p erimenta l R esu lt S i j g Loy
perform joint forecasting-by-detection g = g y
: : : . ¥, H
* We Ircpurposc the machlnery of ObJCCt detection for ADE@60 (|) FDEG60 (1) ADE@QOO0 (1) FDEQY0 (}) ADE avg. (1) FDE avg. (}) Apftat°(T) APchm’(T) Ap}lon—lzn.(,r) mAP;(1) E g = |
. . ; :
forecasting by future object detection Constant Position (CP) 0.38 0.63 0.48 0.76 0.37 0.64 66.3 0 0 22.1 |
* We allow for multiple future prediction and back-casting PnPNet [33] 0.58 0.93 0.68 1.04 - - - - - _ !
PnPNet w/o Tracker [33] 0.69 1.09 0.75 1.14 - - - - - - EI
Trajectron++ [43] 1.13 2.54 1.25 2.71 1.08 2.42 59.2 8.1 2.8 23.4 /
. = . SPF2 [49] . . . . 1.04 1.04 - - - - L
FO reca St N g Ave 'a g e P recision Fast and Furious* (FaF) [37]  0.74 1.59 0.83 1.69 0.73 1.56 64.8 22.2 7.5 31.5
We simply extend Average Precision for the task of forecasting. K=l K=3 i . \% ;8
» A predicted forecast is a true positive if the center-distance on AP AP APReRe mAP APkt AP PR mAP \‘;k B B g SN g
: : g . : ’ 4] ¢
current and future timestep 1s within distance threshold AP,, AP; AP,, AP; AP,, AP; mAP,, mAP; AP,, AP; AP,. AP; AP,. AP; mAP,, mAP; 3 L\ ! [; :é
* We evaluate multiple futures by taking minimum FDE across
g Catipns Y S Detection + Constant Velocity 70.3 66.0 65.8 212 90.0 65 754 312 703 66.0 658 212 900 65 754 31p E—— % =
Op-K 1UUIe 10Catlo Detection + Forecast (cf. [37]) 69.1 64.7 66.1 22.2 863 7.5 738 315 69.1 647 66.1 222 8.3 7.5 738 3I. e : é
Trajectron++ [43] 703 59.2 658 8.1 900 28 754 234 703 617 658 98 90.0 43 754 253 f
FutureDet 70.1 655 629 249 918 101 749 3335 701 67.3 629 2777 9177 11.7 749 35.6 ; b
FutureDet-PointPillars 70.1 64.1 634 248 924 96 754 328 70.7 67.5 634 288 92.0 11.9 754 36.1
_ - \" FutureDet + Map 70.2 655 62.77 243 9177 94 749 331 702 67.5 627 27.1 9177 11.0 749 35.2
’ \
. . Ground High Conf. Multiple
Missed Forecast False Forecast True Positive : : 51
Full paper & code are available at arxiv.org/abs/2203.16297 Truth Prediction Futures



https://arxiv.org/abs/2203.16297

