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Abstract

Vehicle trajectories are time series, and entropy is a powerful tool for testing or quantifying
the complexity of a given series. Entropy tools are often applied to variables such as velocity,
acceleration, space headway, and time headway, but the local position data have not been
addressed previously. The novelty of this study is that it uses the Improved Permutation
Entropy (IPE) for the first time to analyze vehicle position data and convert those data
into a limited range (0-0.3317), aiming to understand individual vehicle behavior during
car-following and introduce a new prediction method for developing artificial intelligence-
based car-following models. The study uses the IPE analysis results as a new input variable,
in addition to existing input variables, to improve the prediction accuracy of these models.
Three types of neural networks were adopted according to the development of artificial
intelligence models: artificial neural networks (ANNSs), long short-term memory networks
(LSTMs), and Transformer models. The results indicate that all models using the proposed
prediction method, which includes the IPE analysis result, outperformed those using the
traditional prediction method. The Transformer & IPE model shows the best performance
in prediction accuracy of the follower acceleration output; the statistically significant
percentage improvements were 2.04%, 1.42%, 1.22%, and 2.62% for RMSE, MAE, MASE,
and R?, in that order. Furthermore, the results indicate that all models using the proposed
prediction method outperformed the benchmarking Intelligent Driver Model (IDM) for the
follower acceleration output.

Keywords: vehicle trajectory; improved permutation entropy; Al-based car-following
models

1. Introduction

The car-following modeling framework aims to introduce a more realistic description
of car-following behavior in different driving cases to enhance traffic safety and better
understanding of many confusing traffic flow phenomena [1]. The complex and nonlinear
nature of car-following behavior necessitates the development of intelligent algorithms
to describe, model, and predict this phenomenon. Given the importance of car-following
models in traffic flow analysis and because of their development over the past seventy
years, studies have divided these models into two broad groups: the first group is mathe-
matical car-following models, and the second is artificial intelligence-based car-following
models [2-5].

Mathematical car-following models use mathematical expressions to explain car-
following behavior based on kinematic principles and clear physical interpretations [2,4],
such as the General Motors (GM) model (Cazis et al., 1961) [6], the Newell model
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(Newell, 1961) [7], the Gipps model (Gipps, 1981) [8], the Intelligent Driver Model (IDM)
(Treiber et al., 2000) [9], and the Full Velocity Difference (FVD) model (Jiang et al., 2001) [10].
Due to development in machine learning and deep learning, as well as the availability of
large-scale data, the second group of artificial intelligence-based car-following models has
recently emerged. These models can explore relationships between data, thereby discover-
ing driving patterns and, subsequently, accurately predicting car-following behaviors [11].
Kehtarnavaz et al. (1998) [12] trained two-time delay backpropagation neural networks
according to the collection of data, one for speed and the other for steering control; Panwai
and Dia (2007) [13] used an ANN car-following model for mapping perceptions to actions;
Khodayari et al. (2012) [14] established an ANN model with relative speed, relative dis-
tance, follower velocity, and instantaneous reaction delay as input variables to predict the
following vehicle’s behavior; Zhou et al. (2017) [15] used RNN (Recurrent Neural Network)
with relative speed, relative distance, and follower velocity to predict traffic oscillation;
Huang et al. (2018) [16] applied the LSTM model with relative speed, relative distance, and
follower velocity to capture realistic traffic flow characteristics; Fangyu Wu & Daniel B.
Work (2018) [17] used ANN with different network architectures and different activation
functions to predict car-following models for traditional vehicles (TVs) for stop-and-go
waves. The input variables were relative velocity, relative distance, and velocity of the
follower vehicle; Ma and Qu (2020) [18] used a seq2seq LSTM model with relative speed,
relative distance, and follower velocity to predict multiple-step acceleration/deceleration;
Colombaroni et al. (2021) [19] used a feed-forward neural network (FF) and LSTM network
to model car-following behavior for traditional vehicles (TVs). The input variables were
relative speed, relative distance, and follower velocity to predict the acceleration or the
velocity of the follower vehicle. They use reaction time as a further input variable, and they
consider the reaction time as reaction duration and reaction lag; Zhou et al. (2022) [20] de-
veloped a transfer learning-based LSTM car-following model to handle the lack of adaptive
cruise control (ACC) driving data; Qu et al. (2022) [21] used CNN-BiLSTM-Attention to
establish a data-driven car-following model for connected and autonomous vehicles (CVs
and AVs) and compared it with LSTM, GRU, and BiLSTM. The input variables included
relative velocity, relative distance, and the velocity of the follower vehicle. The output
variable was either the follower vehicle’s acceleration, which could be used to predict its
velocity and position, or just its position; Qin et al. (2023) [22] developed a CNN-LSTM
car-following model with relative speed, relative distance, and follower velocity as input
variables to predict the traffic flow behavior; Adewale & Lee (2024) [23] developed a PT-
LSTM car-following model to predict the velocity of the following vehicle in autonomous
and human-driven mixed traffic. The input variables were relative speed, relative distance,
and follower velocity; Wang et al. (2025) [24] proposed a human-like car-following model
based on deep deterministic policy gradient (DDPG) and neural network architecture with
three input variables (relative speed, relative distance, and follower velocity) to predict
the follower acceleration. The proposed model achieves superior anthropomorphic perfor-
mance compared to IDM and ANN. Li et al. (2025) [25] proposed the Rational Artificial
Intelligence Car-Following model Enhanced by Reality (RACER) and a deep learning
algorithm that integrates Rational Driving Constraints (RDCs) into its loss function to
safely predict for ACC vehicles. An LSTM network architecture with three input variables
(relative speed, relative distance, and follower velocity) based on ACC vehicle experiments
was used to predict the follower acceleration. Liu et al. (2025) [26] proposed a Phase-Aware
Al (PAAI) car-following model that is designed specifically for electric vehicles (EVs) with
ACC. The PAAI model integrated traditional car-following frameworks with Al correc-
tions. For the baseline Al, they employed sequential neural networks with attention and
phase-aware add-speed recognition. Three input variables (relative speed, relative distance,
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and follower velocity) are used to predict follower acceleration. They found that the PAAI
model outperforms base models (IDM and OVRV) and pure Al baselines. The integration
of Al within car-following modeling represents not only methodological evolution but also
a pathway to a more realistic simulation of mixed traffic systems [15].

