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1. Recurrent Neural Network (RNN)

2. Auto Regressive (AR)

3. Moving Average (MA)

4. Auto Regressive Moving Average (ARMA)
5. Auto Regressive Integrated Moving Average
(ARIMA)

6. Support Vector Machine (SVM)

7. Long — Short Term Memory (LSTM)

8. Gated Recurrent Unit (GRU)

9. Attention Mechanism

10. Artificial Neural Network (ANN)

11. Stochastic Gradient Descent (SGD)

12. Back Propagation (BP)

13. Exploding Gradient

14. Vanishing Gradient

15. Input Gate

16. Forget Gate

17. Output Gate

18. Cell State

19. Bias

20. Back Propagation Through Time (BPTT)
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ABSTRACT
In today's world, artificial intelligence has emerged as an undeniably powerful factor in all

human affairs. This intelligence is trained and applied using neural network algorithms and big
data. Over time, different types of neural networks have been introduced and developed for
various applications, one of which is the Recurrent Neural Network (RNN). Due to its
architecture and structure, the RNN model demonstrates acceptable performance on time series
data—data in which different features of a phenomenon are recorded at fixed time steps.
In transportation, there are many cases of time series data, such as the volume of traffic passing
through a specific point at fixed intervals; the number, gender, and other characteristics of
subway passengers at different times of the day and night; and movement characteristics such
as the position, speed, and acceleration of a traffic agent (e.g., a pedestrian) at any given moment
on the sidewalk. The last case, which involves the records and history of pedestrian movement
characteristics, forms the basis of this research. In this paper, we use three subsets of RNN—
namely Vanilla LSTM, Stacked LSTM, and GRU models—to predict pedestrian trajectories.
The main goals of this research are, first, to estimate the future position of a pedestrian in order
to identify and eliminate hazardous conditions in interactions between pedestrians and
autonomous systems (such as delivery robots) on sidewalks, and second, to examine the
performance of these three models on time series data. The results show that in the short-term
prediction horizon, the GRU model performs better than the other models. However, as the
prediction horizon increases and the data become more complex, the Stacked LSTM model
outperforms the others.

Keywords: Trajectory Prediction, Time Series Data, Recurrent Neural Network, LSTM,
GRU
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