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ABSTRACT

Accurate. vehicle velocity forecasting reduces energy consumption and improves the safety of intelligent
vehicles. Considering the available data in intelligent transportation systems and the capability of deep neural
networks to exploit these data, an intelligent velocity forecasting method based on deep neural networks is
proposed. Velocity forecasting’is performed using the velocity history of the target vehicle and its preceding
vehicles. To enhance forecasting accuracy, a novel normalization method for vehicle velocity data is introduced,
which leads to a reduction in prediction error. Furthermore, to address practical driving challenges, uncertainty
in the available length of velocity history.and the number of preceding vehicles is incorporated into the proposed
method. In this study, velocity forecasting is conducted with a very short time step, which is more challenging and
has not been reported in previous studies. The velocity forecasting models are trained using real-world highway
data. The results demonstrate that the proposed method achieves higher accuracy, particularly in the initial time
steps, and is free of offset. Moreover, unlike existing studies, velocity forecasting remains feasible even in the
absence of a preceding vehicle, and the prediction/accuracy-under this condition exceeds that of conventional
analytical methods. The mean absolute prediction error over a six-second horizon using the proposed method is
0.2410 m/s, representing the prediction error reduction of at least a 29.30% compared to analytical models and at

least 13.18% compared to cases without the proposed normalization.
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1. Introduction

Vehicle velocity forecasting is a key component in
connected automated vehicles, particularly for energy
management [1] and predictive cruise control [2]. In car-
following,scenarios, accurately predicting the preceding
vehicle’s velocity is critical, as it directly influences the
follower’s behavior and energy consumption [3].

Existing methads include analytical, statistical, and
data-driven approaches. Analytical methods such as
constant velocity and acceleration perform well short
term butwdegrade over “longer horizons. Data-driven
approaches,<ncluding deep«neural networks (DNN) [4,
5], long short-term memory (LSTM) networks [4] and
gated recurrent unit(GRU) [6], generally achieve better
performance.

Despite progress, velocity ™ forecasting remains
challenging due to high uncertainty, especially with short
time steps that require capturing small variations over
long horizons. Incorporating infarmation from preceding
vehicles can improve accuracy. [4; 6].

This study proposes a velocity forecasting method
using the velocity history of a target vehicle and up to
four preceding vehicles, explicitly accounting for
uncertainty. Unlike typical data-driven methods with
large time steps and short horizons, the proposed
approach uses a 6-second horizon with a 0.04-second
step and introduces a tailored normalization method.
Combined with an appropriate model, this approach
outperforms existing methods.

2. Dataset description and Data preparation

The highD dataset [7], a large-scale highway vehicle
trajectory dataset, is used in this study.

It is assumed that preceding vehicle data are available via
V2V communication. Velocity histories of the target
vehicle and up to four preceding vehicles over a 10-
second interval are extracted. Using a 1-second sliding
window, a dataset of 21,969 samples from 2,564 vehicles
is generated, with a time step of 0.04 seconds.

A new normalization method, called special
normalization, is proposed to better match the problem
characteristics and improve forecasting accuracy. In this
approach, the target variable (future velocity) is
expressed as a relative velocity with respect to the latest
velocity of the target vehicle, while input velocity
histories remain unchanged. The normalized target data
are computed using Equation (1).

Vi kei = Vg — Voo (i=01.,n) (1)

Where Vi s and Vi are the normalized and raw

velocity of the target vehicle at time step K+1 and n is
number of time steps.

3. Velocity forecasting models

In this study, three data-driven approaches, deep neural
networks (DNN), long short-term memory (LSTM)
networks, and gated recurrent units (GRU), are employed
for velocity forecasting. In addition, constant velocity,
constant acceleration, and exponential decay acceleration
models are considered as baseline analytical methods.

The performance of the forecasting models is
evaluated using the mean absolute error (MAE), while
the training loss is defined based on the mean squared
error (MSE).

4. Results and Discussion

In this study, the three data-driven models are trained on
two datasets. The first is the dataset processed using the
special normalization method, and the second is the raw
velocity dataset without any normalization. In addition,
the three analytical methods mentioned are used as
baseline comparisons. The dataset is split into training,
validation, and test sets, comprising 60%, 10%, and 20%
of the data, respectively, with minimal overlap between
the _sets. After training all models with appropriately
tuned hyperparameters, the performance of all models is
evaluated on the test set.

As shown in Table 1, the velocity forecasting model
based on gated recurrent units (GRU) trained on the
normalizedrdataset achieves the lowest error in both the
6-"and«2-second horizons. In the 6-second horizon, the
forecasting error ofthe GRU model compared to constant
velocity, constant acceleration, and variable acceleration
models is‘reduced by 58.12%, 33.18%, and 24.30%,
respectively. Furthermore, the GRU model trained on
normalized data achieves 13.18% lower error than the
long short-term memory (LSTM) model trained on raw
data, which is the best-performing model among those
trained on raw data.

Although models trained on raw" data show
comparable performance to those trained on.normalized
data in terms of average error, their” performance
degrades in the short term, particularly during the initial
time steps. As shown in Table 1, models trained onfraw
data can exhibit significantly higher errors in thefirst step
or the first few steps. It is evident that this’early-stage
error behavior is a key limitation of models trained
without normalization.