Since vehicle trajectories are time series that sometimes contain similar values (for
example, at a constant speed in free flow or during a stop-and-go situation) and sometimes
contain dissimilar but close values, to distinguish between these readings, we need a
powerful tool that accurately senses the differences that occur in vehicle trajectory data.
Entropy tools are often used to test or measure how complicated a time series is according
to a scale ranging from 0 to 1, where 0 indicates a regular time series and 1 indicates
a random and irregular one [27,28]. Entropy is a powerful tool for the analysis of time
series, as it allows the probability distributions of the possible states of a system and,
therefore, the information encoded in it to be described [29]. Liu et al. [30] used the general
formula for entropy; they applied the entropy to the distribution of vehicle space-headway
on the road to estimate the dynamic traffic flow. The experiment was conducted under
free-flow conditions on a one-lane road, using VISSIM simulation software to analyze
different traffic volumes ranging from 800 to 1400 vehicles per hour. The results were that
when the volume increases, entropy decreases because the vehicle spacing in the platoon
tends to be shorter and uniform due to the large volume. Lyu et al. [31] used four types
of entropy (Shannon entropy, steering wheel entropy, approximate entropy, and sample
entropy), which applied to the time-headway data during car-following with fixed and
different moving time windows. They found that not all entropy measures are appropriate
in terms of car-following when measuring uncertainty in time-headway data. However, the
researchers indicate that sample entropy and approximate entropy appear to be the most
suitable measures, particularly when using a moving time window. Zhang et al. [32] used
Fuzzy Permutation Entropy (FPE) to investigate the complexity of traffic evolution based
on simulated time headway during different states of traffic congestion (Free Flow (FF),
Synchronized Flow (SF), and both coexisting), and the data were generated from a cellular
automation model based on the improved brake light rule (IBLR) model. Liu et al. [33]
used Information Entropy (IE) for traffic flow analysis. They used NGSIM and a simulation
dataset, and they found a linear relationship between speed (IE) with space-mean-speed
and space-headway (IE) with density for traffic flow analysis. L. Tang [34] used information
entropy to calculate the internal correlation among different indexes that represent driving
behavior (e.g., speeding, rapid acceleration, sudden braking, etc.). Thereafter, index weights
are derived from the information entropy results to establish a model for predicting safety
risks in road traffic behaviors. Baldini et al. [35] used seven types of entropy measures
(Shannon entropy, Rényi entropy, sample entropy, approximate entropy, permutation
entropy, and dispersion entropy) to propose an intrusion detection system (IDS) that detects
cyberattacks targeting the automotive in-vehicle Controller Area Network bus (CAN-bus)
by analyzing the CAN-bus message payloads. They found that entropy measures with a
sliding window approach can detect attacks in a time-efficient way and with high accuracy,
particularly with approximate entropy. Guo et al. [36] found that applying information
entropy to the flow data for urban tunnel sections can characterize traffic congestion
effectively. Higher values of entropy for peak hours refer to greater congestion during peak
times. Cui et al. [37] proposed a multiscale symbolic dynamic entropy method to analyze
traffic flow complexity for weekdays and weekends. They found it effectively evaluates
traffic flow complexity as compared to multiscale sample entropy and multiscale modified
sample entropy. Ye et al. [38] proposed the velocity entropy method as a macroscopic safety
indicator for road segments to quantify the overall safety status using real-time vehicle
velocity data. Zhou et al. [39] used improved permutation entropy and Poincare mapping
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to propose a threshold determination method for the Duffing chaotic oscillator detection
system, which was used for weak signal detection. Zhou et al. [40] proposed an active
detection method combining short-time Fourier transform and improved permutation
entropy to detect a small underwater target and address the challenge of detecting weak
target echoes in strong reverberation backgrounds.

From the foregoing, we observe that all research relying on car-following models
did not consider the use of entropy in analyzing data and incorporating them as a new
variable into those models to improve prediction accuracy and reduce error. Similarly,
some research employing different types of entropy did not consider integrating entropy
analysis into the study of car-following models at the micro level, which could enhance the
understanding of driver behavior and improve the accuracy of traffic flow predictions.

We should know that there are many types of entropies based on Shannon’s form,
which is a mathematical concept used to measure information, that are widely used in
various disciplines [28,32,41].

Compared with other entropy algorithms, Permutation Entropy (PE) [42] is famous
and widely used for complexity series analysis [43]. It combines the concepts of entropy
and symbolic dynamics to create a new measure of complexity; it is based on computing
the Shannon entropy of the relative frequency of all the ordinal patterns found in a time
series [44]. Chen et al. (2019) [45] proposed the IPE based on PE, which combines some
advantages of previous PE modifications. They compared several tools, including PE,
Multiscale Permutation Entropy (MPE), Amplitude-Aware Permutation Entropy (AAPE),
and Weighted-Permutation Entropy (WPE), and found that the new IPE in the field of
entropy detects spiky features more effectively. Furthermore, we conducted research that
provided sufficient theoretical and experimental justification for determining the most
effective type of PE or IPE for analyzing vehicle trajectories in car-following behavior and
identifying the best variable from vehicle trajectory data; the results indicated that IPE
outperformed PE in analyzing all traffic-related variables, with the local position variable
being the most effective [46].

Most studies regarding the use of entropy in the field of transportation are limited
to analyzing traffic conditions at the macro level, with hardly any studies focusing on
car-following at the micro level. Some of these studies rely on hypothetical data in their
analysis. Additionally, there is a lack of research on the application of entropy to intelligent
transportation systems (ITSs) to develop car-following models for traditional vehicles (TVs),
connected vehicles (CVs), autonomous vehicles (AVs), or a combination of these, as well
as simulation programs. Furthermore, entropy tools are often applied to variables such
as velocity, acceleration, space headway, and time headway, and their application to local
position data of vehicle trajectory has not been previously addressed.

Therefore, this study represents the first large-scale investigation of its kind into the
ability of IPE to analyze lead vehicle position data, aiming to understand individual vehicle
behavior during car-following and to introduce a new prediction method for developing
artificial intelligence-based car-following models that enhance their predictive accuracy.

The novelty of this study is that it proposes a new prediction method for developing
artificial intelligence-based car-following models. It is using IPE for the first time to analyze
lead vehicle trajectory (local position data) and incorporating the analysis results as a new
input variable alongside existing input variables to enhance the prediction accuracy of
these models.

We summarize this paper’s contributions as follows:

e Applying a new prediction method by using the IPE to analyze lead vehicle position
data and incorporating the analysis results to develop artificial intelligence-based
car-following models.
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e  Using and comparing four different models (ANN, LSTM, Transformer, and IDM) to
examine the prediction method for follower acceleration forecasting.

e Different tests were conducted to provide a comprehensive evaluation of the models’
performance by using four evaluation metrics (RMSE, MAE, MASE, and RZ), statistical
testing, ablation experiments, and feature contribution analysis.

e  Offering helpful information regarding the ability of the models to predict the follower
vehicle acceleration.

The rest of the paper is organized as follows: Section 2 presents the Improved Permu-
tation Entropy (IPE) algorithm and its analysis of real vehicle trajectory data. Section 3
introduces the model formulation (including prediction methods, data processing, and
evaluation methods). Section 4 presents prediction models (ANN, LSTM, Transformer,
and IDM). In Section 5, the results and discussion are presented. Section 6 provides
the conclusions.

2. Materials and Methods
2.1. IPE Algorithm and Its Parameter Setting
IPE [45] has been used in this study to quantify and measure the complexity of the
time series (analyzing the trajectory’s data for vehicles during car-following behaviors).
The normalized IPE is written as:
1 &

< D
ln(LD)l;PllnPl, h<L (1)

IPE(D,t,L) = —

where L is the number of discretization levels, D is the embedding dimension, P; is the
probability of permutation pattern 7r;, h < LP, and In (LP) is the maximum value of the
IPE analysis results, which is only reached when the patterns have a uniform distribution;
see Appendix A.

