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Abstract—Vehicle trajectory prediction is essential in
ensuring the safe and efficient operation of advanced driver
assistance systems (ADAS) and autonomous vehicles (AVs), as it
enables highly efficient collision avoidance, path planning, and
traffic control. However, existing models for vehicle trajectory
prediction predominantly focus on limited driving scenarios,
resulting in limited applicability. To address this limitation, we
present a novel vehicle trajectory prediction approach that
employs a Convolutional Long Short-Term Memory (CNN-
LSTM) model, incorporating simulated environments and
vehicle dynamic time series data, including longitudinal,
vertical, and latitudinal position and acceleration. Our approach
is distinguished by its ability to handle diverse urban driving
scenarios, such as highways, roundabouts, intersections, and
turns, which enhances its applicability and generalizability. We
experimented and collected vehicle data from 17 drivers using a
stationary driving simulator and the Euro Truck Simulator
software. For the model implementation and validation, we
utilized Python 3.9 and Google Colab, as well as the Scikit-learn
library for Deep learning algorithms. The proposed CNN-LSTM
model leverages a convolutional layer to learn local patterns and
an LSTM layer to capture long-term temporal dependencies,
improving performance in predicting vehicle trajectories. The
experimental results demonstrate that the CNN-LSTM model
provides more accurate predictions for longitudinal and lateral
positions compared to traditional vehicle trajectory prediction
methods that employ LSTM and Recurrent Neural Network
(RNN). This research contributes to developing robust and
reliable vehicle trajectory prediction systems vital for ADAS and
AVs' safe and efficient operation. The proposed approach
broadens the applicability of trajectory prediction models,
enabling better-informed decision-making in various driving
conditions and ultimately improving road safety and efficiency
in the rapidly evolving field of autonomous transportation.

I. INTRODUCTION

Vehicle trajectory prediction is critical in developing
advanced driver assistance systems (ADAS) and autonomous
vehicles (AVs), as it ensures safe and efficient transportation.
Accurate prediction of human-driven vehicle trajectories is
vital for various applications, such as collision avoidance, path
planning, and traffic control [1]. The rapid evolution of sensing
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technologies, including GPS, LIDAR, and cameras, has led to
a surge in the availability of high-quality data related to
dynamic vehicle behaviour. Consequently, researchers have
explored deep learning techniques to exploit this wealth of
data for accurate vehicle trajectory prediction [2], [3].

In recent years, deep learning has demonstrated significant
potential for vehicle trajectory prediction [4], [5]. Deep
learning models, including Long Short-Term (LSTM) models,
have effectively captured intricate patterns and trends in data,
resulting in accurate predictions of a vehicle's future trajectory
[6] and motion [7], [8]. A key advantage of deep learning-
based models is their ability to handle time series data, which
is essential for capturing the sequential nature of vehicle
positions [9]. Several studies have reported the effectiveness
of deep learning models for vehicle trajectory prediction.
Benterki et al. [5] proposed a model employing LSTM and
Gated Recurrent Network (GRU) to predict vehicle
trajectories using historical GPS data and vehicle dynamics.
The model exhibited strong performance on the publicly
available Next-Generation Simulation (NGSIM) dataset,
which comprises real-world traffic data collected from various
US highways as part of the NGSIM program by the Federal
Highway Administration (FHWA) [10]. Similarly, Yang et al.
[11] developed a model using LSTM-RNNs for long-term
trajectory prediction based on vehicle dynamics and historical
GPS data, reporting high accuracy with the NGSIM dataset.

There has been some research on trajectory prediction that
relied on the NGSIM dataset to predict vehicle Trajectory [6],
[12]-[14]. However, these models' reliance on the NGSIM
dataset restricts their predictive capabilities to only highway
scenarios, excluding the complexity of roundabouts and
intersections of urban environments. In addition, other studies
have focused on specific driving scenarios using their own
datasets. Huang et al. [15] proposed an approach for predicting
driver trajectories in urban intersection scenarios. However, its
applicability is primarily confined to intersections, excluding
contexts such as highways and roundabouts. Considering these
limitations, developing trajectory prediction models that can
generalize across various driving conditions and scenarios,
such as highways, roundabouts, intersections, and turns, is
essential, thereby contributing to a more robust vehicle
trajectory. To address these limitations, this study proposes an
ego-vehicle trajectory prediction approach that utilizes
simulated environments and time series data of vehicle
positions. To do this, we conducted an experiment with 16
participants using a driving simulator. There are different
types of driving simulators, equipped with advanced motion
cueing algorithms, to create a realistic driving experience for



