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Abstract

1. New problem: We introduce Multiple Object 
Forecasting (MOF), a new formulation of the 
trajectory forecasting problem.

2. New dataset: We introduce Citywalks, a 
challenging dataset for MOF with considerably more 
variety than existing datasets.

3. New model: We propose STED, a Spatio-
Temporal Encoder-Decoder model for MOF which 
combines visual and temporal features. 

Our contributions

- We extend multiple 
object tracking to 
multiple object 
forecasting

- Given the past 1 second 
of person bounding 
boxes, we predict the 
future 2 seconds of 
bounding boxes.

Our dataset: Citywalks
- The Citywalks dataset for Multiple Object 

Forecasting consists of footage from a handheld 
camera.

- We use the result of object detection and 
tracking algorithms as ground truth. 

Our model: STED

Video clips 358
Resolution 1280 × 720
Frame rate 30hz
Clip length 20 seconds

Unique pedestrian tracks 3623
Unique cities 21

Object Detectors YOLO [1] & Mask-RCNN [2]

Dataset statistics

- Our Spatio-Temporal Encoder-Decoder (STED) model uses a GRU and CNN to extract 
features from past bounding boxes and optical flow, and another GRU for prediction.

- Our experiments show the extracted features are complementary, and STED outperforms prior 
state-of-the-art methods adapted for Multiple Object Forecasting.

Qualitative results 
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- Visualization of 
ground truth,
constant 
velocity/scale, and
STED bounding box 
prediction.

- STED anticipates 
non-linear changes 
in velocity and 
scale. 

Quantitative results 
Model YOLOv3 Mask-RCNN

ADE/FDE ↓ AIOU/FIOU ↑ ADE/FDE ↓ AIOU/FIOU ↑
Constant velocity 32.9/60.5 51.4/26.7 31.6/57.6 46.0/21.3

Linear Kalman filter 34.3/62.1 49.1/25.5 32.9/59.0 43.9/20.1
DTP [12] 28.7/52.4 -/- 26.7/48.5 -/-
FPL [4] 30.2/53.4 -/- 28.6/49.8 -/-

DTP-MOF [12] 29.0/52.2 54.6/30.8 27.3/49.2 49.6/25.1
FPL-MOF [4] 31.6/55.7 53.0/30.9 29.3/51.0 44.9/22.6

STED 27.4/49.8 56.8/32.9 26.0/46.9 51.8/27.5

- STED outperforms existing methods in terms of Average 
Displacement Error (ADE), Final Displacement Error 
(FDE), Average Intersection Over Union (AIOU), and 
Final Intersection Over Union (FIOU)
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