There are some parameters whose values must be predetermined for running the
IPE algorithm for any data used in this study. These parameters include 7 (time delay); it
controls the number of elements of N to be selected in the entropy calculation. For example,
if T = 1, all the elements in the time series are selected one by one. If T = 2, the first,
third, fifth, etc., elements are selected, and the second, fourth, sixth, etc., elements are
omitted [42]. In this study, T = 1 was set to ensure that all time series data were included
in the calculations and for structural preservation.

The other parameters include embedding dimension (D) and level of discretization
(L); for example, when D = 3 (the minimum value proposed by Bandt and Pompe (2002),
3 < D < 7)[42], this value means we have three numbers {0,1,2} that can be generated
inside the IPE algorithm. This allows for 27 patterns to be formed to arrange these numbers,
as shown in Table A1; see Appendix A. Any LP (LP represents the possible permutation
patterns in the IPE algorithm) value in Table 1 less than 27 indicates that some of the time
series data have lost their true representation in the patterns listed in Table A1l. Conversely,
any LP value greater than 27 indicates the repeated use of one of the patterns in Table A1
to represent different data from the time series. Furthermore, the length of the time series
N is crucially related to the values of D and L. According to Refs. [42,45,47], N > LP is
necessary to achieve reliable IPE measurements. If we assume D = L = 4, this means
LP = 256. Since each element in the time series N is 0.1 s, the minimum length of the N
time series would be greater than 25.6 s, N > LP. This time is too long to obtain the first
test result for the N time series in the field of car-following.
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Table 1. LP values based on D and L parameters.

L b 3 4
2 8 16
3 27 81
4 64 256

In this study, D = L = 3 was adopted to achieve a true representation of the time
series data with IPE analysis results, and N = 30 was chosen, which represents 3 s of
distance traveled while also fulfilling the condition N > LP.

Finally, SL represents the total length of the time series, which corresponds to the
duration for examining sample data.

Since N = 30, a 3 s delay occurs before obtaining the first IPE analysis result (initial
processing event) when starting the IPE calculation for the SL time series. Therefore, a
3 s moving time window was used when testing the SL time series for each trajectory,
confining the delay to the beginning of the test only; see Appendix A.

This study aims to use the IPE to analyze lead vehicle position data during car-
following processes. Therefore, to understand the results of the analysis, four hypothetical
cases were considered regarding the movement of vehicles.

2.1.1. First Hypothetical Case: Stopping Without Movement

Consider a road segment in which a vehicle (vehl) remains stopped at a sta-
tion located 150 m from the starting point for a duration exceeding 3 s, as shown in
Figure 1a. Then the time series for this vehicle, with N = 30, will be represented as
X = [150, 150, ..., 150]N7%. Based on the entropy definition and the specified IPE pa-
rameters, the IPE analysis result for this series will be zero (due to completely regular
behavior). Furthermore, when computing the IPE over a sample length of SL = 300, the
IPE analysis results remain zero throughout, as shown in Figure 1b. For more details about
the calculation of IPE, see Appendix A, Figure Al, and Refs. [45,48].

300
250

200

—Position veh1

—Position veh2

Distance m
=
(4.
o

—Position veh3

100 —Position veh4

50

0
01234567 8 91011121314151617 1819 2021222324 25262728293031323334
Times

(a) Vehicle trajectories when stopped without movement.

Figure 1. Cont.
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0.4

0.3

0.2

0.1

= —IPEposition veh1
01234567 8 910111213141516171819202122232425262728293031323334

Times

(b) IPE analysis results for trajectory of vehl.

Figure 1. IPE applied to trajectories without movement.

2.1.2. Second Hypothetical Case: One Type of Movement (Free Flow or Congestion)
Without Stopping

Consider a road segment on which a vehicle (vehl) starts from station 0 at a constant
speed, covering a distance of 2.5 m every 0.1 s, as shown in Figure 2a. The time series for

this vehicle, with N = 30, will be represented as X = |25, 5, ..., 75]%1:130.

800
700

600

—Positionveh1

IS
=)
=)

—Position veh2

Distance m

—Position veh3

w
=3
=3

—Position veh4

01234567 8 910111213141516171819202122232425262728293031323334
Times

(a) Vehicle trajectories with one type of movement (free flow or congestion).
0.4

0.35

0.3

0.25
g 02
—IPE position veh1
0.15
0.1
0.05
(]
01234567 8 910111213141516171819202122232425262728293031323334

Times

(b) IPE analysis results for trajectory of vehl.

Figure 2. IPE applied to trajectories with one type of movement (free flow or congestion).

Based on the entropy definition and the specified IPE parameters, the IPE analysis
result for this N-element series will be equal to 0.3317. Continuing to calculate the IPE for
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SL = 300 will also yield 0.3317 for the IPE analysis results, as shown in Figure 2b. For more
details about the calculation of IPE see Appendix A, Figure A2, and Refs. [45,48].

2.1.3. Third Hypothetical Case: Two Types of Movement (Free Flow and Congestion)
Without Stopping

Depending on the concepts and information given in Sections 2.1.1 and 2.1.2 above,
we can assume the following;:

Consider a road segment on which a vehicle (vehl) starts from station 0 at a constant
speed, and there are two types of movements on this road: free flow and congestion, as
shown in Figure 3a. In free flow, the vehicle travels 2.5 m every 0.1 s, and in congestion,
it travels 1 m every 0.1 s. The duration for examining sample data is 30 s (SL = 300).
Therefore, based on Section 2.1.2 and the specified IPE parameters, the IPE analysis results
will be constant at 0.3317 for traffic states A, B, and C during the vehicle cruise for both types
of movement, as illustrated in Figure 3b. However, at transition points @ and @) (which
represent deceleration and acceleration, respectively), the IPE analysis results will vary
depending on the speed or displacement of vehicles before and after these points.

600 |
Free flow Congestion | Free flow
25m/0.1s 1m/0.1s 25m/0.1s
500
Traffic state
point of
400 accel.
£ ?: )
3 point of Traffic state
5 300 decel. B —Position veh1
a b | —Position veh2
200 i —Position veh3
(
Traffic state ! :
100 ! !
! |
! |
0 ; il
0 3 6 9 12 15 18 21 24 27 30 33
Times
(a) Vehicle trajectories with two types of movement (free flow and congestion).
0.35
0.34 N = "
Traffic state (1) Traffic state @ Traffic state
g ho— .
St
g |
0.32 R -
= =| ! 3
o g| S
0.31 &5 : e —IPE position veh1
! 1 &
i B
0.3 Decel. wave length3s | : 3
| 1
0.29 i
1
0.28 J l L ——+Accel.wave length3 s
9

12 15 18 21 24 27 30 33
Times

(b) IPE analysis results for trajectory of vehl.

Figure 3. IPE applied to trajectories with two types of movement (free flow and congestion).

As shown in Figure 3b, we can see there are small and large IPE waves; the values of
the IPE analysis results for both do not equal zero. The small wave represents the transition
from free flow to congestion (point D) of deceleration, Figure 3a), while the large wave
represents the transition from congestion to free flow (point (2) of acceleration, Figure 3a).

https://doi.org/10.3390/app16094224


https://doi.org/10.3390/app16094224

Appl. Sci. 2026, 16, 4224

9 of 31

The time length of small or large IPE waves is equal to 3 s because N = 30 and the moving
time window equals 3 s (Section 2.1).