the participants [16]-[20]. In this study, we collected vehicle
data for diverse scenarios using a stationary driving simulator
and the Euro Truck Simulator software. The proposed method
employs a CNN-LSTM model, which has proven effective in
various applications, including solar radiance predictions [21]
and stock price forecasts [22]. In the CNN-LSTM model, the
convolutional layers are designed to learn local patterns and
structures in the time series data, such as short-term trends or
fluctuations. Subsequently, the extracted features are passed to
the LSTM layers, which capture the long-term temporal
dependencies in the data, enabling the prediction of future
positions as time series data. Furthermore, the dataset used in
this study includes left turns, lane changes, and intersections,
broadening the model's applicability beyond highway
scenarios to encompass a broader range of driving conditions
and situations. This approach enhances the generalizability
and robustness of the model. It contributes to the ongoing
efforts in the field to develop more comprehensive and reliable
vehicle trajectory prediction systems.

The organization of this paper is as follows: Section II
delves into the research methodology, encompassing data
collection Procedure, data preprocessing, and the proposed
model for predicting vehicle trajectory. The proposed model's
ability to generate accurate predictions is validated in Section
III. Finally, Section IV offers concluding observations.

II. RESEARCH MATERIALS AND METHODS

This section presents the data collection methods, the
proposed model description, data preprocessing and
preparation, the study's performance metrics, and the proposed
Convolutional Long Short-Term Memory (CNNLSTM)
model implementation.

A. Data Collection

This research employed a Next Level Racing Motion
Platform V3 to closely replicate realistic driving conditions,
providing participants with a high-quality experience [23]. To
ensure consistency across participants and avoid potential
motion sickness caused by unpredicted motion, the motion in
the platform was disabled during the study [24]. A Logitech
G920 Driving Force Racing Wheel was also used to simulate
authentic steering and braking [25]. The Eurotruck driving
simulator, modified for car usage, was chosen as the driving
simulator for this study [26]. Participants were offered a 180-
degree view through a triple-screen monitor setup, which
allowed for natural head movements and increased immersion
within the virtual environment. Moreover, Future studies will
consider incorporating a Universal Motion Simulator [27] and
a Motion Cueing Algorithm [28]-[34] for more accurate and
controlled simulation experiences. The experimental
configuration can be observed in Fig 1.

The vehicle dynamic data, including longitudinal, vertical,
and latitudinal position and acceleration, were collected
through Eurotruck driving simulator software for all
participants. Tobii Pro Glasses 2 [35] and an Equivital belt [36]
were employed as physiological sensors to collect further data
involving participants' physiological responses. However, the
primary focus of this study did not center on the participants'
physiological data, which will be reserved for future research.
This study involved 25 healthy participants aged between 19
and 40, with an average age of 32.7 and a standard deviation

Figure. 1. Experimental Setup

of 8.96. All participants possessed prior driving experience
and held full driver's licenses. Engaging participants with pre-
existing driving experience was crucial, as it ensured their
familiarity with fundamental driving mechanics. Before the
experiment, participants filled out questionnaires regarding
their driving experience and demographics. Additionally, they
were assessed for motion sickness using the Simulator
Sickness Questionnaire (SSQ) [37]-[39]. Participants prone to
motion sickness or those with severe vision problems were
excluded from the study. The research received approval from
Deakin University's Human Ethics Advisory Groups
(HEAGs). During the experiment, drivers were instructed to
navigate from one point to another using a provided map. The
chosen map featured various road conditions, including
highways, roundabouts, intersections, and turns, as depicted in
Fig 2.
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Figure. 2. Driving Map