Table 1. Mean absolute error of velocity forecasting in
6.and 2 seconds and maximum forecasting error of
first step on the entire test dataset.

Model Prediction | Prediction | Maximum Mean
in six in two errorin absolute
second second first step error in
first step
LSTM 0.2499 0.0613 0.0434 0.0043
LSTig 0.2776 0.1309 1.5794 0.1212
Raw
GRU 0.2410 0.0578 0.0336 0.0044
GRU- 0.2970 0.1624 1.5127 0.1817
Raw
DNN 0.3240 0.1311 0.0642 0.0073
DNN- 1 3686 0.1793 1.4332 0.1420
Raw
CcVv 0.5761 0.1931 0.0900 0.0080
CA 0.3641 0.0603 0.0120 0.0036
EDA 0.3409 0.591 0.0120 0.0036

Figure 1 shows velocity forecasting results for
different models. Data-driven models capture trends
more accurately than analytical methods. Models trained
on raw data exhibit a noticeable offset (Figure 1a), while
those trained on normalized data achieve higher accuracy
in both short- and long-term predictions.

Time 0 Time 5}
@ (5)

Figure 1. Velocity forecasting plot of six trained models
and constant velocity, constant acceleration and
exponential decay acceleration methos in: (a) low
velocity scenario, (b) high speed scenario.

5. Conclusions

In this study, multiple deep learning models are
evaluated using both normalized and raw datasets for
highway vehicle velocity forecasting. A prediction model
based on the velocity history of the target and its
preceding vehicles is proposed.

Velocity data are first processed using the proposed
normalization method, and models are trained with a
0.04-second time step. The combination of special

normalization, suitable neural networks, and preceding
vehicle information significantly improves accuracy.
Models trained on normalized data outperform those
using raw data, showing minimal initial offset and lower
prediction error. Additionally, the approach remains
effective even without full preceding vehicle history and
is robust to variations in the number of preceding vehicle
inputs.

The gated recurrent unit (GRU) was the best-
performing model among the tested methods and
achieved the lowest forecasting error. The mean absolute
error of its predictions in the 6-second and 2-second
horizons is 0.2410 m/s and 0.0578 m/s, respectively. The
prediction error in the 6-second horizon is reduced by
58.12%, 33.18%, and 24.30% compared to constant
velocity, constant acceleration, and variable acceleration
models, respectively. The forecasting error is also
13.18% lower than that of models trained on raw data.
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Fig. 1. Schematic of the vehicles used for velocity forecasting, based on the velocity histories of the target vehicle
and its preceding vehicles.
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Table 1. Training hyperparameters of the models.
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Table 2. Final Root Mean Squared Error (RMSE) of the trained models.
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Fig. 5. Training and validation loss curves for different neuralnetwork models: (a) LSTM, (b) LSTM-Raw, (c) GRU, (d)
GRU-Raw, (e) DNN, and (f) DNN-Raw.
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Table 3. Mean absolute error (MAE) of velocity forecasting at 2 s and 6 s prediction horizons, and maximum one-
step-ahead prediction error on the test dataset.
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Fig. 6. Velocity forecasting plots of six trained models and constant velocity, constant acceleration, and

exponentially decaying acceleration models.in (a) low-speed and (b) high-speed scenarios.

Table 4. Forecasting error of velocity prediction models'in the two scenarios presented in Fig. 6.
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Fig. 7. Zoomed-in velocity forecasting results’'over a 0.2 s interval: (a) models trained using the proposed approach,
(b) models trained using raw data.
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Fig. 8. Vehicle velocity forecasting in the absence of preceding vehicles under (a) continuously increasing speed and
(b) increasing then decreasing speed.
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Intelligent vehicle velocity forecasting based on the
real highway data

Mostafa Khanalipour, Mohsen Mohammadi', Hossein Mohammadi

School of Mechanical Engineering, Shiraz University, Shiraz, Iran

ABSTRACT
Accurate vehicle velocity forecasting reduces energy consumption and improves the safety of intelligent

vehicles. Considering the available data in intelligent transportation systems and the capability of deep neural
networks to exploit these«data, an intelligent velocity forecasting method based on deep neural networks is
proposed. Velocity forecasting is'performed using the velocity history of the target vehicle and its preceding
vehicles. To enhance forecasting accuracy,@ novel normalization method for vehicle velocity data is introduced,
which leads to a reduction in prediction error. Furthermore, to address practical driving challenges, uncertainty
in the available length of velocity history and the number of preceding vehicles is incorporated into the proposed
method. In this study, velocity forecasting is conductedswith a very short time step, which is more challenging
and has not been reported in previous studies. The wvelocity forecasting models are trained using real-world
highway data. The results demonstrate that the proposed method achieves higher accuracy, particularly in the
initial time steps, and is free of offset. Moreover, unlike existing studies, velocity forecasting remains feasible even
in the absence of a preceding vehicle, and the prediction_accuracy under this condition exceeds that of
conventional analytical methods. The mean absolute ‘prediction error over a six-second horizon using the
proposed method is 0.2410 m/s, representing the prediction error reduction of at least a 29.30% compared to

analytical models and at least 13.18% compared to cases without'the proposedsnormalization.

KEYWORDS
Vehicle velocity forecasting, Machine learning, Data normalization, .Connected automated
vehicles, Deep learning
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