From Figure 3b, we can conclude that the time of the minimum IPE analysis result
of the small wave coincides approximately with the time of the deceleration point (D in
Figure 3a, and the time of the minimum IPE analysis result of the large wave coincides ap-
proximately with the time of the acceleration point 2) in Figure 3a; however, this transition
occurs only after approximately 1.5 s have passed because each IPE analysis result does not
appear until 3 s after the IPE calculation for the time series begins. This phenomenon was
previously mentioned in Section 2.1 (since N = 30, the value indicates a time lag or delay
of 3 s before obtaining the first IPE at the start of the IPE calculation for the time series).

2.1.4. Fourth Hypothetical Case: All Types of Movements (Free Flow, Congestion, Stop,
and Free Flow)

Based on the concepts and information given in Sections 2.1.1-2.1.3 above, we can
assume the following;:

Consider a road segment on which a vehicle (vehl) starts from station 0 and travels
with all types of movements on this road: free flow, congestion, and stopping, as shown in
Figure 4a. In free flow, the vehicle travels 2.5 m every 0.1 s, and in congestion, it travels
1 m every 0.1 s. The duration for examining sample data is 30 s (SL = 300). Therefore,
based on the specified IPE parameters, the IPE analysis results for traffic states A, B, and D
will be constant at 0.3317 according to Section 2.1.2, as illustrated in Figure 4b; for traffic
state C, the results are zero according to Section 2.1.1, as illustrated in Figure 4b; while for
transition points (O, @, and (3)), the results vary according to the speed or displacement of
the vehicle before and after these points, as depicted in Figure 4a,b.

As shown in Figure 4b, we can see there is a small IPE wave representing the decelera-
tion wave, and it is exactly like the small IPE wave mentioned in Section 2.1.3., starting at
point O in Figure 3b. Furthermore, we can see two other waves. The stopping IPE wave
represents the transition point ) from congestion to stopping in Figure 4a, while the other
is the acceleration IPE wave, and it represents the transition point (@) from stopping to free
flow in Figure 4a. The time length of a stopping IPE wave or acceleration IPE wave equals
3 s because N = 30 and the moving time window is equal to 3 s (Section 2.1).

The time of the minimum value of the IPE analysis results in the stopping wave in
Figure 4b represents the time of the end of the wave, and it coincides with the time of
the transition point (2) from congested flow to stop, but after 3 s, as shown in Figure 4a.
The reason for this, as mentioned in Section 2.1.3,, is that each result of the IPE analysis
results does not appear until 3 s after the IPE calculation for the time series begins. On
the other hand, at the next wave, the time of the minimum value of IPE analysis results in
the acceleration wave in Figure 4b represents the time of the starting of the wave, and it
coincides with the time of the transition point (3) from stopping to free flow, as shown in
Figure 4a. This is because the IPE analysis results remain constant when the time series
values are constant, and any subsequent change in these values will indicate the start of the
change in the newly calculated IPE analysis results.

We can conclude that the time of the end of the stopping wave in Figure 4b minus
3 s coincides with the time of the stopping point 2) in Figure 4a. The time of starting of
the acceleration wave in Figure 4b exactly coincides with the time of the acceleration point
® in Figure 4a (on the condition that acceleration starts from zero).

Based on these hypothetical cases, it can be concluded theoretically that the IPE can
convert vehicle position data from an unlimited range (0 — co m, unlimited travel distance
during continuous movement) to a limited range (0 — 0.3317, where 0 means stopping
and 0.3317 means uniform movement). Between stop and movement, either acceleration
or deceleration occurs, which corresponds to IPE analysis results that range from 0 to
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0.3317 (IPE is dimensionless). Thus, this limited range is like that of variables such as speed.
For example, speed reflects the vehicle’s movement behavior (stationary, slow, quick, very
fast, etc.) based on its speed value. The IPE analysis result also reflects the vehicle’s
movement behavior, but in a different way (stationary, unstable, or uniform), regardless of
the vehicle’s speed value. In other words, the speed might be slow, but the IPE analysis
results would be uniform because the acceleration is zero. Conversely, the speed might be
high, but the IPE analysis results would be unstable due to variations in deceleration or
acceleration depending on the movement of the vehicle ahead. This description applies to
an individual vehicle; however, when IPE is applied to a group of vehicles on a specific road,
the traffic movement or stability of flow on that road can be characterized as “stationary,”
“unstable,” or “uniform,” regardless of the speed on that road.

500

Free flow Congestion Stopping | Freeflow
2.5m/0.1s 1m/0.1s 0m/0.1s ‘ 25m/0.1s
Traffic stat;
400 =
point of stopping point of accel.
Traffic state \
c B
€ 300 point of decel. Traffic satate .
3 B i x —Position veh1
s © i
s ! ! —Position veh2
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(a) Vehicle trajectories with all types of movements (free flow, congestion, stop, and free flow).

; Traffic state % @ Traffic state - Traffic state
0.3317 L L 1 4

Traffic state
B
0.3 v
—_—
Decel. Wave !
0.25 Stuppﬁng ave

1

1

1

1

Accel.wave
1 length3s
length3s :
038 : |
g 0.2 n:’: e : ! —IPE position veh1

e 1

0.15 - o= 1 :

A 1 h

o ; !

0.1 03 ! [

i [
om 1

0.05 0z HEH Min. IPE of Min. IPE of
! N Myad & @ stopping #\rave \ accel. wave
1
0 v
0 3 6 9 12 15 18 21 24 27 30 33 36

Times
(b) IPE analysis results for trajectory of vehl. The IPE wave inside the circle at point
(D is exactly like the small IPE wave in Figure 3b.

Figure 4. IPE applied to trajectories with all types of movements (free flow, congestion, stop, and
free flow).

Position data in vehicle trajectories are smoother than speed or acceleration data.
Hence, converting position data to IPE provides richer data content for identifying
traffic states.

2.2. Data Preperation for IPE Applications

Real car-following data are adopted in this empirical study, and they are extracted from
the trajectory dataset of the Next Generation Simulation (NGSIM) project [49]. The data
were collected on 15 June 2005, during a 15 min observation period (7:50 a.m.—8:05 a.m.)
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on a segment of U.S. Highway 101, the Hollywood Freeway, in Los Angeles, California.
These data were made using eight cameras mounted on a 36-story building, 10 Universal
City Plaza, next to the Hollywood Freeway U.S.-101. On a road section of 640 m, the data
were collected in 0.1 s intervals. The freeway segment consists of six lanes. In this empirical
study, we focused on traffic flow patterns based on the car-following behaviors in the first
lane, which is termed lane 1.

We prepared a dataset of one group of trajectories (G1), as shown in Figure 5
and Table 2, for the purpose of illustrating how to apply IPE to analyze real vehicle
trajectory data.

7150 7160 7170 7180 7190 7200 7210 7220Time7§30 7240 7250 7260 7270 7280 7290 7300
Figure 5. Selected group of vehicle trajectories in G1.

Table 2. Detail of selected trajectories in G1.

