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[Abstract]

In this paper, we propose a system to predict the GPS trajectory of a pedestrian based on a deep
learning model. Pedestrian trajectory prediction is a study that can prevent pedestrian danger and
collision situations through notifications, and has an impact on business such as various marketing. In
addition, it can be used not only for pedestrians but also for path prediction of unmanned
transportation, which is receiving a lot of spotlight. Among various trajectory prediction methods, this
paper is a study of trajectory prediction using GPS data. It is a deep learning model-based study that
predicts the next route by learning the GPS trajectory of pedestrians, which is time series data. In this
paper, we presented a data set construction method that allows the deep learning model to learn the
GPS route of pedestrians, and proposes a trajectory prediction deep learning model that does not have
large restrictions on the prediction range. The parameters suitable for the trajectory prediction deep

learning model of this study are presented, and the model’s test performance are presented.
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I. Introduction
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II. Preliminaries

1. Time-series Regression Related Works
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Fig. 2. Support Vector Machine model

2. Trajectory Prediction Related Works

1.1 Image-based path prediction deep learning
model study
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Fig. 3. Example of image—based path prediction research

1.2 GPS-based path prediction deep learning
model study
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III. The Proposed Scheme

Fig. 5. Our train data structure

1. Dataset
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2.3 Deep Learning Model Hyperparameter
Configuration
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3. Model Evaluation

3.1 Performance of Our Trajectory prediction
model
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Table 1. Deep learning model performance table
according to look_back length
look_back tl;re:;"(r; i:g) MSE Accuracy(%)
10 40.8642 0.01167 98.40
30 51.6841 0.01032 98.67
50 77.1403 0.01016 97.61
70 98.1449 0.00964 98.58

Table 2. Deep Learning Model Performance Table
by Forward_length
(look_back=30)

5 80.9846 0.019315 97.83
10 80.3256 0.021425 96.70
15 77.3833 0.022491 96.53
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3.2 Presenting the performance of this path
prediction model
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Table 3. Time Series Prediction Deep Learning
Model Performance Comparison Table
(look_back=10)

Model tl;re;‘a;"(r::g) MSE Accuracy(%)
RNN 117.2651 0.00956 97.60
GRU 37.7784 0.00960 97.76
Ours 40.8642 0.011960 98.40

Table 4. Time Series Prediction Deep Learning
Model Performance Comparison Table
(look_back=30)

Learning
time(sec)

300.0525
51.9646
51.6841

Model MSE Accuracy(%)

RNN
GRU

Ours

0.00729
0.00687
0.01032

97.68
97.52
98.67

IV. Conclusions
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