B.  Model Description and Hyperparameters

The proposed model is based on CNN-LSTM. The basic
structure of a CNN-LSTM cell is similar to that of a traditional
LSTM cell. However, it includes convolutional and pooling
layers for feature extraction. The convolutional layer allows
the CNN-LSTM to learn spatial dependencies in the input data.
In contrast, the LSTM layer allows it to learn temporal
dependencies. CNN-LSTMs have been shown to perform
exceptionally well on various problems [21]. Each CNN-
LSTM unit contains an input gate, an output gate, and a forget
gate, similar to a regular LSTM. The input gate activation
vector and the memory cell state are calculated as follows:

it=oc(W_ixx_t+U_ixh_(t—1)+b_i) (1)



C~t=0Wocxxt+Uc*xh (t—1)+b_c) 2)

Here W_i, U_i, b_i, W_c, U_c, and b_c are the weights and
biases for the input gate and memory cell state, respectively.

The forget gate activation f_t is calculated using:
ft=c(W_fxxt+Uf+h (t—1)+b_f) 3)

which controls how much of the previous cell state is retained.
The current memory cell state C_t is then updated as follows:

Ct=ftxC(t—1)+it*C~t “)

where C_(t — 1) is the previous memory cell state. Finally,
the output gate O_t is calculated as follows:

Ot=0W.oxxt+Uoxh (t—1)+b_o) (5)

The output gate determines how much of the current cell
state is used to produce the output. The final output at each
time step h_t is computed as:

h_t = O_t » tanh(C_t) (6)

Our approach will train the CNN-LSTM based on a
historical data sequence and use a sliding window of 500
timesteps to predict future values. The manually optimized
hyperparameters for the CNN-LSTM model are summarized
in Table I. The model consists of 32 filters in the convolutional
layer with a kernel size of 3 and a Tanh activation function.
The LSTM layer has 64 hidden units and employs a Tanh
activation function. Other settings include a sequence length
of 500, a batch size of 32, a learning rate of 0.001, the Adam
optimizer, Mean Absolute Error as the loss function, and 50
epochs for training.

C. Data Preprocessing and Preparation

In this study, a total number of 25 participants was initially
recruited. However, upon further examination, eight
individuals were identified to have visual impairments and
reported experiencing motion sickness. Motion sickness
frequently occurs when there is a discrepancy between visual
input and the signals detected by the inner ear's vestibular
system [40]-[45]. Consequently, these participants were
excluded from the study, resulting in a final sample size of 17
subjects. The collected data from multiple subjects were
preprocessed before being used in the model. The data
preprocessing steps included data alignment, formatting, and
standardization. During data Alignment, data from each
subject were aligned in time to ensure that corresponding data

TABLEI

MODEL HYPER-PARAMETERS
Model Hyperparameter Value
Convolutional Layer Filter 32
Convolution Layer kernel size 3
Max pooling layers 3
Convolution Layer Activation Function Tanh
LSTM Hidden Units 64
LSTM Activation Function Tanh
Sequence length 500
Batch Size 32
Learning Rate 0.001
Optimizer Adam
Loss Function Mean Absolute Error
Epochs 50

points from different subjects could be compared and
combined. This step is crucial to ensure that the data is
comparable and useful for analysis. For this step, we used X,
Y, and Z positions within the map to pinpoint an exact location
within the map for all subjects. The dataset comprised 50,949
samples, partitioned into distinct subsets for various purposes.
Specifically, 70% of the data (35,664 samples) was allocated
for training, while 20% (10,190 samples) was reserved for
validation. The remaining 10% (5,095 samples) were utilized
for model evaluation and performance assessment.

1) Data Standardization

The Z Score, also known as the Standard Score, transforms
all values of a given attribute into a standardized range.
Standardizing variables is a common preprocessing step in
statistical analysis and machine learning and deep learning
models, as it helps reduce the impact of differences in scale
and range, leading to better model accuracy and
generalization. Formula 7 calculates the standardized value of
datapoint (x), referred as Z in the formula. The formula takes
the original value (x), subtracts the mean of the distribution
(1), and divides it by the standard deviation (o).

x—p
Z == (7)

After the data was aligned, formatted, and standardized, it
was combined by concatenating the data sets or each subject's
data. This step enables the use of data from multiple subjects
in the model.