Number of . . .
Group ID Vehicles First Veh_ID in Group Last Veh_ID in Group
Gl 48 719 1058

2.3. Applying IPE to Analyze Real Vehicle Trajectory Data

After implementing IPE to the vehicle trajectories in G1 (position data) and for expla-
nation, we randomly selected the trajectory of vehicle No. 966, as shown in Figure 6, as
the blue trajectory. This trajectory illustrates the deceleration and acceleration points. The
green line illustrates the IPE analysis results of the vehicle trajectory, displaying two waves.
According to Section 2.1.3, a small IPE wave indicates a deceleration point, and a large IPE
wave indicates an acceleration point.

350 - = r 0.35
point of  point of
—Position veh.966

- 0.34

300 4 —IPE position veh966
- 0.33
E 250 | o
2 200 7 1931
Min. IPE of =

150 accel. wave
- 0.29
100 - - 0.28
7210 7215 7220 7225 7230 7235 7240 7245 7250

Time s

Figure 6. Analysis of (position veh.966) trajectory by using the IPE.
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Figure 7 presents the IPE analysis results for all vehicle trajectories in G1. When
comparing the IPE analysis results to the baseline of 0.3317 mentioned in Section 2.1.2,
we observe that the difference in IPE analysis results for the first 25 vehicles is very close
to zero, indicating a streamlined movement that is compatible with the type of flow
for these vehicles illustrated in Figure 5. The difference in IPE analysis results for the
remaining vehicles increases, which refers to unstable flow that is compatible with the
congestion illustrated in Figure 5. These IPE analysis results indicate that the movement
in G1 transitions from free flow to congestion without stopping because the IPE analysis
results are not equal to zero, and this pattern is completely consistent with the type of flow
in G1, as shown in Figure 5.

0.36

0.33 -
0.3
0.27
0.24
0.21
& 0.18
0.15
0.12
0.09
0.06
0.03

0
7160 7170 7180 7190 7200 7210 7220 7230 7240 7250 7260 7270

Time s

Figure 7. Analysis of all trajectories in G1 by using the IPE.

According to Section 2.1.2, the IPE identified that the value of 0.3317 refers to stream-
lined movement, and any deviation from this baseline (0.3317) indicates a variation in
velocity that is proportional to it. For example, the first vehicle, No. 719 in Figure 5, with an
average speed of 60 km/h, represents streamlined movement, and its IPE analysis results
were very close to 0.3317, as shown in Figure 8. While the last vehicle, No. 1058 in Figure 5,
with an average speed of 18 km/h, presents irregular movement, its IPE analysis results
were significantly different from 0.3317, as shown in Figure 8. In other words, any change
in the IPE analysis results for the lead vehicle will directly affect the following vehicle, and
this is precisely what car-following theory represents.

0.36
0.33
0.3
0.27
0.24
0.21
% 0.18 —IPE position veh719
- 0.15 IPE position veh890
0.12 Vehicle speed —IPE position veh1058
0.09 between 70 and Vehicle speed less than 50 km/h

0.06 50km/h

0.03
0
7160 7170 7180 7190 7200 7210 7220 7230 7240 7250 7260 7270

Time s

Figure 8. IPE analysis results for specific trajectories according to the speed of the vehicle.

To maximize the benefit derived from the IPE analysis results, we proposed a new
prediction method to develop an artificial intelligence-based car-following model by using
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the calculated IPE analysis results as a new input variable. The following sections explain
the proposed methods.

3. Model Formulation
3.1. Prediction Methods

This study adopted two types of prediction methods based on the explanations pro-
vided in the literature and the concepts of the GHR modeling [6]. First, we selected the
velocity of the follower vehicle (V},), relative velocity (Av), and relative distance (Ax) at time
t as input variables to predict the acceleration of the follower vehicle (a,) at time t + Af,
as shown in Equation (2). These selections represent the traditional prediction method
currently in use and are adopted for comparison purposes later. Second, in addition to
the variables in the first prediction method, we added the IPE analysis results of the lead
vehicle’s position data at time t as a new input variable to predict the acceleration of the
follower vehicle (a,) at time t 4+ At, as shown in Equation (3). This option represents the
proposed prediction method to develop artificial intelligence-based car-following models
using the calculated IPE analysis results as a new input variable.

_ AV(t) |

N )
L V)

)) — T (WY 3)

where
AV py: relative velocity (m/s) between the leader and the follower at current time t.
Ax(y): relative distance (m) between the leader and the follower at current time .
Viu(): velocity of the follower vehicle (m/s) at current time £.
IPE;): IPE analysis results of the leader vehicle’s position data at current time ¢.
(14 ar): acceleration of the follower vehicle (m/ s?) at the next time step t + At.
The prediction methods output the acceleration of the follower vehicle, so we calcu-
lated the follower velocity and follower position using Equations (4) and (5) below. They
provide an additional measure to verify the stability of all the models used in this study.

Vatrat) = Va) + Gn(eran At 4)

1
Xu(erat) = Xu(t) + Vo) M + 58(1a0) A (5)

where
Vi is the velocity of the follower vehicle n (m/s).
Ay(t+at) 18 the acceleration of the follower vehicle n (m/ s?) at the next time step.
X, is the position of the follower vehicle n (m).
(t) is the current time.
(t + At) is the next time step.
At = 0.1 s is the time resolution of the NGSIM dataset and represents one time step.
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3.2. Data Processing

As mentioned in Section 2.2, a real car-following dataset was adopted in this empirical
study; it was extracted from the same trajectory dataset of the Next Generation Simulation
(NGSIM) project.

A sample of 100 trajectories was selected based on the local position data (Local_Y)
of vehicle trajectories in NGSIM and after removing abnormal trajectories. This sample of
trajectories represents the initial trajectories of the NGSIM data, and it was divided into
70% for training and 30% for testing. Each trajectory includes a time series that ensures
its integrity.

The trajectory data seemed to be unfiltered and exhibited some noise, so a moving
average filter was applied to all trajectories for a duration of 3 s. This period was set to
match the IPE calculation period mentioned in Section 2.1.

The selected trajectory data were normalized to eliminate the influence of dimensions,
following the formula presented in Equation (6).

y* — Y — Ymin (6)

Ymax — Ymin

where Yoy and Yy, present the maximum and minimum value, respectively, in the
original data.

3.3. Evaluation Methods

Four types of evaluation metrics were used to compare the competing models in terms
of their prediction performance. Root Mean Square Error (RMSE) measures the average
difference between actual and predicted values, as depicted in Equation (7), where a lower
RMSE indicates better predictive accuracy. Mean Absolute Error (MAE), as presented in
Equation (8), is the average of the absolute differences between the predicted and actual
values. A lower MAE is better. Mean Absolute Scaled Error (MASE), as presented in
Equation (9), is calculated by scaling the MAE of the model against the MAE of a naive
baseline forecast, with a lower MASE indicating better performance. The coefficient of
determination (R?) was calculated for further comparison and explains model fit quality (10).
It ranges from 0 to 1; 1 means the regression model fits the data perfectly. Below are the
equations used to calculate these metrics.

1 n
RMSE = [ 3 (vi = 9:)° 7)
i=1
1 )
MAE = ) |yi = §il ®)
i=1
1y .0
MASE = 1*!2;1:1'% il 9)
1 Limo|Vi — Vil
R2—q1_ i1y~ 7:) (10)
~\ 2
Y (yi - 1/1’)

where 1 denotes the number of total evaluation data samples, y; denotes the i-th true value,
7; is the predicted value, and y represents the mean value of the true values.

