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Introduction
In this paper we propose a deep learning model, i.e., step
attention, for accurate pedestrian trajectory prediction. The model
learns trajectory pattern directly, rather than manipulating with
layers or mechanisms to capture a certain kind of factor affecting
walking behavior like social interaction. The model is evaluated on
both public dataset and a private real-world dataset. Step attention
outperforms existing state-of-the-art algorithms including social
LSTM, social GAN and occupancy LSTM. We show that the
average displacement error on benchmark dataset of the proposed
method is 0.53 meters, which is within the length of one step of an
adult for 4.8-second prediction, and the corresponding final
displacement error is 1.72 meters. For the model, we show that the
average displacement error on the real-world dataset for 4-second
prediction is around 0.9 meters and for 6.5-second prediction the
error is is around 1.6 meters, which is considerably good for large
horizon trajectory prediction. We also show the model prediction
error increases approximately linearly as the prediction horizon
extends.

Architecture

Evaluation metrics with benchmark methods:
Ø average displacement error (ADE) : the average error of all

predicted 12-time steps
Ø final displacement error (FDE): the average of errors of all last

predicted time steps.
The results are shown in Table 1.

Table 1: Overall benchmark performance

Conclusions

Ø The proposed model outperforms existing state-of-the-art
methods in terms of average displacement error and final
displacement error, which are 0.53 meters and 1.72 meters.

Ø The result ADE is within one-step length on benchmark dataset.
Ø The proposed gains excellent performance in real-world

experiment, which is 1.6m for 6.5s prediction.
Ø Linear error propagation trend can be obtained with the

proposed model.

The model architecture is shown in Figure 1. It contains three main
parts: LSTM-RNN, Time-distributed kernel and GRU-RNN. Instead
of predicting a full trajectory, it predicts the position of next time
step, and do a sequential prediction.

Figure 1: Architecture of proposed step attention model

Methods ADE (m) FDE (m)

Social LSTM 0.68 2.1

Occupancy LSTM  1.1 3.12

Social GAN 0.56 2.11

Step Attention 0.53 1.72

Dataset Social LSTM  Social GAN  Occupancy LSTM  Step Attention
BIWI ETH 0.98/3.02 1.02/4.21 2.11/6.07 0.59/2.00

Crowds Zara 0.69/2.18 0.41/1.58 1.12/3.19 0.36/1.30
Crowds Univ. 0.77/2.46 0.53/2.26 1.53/4.58 0.51/1.88

Drone 1 0.45/1.35 0.35/1.29 0.61/1.73 0.29  /   1.03  
Drone 2  0.84/2.68 0.62/2.38 1.26/3.60 0.56  /   1.92  
Drone  3 2.66/8.80 1.73/8.18 4.16/10.14 1.28  /   5.71  
Drone 4  0.80/2.66 0.70/2.92 1.24/3.48 0.53  /   1.85  
Drone 5  0.48/1.51 0.31/1.18 0.68/1.97 0.25  /   0.88  
Drone 6  0.57/1.76 0.51/1.86 0.91/2.60 0.38  /   1.32  
Drone 7  1.28/4.17 1.35/4.85 2.54/6.81 0.97  /   3.39  
Drone 8  0.68/1.61 0.60/2.14 0.92/1.97 0.23  /   0.70  
Drone 9   0.81/2.49 0.53/2.21 1.41/4.00 0.46  /   1.64  

Drone 10   0.68/2.06 3.27/3.98 1.17/3.36 0.35  /   1.21  
Drone 11  0.59/2.01 0.44/1.73 1.06/3.20 0.30  /   1.07  
Drone 12  0.68/2.10 0.46/1.81 1.15/3.25 0.42  /   1.43  
Drone 13   0.74/2.31 0.52 /2.04 0.93/2.61 0.55/   1.80
Drone 14 0.72/   2.22 0.63 /2.50 1.25/3.62 1.36/3.81  
Drone 15   0.72/2.24 0.57/2.23 1.11/3.15 0.44  /   1.48  
Drone 16   0.29/0.95 0.17 /0.94 0.56/1.56 0.20/   0.71
Drone 17  0.69/2.17 0.56/2.33 1.12/3.13 0.42  /   1.41   

As the benchmark dataset contains multiple sub-dataset. The detailed
performance results for each sub-dataset are shown in Table 2. The
results are shown in the form of (ADE/FDE) for each sub-dataset. Best
performance in ADE and FDE are colored in blue for each sub-dataset.

Table 2: Detailed benchmark performance on sub-datasets

Figure 3: Average displacement error at 
each time step for 6.5-second prediction

For 4-second prediction, the 
ADE of the proposed model is 
about 0.9 meters, which is 
within one-step length, and for 
6.5-second prediction, the 
average displacement error is 
around 1.6 meters. In the 
figure, an approximately linear 
error propagation trend can 
also be detected.

The model uses a sequential prediction approach to generate
future trajectories. Through which we can freely control the length
of prediction horizon, which an be desirable for real-world
applications to accommodate different application scenarios.

Results

Showcasing the performance on real-world data of the  model: 

Real-world performance