2) Transforming data for supervised learning

The first crucial step after importing data is to ensure they
are in the appropriate shape and format for the model to learn
from them effectively. In this research, we aim to train a model
that can use 500 (25s) of historical data to predict the future
signal 5 seconds ahead accurately. We employed 500
historical samples, which form a sliding window, as the
number of historical data of the model considers predicting a
one-time step into the future. Once the model predicts the
future timestep, it shifts the data by one to achieve auto-
recursive prediction. It adds the predicted 5S00-time step to the
input, and this process continues for the length of the input
data. An example of the first input and output sequence is
presented in equations 8 and 9, respectively:

Pio Py Py Ay Ay Gy Txo  Tyo  Tm St b,
R I O R G (8)

Prsoo  Pyaos  Praoo  Grae  Gyagy  Gpaoo Txaso Tysse Tza09  Ssoo bsoo
[Pxsoo  Pysoo] )

Here P, Py, P, and a,, a,, a, denote the position and
acceleration signals in the longitudinal, lateral, and vertical
directions. After training the model, the testing data are
provided for evaluation. The model is then used to predict 100
timesteps in the future, corresponding to a 5-second prediction
horizon. Finally, the output data are converted to their original
form and compared with the actual data to assess the model's
performance.

D. Performance Metrics

The Root Mean Square Error (RMSE) and Pearson's
Correlation r quantify the model's performance. RMSE
measures the standard deviation of prediction errors,



indicating how closely the data points are clustered around the
best-fit line. At the same time, Pearson's r assesses the linear
relationship between two variables. The RMSE can be
calculated using the equation below:

’m 92
RMSE = MT’”) (10)

where j represents the index of the data point, while m
represents the total number of data points. represents the
actual/real observation at index j in the time series, and
represents the predicted observation at index j in the time
series. represents the total number of observations in the time
series. By utilizing the RMSE metric, we can evaluate the
accuracy of prediction models and determine the degree to
which their predictions deviate from the actual values [8].

1) Pearson Correlation coefficient (r)

The Pearson Correlation Coefficient (r) reflects the linear
relationship between two variables. A positive coefficient
suggests that one variable tends to increase or decrease in
tandem. Conversely, a negative coefficient implies that as one
variable's value rises, the other's value declines [8]. The
Pearson Correlation Coefficient (r) can be determined using
the equation below:

2(xi—%)(yi-y)

" Renroy)2 an

where x; donates the individual x-variable values within the
sample and x represents the average of all the x-variable
values. While y and y refer to individual y-variable values in
the sample and the average of all the y-variable values.

III. RESULTS AND DISCUSSION

Before This section presents a comparative analysis of the
proposed CNN-LSTM model for predicting vehicle
trajectories, benchmarked against other well-established time
series and vehicle trajectory prediction algorithms, including
LSTM and RNN. Initially, the computational loads for the
training of the proposed CNN-LSTM model and the other
algorithms are compared., Subsequently, the efficacy of these
models in accurately predicting vehicular trajectories is
thoroughly assessed by RMSE and r as performance metrics.

A. computational load performance and analysis

The results presented in Table II showcase the training times
of the different machine learning models applied to a dataset
consisting of vehicle data. The table compares the training
times of Long LSTM, RNN, and CNN-LSTM models. The
model was built using Python 3.9 and created within Google
Colab. This cloud-based computing platform allows users to
run Python code in a Jupyter notebook environment, with
access to a Tesla K80 GPU with 12 GB of memory.

Table IT shows that the LSTM model exhibits a training time
of 676.32 seconds, while the RNN model demonstrates a
considerably higher training time of 940.44 seconds. The
proposed CNN-LSTM model, on the other hand, was trained
in 690.11 seconds, which is slightly higher than the training
time of the LSTM model. The results indicate that both LSTM
and CNN-LSTM models demonstrate significantly lower
training times compared to the RNN model. This suggests that
these models may be more efficient in capturing the

relationships in the vehicle data, leading to faster convergence
during the training process. Additionally, the proposed CNN-
LSTM model, despite incorporating a convolutional layer, still
maintains a training time comparable to that of the LSTM
model. This highlights the potential of the proposed CNN-
LSTM model for vehicle trajectory prediction while keeping
computational costs relatively low.