4. Prediction Models

In this study, three types of neural networks were adopted according to the growth of
artificial intelligence models: artificial neural networks (ANNSs), long short-term memory
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networks (LSTMs), and Transformer models. The IDM was also used to evaluate the
competence of the Al-based car-following models. Figure 9 shows the flowchart of the
overall modeling process.

NGSIM Data preparing
Sample with 100 trajectories
70 for training, 30 for testing

S ¢

Calculate IPE for
leader vehicle position

Al models&IPE Al models ono
(ANN, LSTM, Transformer) (ANN, LSTM, Transformer) IDM model to predict a, p[DM
Input: Av, Ax, Vi, and IPE Input: Av, Ax, V, parameters

Output: Predicted an Output: Predicted an

calculate Vo & Xn * calculate Vo & X, * calculate V, & X, *

Qutput: Predicted an

Calculate evaluation metrics Calculate evaluation metrics Calculate evaluation metrics
between true and predicted between true and predicted between true and predicted
an an an

RMSE, MAE, MASE, R?, RMSE, MAE, MASE, R?, RMSE, MAE, MASE, R?,
p-values p-values p-values

First comparison of
evaluation metrics
(RMSE, MAE, MASE, R?,
and p-values)
between Al model and
Al model&IPE

Second comparison of
evaluation metrics
(RMSE, MAE, MASE, R?,
and p-values)
between Al model&IPE
and IDM model

| Discussion of the results

Figure 9. Flowchart of the overall modeling process. * Calculate the Vn and Xn based on the
kinematic Equations (4) and (5), respectively.

4.1. ANNs

We adopted a generic form of ANN. The ANN model architecture included an input
layer with different input variables according to the prediction methods, two hidden layers
with five neurons each, and an output layer with one output variable, as shown in Table 3.

Table 3. Different input—-output scenarios for ANN training.

Prediction Method Input Layer Network Size Output Layer
1 3 neurons
[Av, Ax, Vil 2 hidden layers 1 neuron
4 neurons with neurons each  (follower acceleration)
2

[Av, Ax, Vj,, IPE]

Av: relative velocity (m/s); Ax: relative distance (m); V,: velocity of the follower vehicle (m/s); IPE: IPE analysis
results of the leader vehicle position.

The backpropagation algorithm was applied to train the proposed ANN models. It
computes the gradient of the loss function by propagating the prediction error backward
through the network layers. In this study, the Scaled Conjugate Gradient (SCG) algorithm
(trainscg) was used as the training function to update the network weights and biases [50].
SCG is efficient in terms of computation and works well with big datasets [50,51]. The
training function minimizes the error between predicted and real outputs using gradients
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obtained via backpropagation [51]. The ANN was implemented using MATLAB R2025b to
train 70% of the dataset. A total of 15% of the training dataset was reserved for validation.
The remaining 30% of the dataset was used to evaluate the ANN models. Table 4 presents

the parameters of the ANN model that were used for both prediction methods.

Table 4. Architecture and parameters of the ANN models used for both prediction methods.

Parameter

Specification

Input layer size

4 input neurons

Hidden layers 2 hidden layers

Hidden layer 1 5 fully connected neurons
Hidden layer 2 5 fully connected neurons
Output layer 1 fully connected neuron

Activation function (hidden)

Nonlinear activation tansiq (default)

Training algorithm (optimization method)

Scaled conjugate gradient (trainscg)

Loss function

MSE

Epochs 1000 (default)
Performance goal 0 (default)
Minimum gradient 1x10°°

4.2. LSTMs

The matter of gradient vanishing, a significant block for traditional recurrent neural
networks, prompted Hochreiter and Schmidhuber in 1997 [52] to discover long short-term
memory (LSTM) networks to address this challenge. They were a big step forward in
deep learning because of their unique design and control mechanisms [53,54]. LSTM
networks are an improved version of recurrent neural networks. They are designed to store
information from past data for extended periods. Their design for processing sequential
data also makes them adept at using past data to predict future events [55,56].

The core idea of LSTM networks is that they have various components whose struc-
ture is a sophisticated framework designed to store and manage information over long
sequences. The cell state, the hidden state, and the gates are all these components. The
network memory is the cell state, and it is designed to keep information from earlier time
steps to avoid the problem of vanishing gradient. The hidden state is used for making
predictions. Finally, there are three types of gates, each serving a specific purpose:

e Input gate: Using the sigmoid function to determine which new information from the
current inputs will be used to update the cell state.

e  Forget gate: Using the sigmoid function to determine which information from the
previous cell state should be discarded.

e  Output gate: This regulates which information from the network’s memory will
be output.

Figure 10 shows the structure of the LSTM network, including the connections between
the gates, cell state, and hidden state.

In this study, the LSTM models were implemented using MATLAB to train 70% of the
dataset. A total of 15% and 10% of the training dataset was reserved for validation and
testing, respectively. The remaining 30% of the dataset was used to evaluate the LSTM
models based on the types of prediction methods applied. Table 5 presents the parameters
of the LSTM model that were used for both prediction methods, and Figure 11 shows the
LSTM network architecture based on the proposed prediction methods.
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Table 5. Architecture and parameters of the LSTM model used for both prediction methods.

Parameter Specification
Input layer Sequence input with 4 features
LSTM layer 20 hidden units
Fully connected layer 1 10 neurons
Output layer 1 fully connected neuron
Activation function ReLU
Optimizer RMSProp
Epochs 100
Learning rate 0.001
Forget gate Input gate Output gate N
- ) (+] .
tanh
X
Wl Holl | -
I I A g

. /

Input data Xt
S Hyperbolic tangent )
Lo’ Sigmoid function P ction ® Element-wise product Pointwise addition

Figure 10. The structure of the LSTM network. For more information, see Refs. [53,54,57].
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Figure 11. LSTM network architecture based on the proposed prediction methods.
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4.3. Transformer

Transformer models are among the most powerful and newest types of neural network
models [58,59]. They were first introduced in 2017 under the title of “Attention is All You
Need” [60] and are now deemed a turning point in deep learning. The main feature of
transformer models is their self-attention mechanism [60], which grants them the maximum
ability to process sequential data and discover the relationships between parts of the input
sequence. This feature enabled transformers to outperform other neural networks, like
CNN (Convolution Neural Network) and RNN (Recurrent Neural Network). RNNs can
process short sequences in a specific order because they receive the input sequence elements
one by one. LSTM networks have mitigated this constraint [52]. However, transformers
outperform in this regard due to their attentional mechanisms that can examine the entire
sequence simultaneously and clearly understand long-range dependencies [61]. Further-
more, this feature allows for parallel processing, enabling the achievement of multiple
computational steps at once instead of sequentially. Additionally, its ability to perform
parallel training and capture long-range dependencies has garnered considerable attention,
leading to its widespread use in various disciplines, such as language processing, computer
vision [62-66], and time series prediction [67].

The operation of transformer models can be summarized in the following steps [60]:
1- Input embeddings.

2- Positional encoding.

3- Generating vectors.

