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Introduction

Challenges in motion forecasting:

BEV

e Partial Scene Understanding: Uncertainty in sensor data, Occlusions .
e Complex behavior of agents ‘ Yo bl DynanieCrd
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e Multiple feasible futures M oo
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Existing prediction methods using Occupancy Grid Maps (OGMs) . ComisTv — [ | sev. ||

primarily focus on agent-agnostic scene prediction while l T i}

agent-specific predictions provide specialized behavior insights with ' S N\ sample Vebicle Grids ~ Scane Flow
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Dynamic Occupancy Grid Maps (DOGMs)

The prediction architecture takes inspiration from video prediction,
conditional variational approach and skip connection architecture.

e Bird's-eye-view grid
Loss function:

e Efficient sensor fusion
L= Lper
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e Real-time computation

e No confidence thresholding

e No semantic information Lidar based DOGM ™ Unknown = Static
Dynamic m Free

Input: DOGM with Semantics (1s)

Agents present: Vehicles, Bicycle, Pedestrians
Errors in vehicle segmentation coming from

Semantic Information

e BEV features encoded from Camera Images ol o
the scene representation in input sequence
e Fused with Occupancy State Grid DOGM State Grid Vehicle Grid
I Detection Grids
E: e Identifies

i) static and dynamic vehicles
ii) agent-agnostic dynamic cells

—> ‘
Encoder
BEV
Feature Map BEV
Decoder
Spatial

: B Ground Truth Predicti i1

Encoder Vehicle Vehicle Grid Dynamic Grid rediction True Positive
C:Concatenate t=0.0s  t=2.5s o ]
E oE Prediction Grids (2.5s)
Co ntri b utio N —-— e Prediction of vehicles and scene flow
| ||\| \ e Prediction of OGM (static vehicle
. , , , h W occupancy despite segmentation error)
e A Multi-Task Framework that predicts segmentation grids, e Diverse predictions of dynamic entities
occupancy grids and flow grids to represent scene evolution Vehicle Grid (t=0-2.5s) with the backward flow

Ground Truth Prediction
e Novel Approach to combine the Agent Specific Behaviour Prediction

and Agent Agnostic Motion Prediction

DOGM Prediction with
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Quantitative Results

Experiments are conducted on Nuscenes & Lyft datasets with grid

Flow Grid (t=2.5s)

dimension of 60x60m. For training, the grid images are resized to 240x240 1
pixels. In total, NuScenes dataset has 23K training and 5K validation CO“CIUS'O“S
sequences. Lyft dataset has 7K training and 2K validation sequences. DOGMSs, semantic grids, and flow grids provide complementary and
Evaluation of vehicle semantic grid prediction compared to video prediction redundant scene information, collectively enhancing prediction results,
methods PredRNN [3] and PredNet (4] learning patterns and behaviours based on the observable static scene
TABLE 1 and motion of dynamic agents. Evaluation on real-world dataset show
VEHICLE SEMANTIC GRID PREDICTION improved ability to predict vehicle motion compared to baseline video

prediction methods with DOGMs.

NuScenes Dataset

PredRNN 0.397 0.599 0.444 Refe re n Ces

PredNet 0.440 0.512 0.177 [1] L. Rummelhard, et al. “A cross-prediction, hidden-state-augmented approach for dynamic
Ours 0.365 0.670 0.541 occupancy grid filtering,” in ICARCV, 2022.
Lyft Dataset [2] A. Hu, et al. “FIERY: Future instance segmentation in bird’'s-eye view from surround monocular
Network  soft-IoU (1) soft-IoGT (1) soft-lToGT-Dynamic (1) cameras,” in ICCV, 2021.
PredRNN 0.446 0.594 0.502 [3] Wang, Y., et al. “Predrnn: A recurrent neural network for spatiotemporal predictive learning” in IEEE
PredNet 0.493 0.564 0.382 o Lt et o o e g -
'y S 0398 0.627 0.533 otter, W,, et al. (2016). Deep predictive coding networks for video prediction and unsupervise

learning. arXiv preprint arXiv:1605.08104.