TABLEII
MODELS TRAINING TIME IN SECONDS

Model Training Time Vehicle Data (s)
LSTM 676.32
RNN 940.44
CNN-LSTM 690.11

B.  Trajectory Prediction performance

The results presented in Table III compare the performance
of various deep-learning models for predicting vehicle
trajectories using vehicular data. The table compares the Root
Mean Square Error (RMSE) and the correlation coefficient (r)
for longitudinal and lateral position predictions using LSTM,
RNN, and CNN-LSTM models. The values presented in the
table are the average values for a 5-second prediction horizon.

Table III illustrates that the CNN-LSTM model outperforms
both LSTM and RNN models in terms of RMSE and r for both
longitudinal and lateral position predictions. Specifically, the
CNN-LSTM model achieves an RMSE of 0.35049 and an r
value of 0.89901 for longitudinal position prediction, resulting
in an RMSE of 0.0999 and an r value of 0.99342 for lateral
position prediction. The LSTM and RNN models demonstrate
higher RMSE values and lower r values for both longitudinal
and lateral position predictions. Furthermore, the proposed
model significantly outperforms previous studies [5] , [46] in
terms of prediction RMSE score for a 5-second prediction
horizon. However, it should be noted that this model did not
consider other vehicles and agents within the road as inputs to
the model. Fig 3 and Fig 4 illustrate the prediction of lateral
and longitudinal positions of the vehicle for five seconds in the
future.

These results indicate that the proposed CNN-LSTM model
better predicts vehicle trajectories using vehicular data,
including longitudinal, vertical, and lateral position and
acceleration signals. The incorporation of convolutional layers
in the CNN-LSTM results in improved accuracy for both
longitudinal and lateral position predictions. This highlights
the potential of the CNN-LSTM model as a robust and
effective method for vehicle trajectory prediction in various
applications, such as advanced driver assistance systems
(ADAS) and autonomous vehicles (AVs).

IV. CONCLUSIONS

This study presents a novel ego-vehicle trajectory prediction
approach using a CNN-LSTM model that transcends the
limitations of existing studies in predicting vehicle trajectory
in highway-specific scenarios. The proposed method
demonstrates versatility by encompassing a broader range of
urban driving conditions, including driving on highways,
roundabouts, intersections, and turns. We experimented and
collected vehicle data from 17 drivers using a driving
simulator and the Euro Truck Simulator software. After



TABLE III
PREDICTION PERFORMANCE
Vehicle trajectory (positions) prediction using
vehicular data
Category Longitudinal Position Lateral Position
RMSE r RMSE r
Deep LSTM 0.421012 | 0.82007 0.1889 0.99100
. RNN 0.593811 | 0.67095 0.1929 0.98901
Learning CNN-
Models LSTM 0.35049 0.89901 0.0999 0.99342
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Figure. 3. A comparison between the actual and predicted Lateral position
using CNN-LSTM.

implementing and training the proposed CNN-LSTM model
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Figure. 4. A comparison between the actual and predicted longitudinal
position using CNN-LSTM.

using the collected vehicle data, the experimental results
indicate that the proposed model outperforms both LSTM and
RNN models in terms of accuracy for longitudinal and lateral
position predictions. It should be noted that the computational
load of the proposed CNN-LSTM model for training is 690.11
seconds. By addressing the current research limitations, this
study contributes to developing a comprehensive and reliable
vehicle trajectory prediction model for advanced driver
assistance systems and autonomous vehicles.

Future research endeavors should focus on exploring
methods to generalize trajectory prediction models across a
diverse array of driving conditions and scenarios.
Additionally, integrating other data sources, including
physiological and environmental factors, could further
enhance the accuracy and robustness of the trajectory
prediction model. This would ultimately lead to the developing
of sophisticated and context-aware models that can adapt to a
wide variety of driving environments and situations, thereby
ensuring the safe and efficient operation of advanced driver
assistance systems and autonomous vehicles.

Furthermore, the utilization of more advanced motion
simulators, such as Universal Motion Simulator (UMS), with
state-of-the-art motion cueing algorithms [47]-[64] be
considered for future studies, as this approach could
substantially improve the realism of simulated driving
scenarios, thereby enhancing the testing and validation of

these trajectory prediction models under diverse, real-
worldlike driving conditions. In addition, other methods [7],
[65]—[68] for trajectory prediction can be used to explore their
effectiveness compared to the proposed method in this study.
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