4-  Self-attention mechanisms.

5-  Multi-head attention.

6- Layer normalization and residual connections.
7-  Output layer.

In this study, the Transformer models were implemented using Python 3.14 to train 70%
of the dataset. A total of 15% and 10% of the training dataset was reserved for validation and
testing, respectively. The remaining 30% of the dataset was used to evaluate the Transformer
models based on the types of prediction methods used. Table 6 presents the parameters of
the Transformer model that were used for both prediction methods, and Figure 12 shows
the Transformer network architecture based on the proposed prediction methods.

Table 6. Architecture and parameters of the Transformer model used for both prediction methods.

Parameter Specification

Input embedding layer Linear layer: 4 — d_model (64)
Embedding size (d_model) 64

Transformer encoder layers 3 layers

Self-attention Multi-head attention with 4 heads
Feedforward dimension 128

Output layer Linear layer: d_model (64) — 1
Activation function ReLU (default)

Optimizer Adam

Loss function MSE

Learning rate 0.001

Epochs 40
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Figure 12. Transformer architecture network based on the proposed prediction methods.

4.4. IDM

Over the years, numerous classical mathematical car-following models have been
proposed, contributing to our understanding of driver behavior and traffic flow. These
models have produced varying levels of performance in terms of computational efficiency,
accuracy, and realism [68]. Among these models, the Intelligent Driver Model (IDM) [9] is
distinguished as the most widely used in various applications for understanding traffic con-
ditions such as congestion, stop-and-go oscillations, and free flow. It is also distinguished
by its ability to adjust acceleration based on factors such as relative speed, safety distance,
and desired velocity. In this study, it was adopted for comparison with the selected artificial
intelligence models (ANN, LSTM, and Transformer) to provide an additional benchmark
for the accuracy of the conclusions.

With MATLAB software, the IDM was implemented using the dataset, with 70% for
training and 30% for testing. Because the IDM has five parameters that need to be calibrated
(a,b, S, T, and V,), the Genetic Algorithm (GA) was used to calibrate and optimize these
parameters and then identify the parameter set that minimized the error between the model
output and the actual vehicle behavior data, as shown in Figure 13. The iterative process
(generations) continued until the stopping criterion (when the average change in the fitness
value was less than 1 x 10~%) was satisfied. The IDM with the optimized parameter set
was evaluated by Equation (11) using the remaining 30% test dataset.

2
AT S*
Ay(tran =a|l— ( A ) - % (11)

where
Ay(t+at) 18 the acceleration of the follower vehicle at the next time step, At = 0.1 s.
a is the maximum acceleration.
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Vi) 1s the speed of the follower vehicle at time step (¢).

Vs is the desired velocity.

J is the acceleration exponent (set to 4).

S(1) is the actual gap to the leading vehicle at time step (f).
Sty = Leader Position — Follower Position — Leader Length.
5* is the desired minimum gap, calculated as:

V) AV
§* = S+ Vg T+ 01

N/ (12)

S, is the minimum gap.

T is the desired time headway.

AV 1y = Vi) — Viu—1(p) 1s the relative velocity between the leader and follower vehicles.
Vii—1(¢) is the speed of the lead vehicle at time step (£).

b is the comfortable deceleration.

After calibrating the IDM using the training dataset, the optimized parameter set was

determined as follows: a = 1.17 m/s%, b = 213 m/s%, S, =3.37m, T = 0.99 s, and
Vo = 26.78 m/s.

NGSIM Data processing
Sample with 100 trajectories
70 for training, 30 for testing

V
Initialize GA
parameters

—

V

Evaluate IDM model
- Compute error

GA operators
Reproduction
Crossover
Mutation

!

Solution
convergence
Minimum
error

No

Yes

Best IDM
parameters

V

Testing 30 trajectories
and save results

Figure 13. Flow chart for calibration of IDM.

Based on the optimized parameter set, the IDM results were calculated according to

the test dataset, and the average results of the evaluation metrics (RMSE, MAE, MASE, and
R2) for the follower vehicles in the test dataset were calculated as shown in Table 7.
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Table 7. The average of evaluation metrics for the test dataset, according to the IDM.

Model Follower Acceleration Follower Speed Follower Position
Type RMSE MAE MASE R? RMSE MAE MASE R? RMSE MAE MASE R?
IDM  0.3953 0.3048 6.4268 0.5421 0.9497 0.7497 13.9983 0.8587 7.0966 5.4225 4.4596 0.9952

5. Experimental Results and Discussion

The ANN, LSTM, and Transformer models were applied according to the types of
prediction methods mentioned in Section 3.1. The average results of the evaluation met-
rics (RMSE, MAE, MASE, and RZ) for the test dataset of follower vehicles are shown in
Tables 8-10 for the ANN, LSTM, and Transformer models, respectively.

Table 8. Average of the evaluation metric results for the test dataset according to the type of

ANN model.
Follower Acceleration Follower Speed Follower Position
Model Type
RMSE MAE MASE R? RMSE MAE MASE R? RMSE MAE MASE R?
ANN 03736 02981 6.2438 0.5632 1.0678 0.8301 15628 0.8591 81775 6.3999 52565 0.9956

ANN & IPE 0.3717 0.2956 6.1874 0.5664 1.0341 0.8062 15.158 0.8685 8.0029 6.2619 5.1372 0.9957

Percentageof ) \o0 0819  09%  057% 3.16% 2.88% 301% 1.09% 2.13% 215% 2.27%  0.01%

Improvement

Note: Bold numbers indicate the best values.

Table 9. Average of the evaluation metric results for the test dataset according to the type of
LSTM model.

Follower Acceleration Follower Speed Follower Position
Model Type
RMSE MAE MASE R? RMSE MAE MASE R? RMSE MAE MASE R?
LSTM 03732 02979 6.2012 0.5682 1.0861 0.8479 15888 0.8519 7.6267 5.8705 4.8332 0.9962

LSTM & IPE  0.3712 0.2954 6.1595 0.5707 0.9537 0.7443 14.098 0.8792 6.5993 4.9967 4.1151 0.9968

Percentage of ) oo (9500 067%  044%  122% 122% 113% 321%  135%  14.9% 14.9%  0.06%

Improvement
Note: Bold numbers indicate the best values.
Table 10. Average of the evaluation metric results for the test dataset according to the type of
Transformer model.
Follower Acceleration Follower Speed Follower Position
Model Type

RMSE MAE MASE R? RMSE MAE MASE R? RMSE MAE MASE R?
Transformer 03686 0.2891 6.0267 0.5661 1.0311 0.8110 14.446 0.8241 10.016 7.5448 6.2142 09717
Transformer & IPE  0.3611 0.2850 5.9529 0.5809 0.8692 0.6718 12.676 0.9009 6.0891 4.6686 3.8571 0.9972

Percentage of 2.04% 1.42% 1.22% 2.62% 157% 17.2% 12.3%  9.32% 392% 381% 37.9%  2.62%
Improvement

Note: Bold numbers indicate the best values.

As shown in Tables 8-10, the percentage of improvement for each evaluation metric
(RMSE, MAE, MASE, and R?) was calculated. The results indicate that all models using
the proposed prediction method [Av, Ax, Vn, IPE], which includes the variable of IPE
analysis results, outperformed those using the traditional prediction method [Av, Ax, Vn].
The percentage of improvements varied among the models, with the Transformer & IPE
model showing the best performance. For the follower acceleration output, for example,
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the percentage improvement was 2.04%, 1.42%, 1.22%, and 2.62% for RMSE, MAE, MASE,
and R?, in that order. The ANN & IPE model performed less well, with percentages of
0.49%, 0.81%, 0.9%, and 0.57%, respectively. Similar results were observed for the follower
speed and follower position outputs. These improvement percentages demonstrate that
adding IPE analysis results as a new input variable to the Al-based car-following models
improved overall prediction performance for the outputs of follower acceleration, follower
speed, and follower position.

The IDM was also used to evaluate the competence of the Al-based car-following mod-
els that used the proposed prediction method. The IDM was prepared and implemented
to train and test the same real-world traffic data used. The average results of evaluation
metrics (RMSE, MAE, MASE, and R?) for the test dataset of follower vehicles are shown
in Tables 11-13 for the ANN & IPE, LSTM & IPE, and Transformer & IPE models, respec-
tively, with IDM. The percentage of improvement for each evaluation metric (RMSE, MAE,
MASE, and R?) was also calculated. The results indicate that all Al-based models using the
proposed prediction method [Av, Ax, Vn, IPE], which includes the variable of IPE analysis
results, outperformed the IDM for the follower acceleration variable across all evaluation
metrics. However, only the Transformer & IPE model outperformed the IDM for follower
acceleration, follower speed, and follower position variables across all evaluation metrics.
The percentages of improvement varied between satisfactory and unsatisfactory for the
ANN & IPE and LSTM & IPE models, as shown in the tables, indicating that Transformer
models outperformed the ANN and LSTM models in prediction.

In addition to the evaluation metrics, further tests were conducted to provide a compre-
hensive evaluation about incorporating the IPE analysis results into the Al-based models.
It included statistical testing, ablation experiments, and feature contribution analysis.

The statistical one-tailed ¢-test method was conducted on different model pairs across
three response variables (follower acceleration, follower speed, and follower position) to
assess whether the first model in each comparison achieved significant improvement in
reducing the prediction errors using the null hypothesis Ho : pq — o > 0, where p; and
u refer to the mean absolute errors of the first and second models, respectively.

Table 11. Average of the evaluation metric results for the test dataset according to the IDM and
ANN&IPE model.

Follower Acceleration Follower Speed Follower Position
Model Type
RMSE MAE MASE R? RMSE MAE MASE R? RMSE MAE MASE R?
IDM 0.3953 03048 6.4268 05421 09497 0.7497 13.998 0.8587 7.0966 5.4225 44596 0.9952
ANN & IPE 03717 0.2956 6.1874 0.5664 1.0341 0.8062 15.158 0.8685 8.0029 6.2619 5.1372 0.9957
Percentage of 5 o0 30100 370%  449% —89% —75% —83% 115% —12% —15% —15%  0.05%
improvement
Note: Bold numbers indicate the best values.
Table 12. Average of the evaluation metric results for the test dataset according to the IDM and LSTM
& IPE model.
Follower Acceleration Follower Speed Follower Position
Model Type
RMSE MAE MASE R? RMSE MAE MASE R? RMSE MAE MASE R?
IDM 0.3953 03048 6.4268 05421 09497 0.7497 13998 0.8587 7.0966 5.4225 44596 0.9952
LSTM & IPE  0.3712 0.2954 6.1595 0.5707 0.9537 0.7443 14.098 0.8792 6.5993 4.9967 4.1151 0.9968
Percentage of /g0 3700 416% 528% —04% 071% —07%  2.4% 7%  7.85% 7735  0.165

Improvement

Note: Bold numbers indicate the best values.
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Table 13. Average of the evaluation metric results for the test dataset according to the IDM and
Transformer & IPE model.

Follower Acceleration

Follower Speed Follower Position

Model Type

RMSE MAE MASE R?> RMSE MAE MASE R?> RMSE MAE MASE R?
IDM 0.3953 0.3048 6.4268 0.5421 09497 0.7497 13998 0.8587 7.0966 54225 44596 0.9952
Transformer & IPE 0.3611 0.2850 5.9529 0.5809 0.8692 0.6718 12.676 0.9009 6.0891 4.6686 3.8571 0.9972
f;gfﬁ:ﬁfeﬁi 8.64% 651% 7.37% 715% 847% 104% 9.44% 4.92% 142% 139% 135%  02%
Note: Bold numbers indicate the best values.
For the comparisons (ANN & IPE-ANN, LSTM & IPE-LSTM, and Transformer
& IPE-Transformer), the results revealed that all t-statistics were negative and associated
with extremely small p-values far below the conventional significant level (o« = 0.05) shown
in Table 14, providing strong evidence to reject the null hypothesis. This evidence confirms
that by adding the IPE analysis results, the Al-based models consistently achieved lower
mean absolute errors across all outputs (follower acceleration, follower speed, and follower
position) than the models without the IPE analysis results.
Table 14. T-test comparisons for different models.
Follower Acceleration Follower Speed Follower Position
Model Type
t Stat p-Value t Stat p-Value t Stat p-Value
ANN & IPE + ANN —4.62 1.93 x 107° -16.72 1.82 x 1072 —13.69 1.08 x 10742
LSTM & IPE + LSTM —4.93 3.97 x 1077 —40.36 0 —52.97 0
Transformer & IPE + Transformer —6.27 1.79 x 1010 —16.00 221 x 1077 —-15.23 3.16 x 1072
ANN & IPE + IDM —4.24 1.08 x 1072 15.68 3.58 x 107 33.10 3.23 x 107230
LSTM & IPE + IDM —5.75 439 x 107° 4.34 7.02 x 1076 —-1.91 0.028
Transformer & IPE + IDM —13.97 242 x 1074 —1143 2.05 x 10730 ~8.16 1.79 x 10716

In comparisons involving the IDM, the results revealed that only the Transformer & IPE
model outperformed the IDM for all outputs, whereas the results of the ANN & IPE and
LSTM & IPE models varied between satisfactory and unsatisfactory, as shown in Table 14.
These results align with the results of the evaluation metrics comparing the IDM with the
Al models shown in Tables 11-13, indicating a disparity in the predictive efficiency of the
Al models. Transformer models demonstrated higher efficiency, while ANN models were
less efficient, a difference attributed to the models’ structure and development, particularly
in their ability to handle complex data patterns and learn from larger datasets effectively.

In addition to the proposed prediction method, we used the leader position data (Xt) as
a new input variable, replacing the IPE analysis results of the leader position data to allow
for further comparison. By systematically removing or substituting variables, the ablation
study was conducted for the Transformer & IPE model to reveal the relative importance of
each variable in prediction accuracy.

The results shown in Table 15 and Figure 14 reveal that the proposed prediction
method (Ax, Av, Vn, IPE), including IPE analysis results, produced the lowest RMSE values
(0.3611, 0.8692, and 6.089) across all the outputs of follower acceleration, follower speed,
and follower position, respectively. While replacing the IPE analysis results with leader
position data Xt (Ax, Av, Vn, Xt) introduced worse performance across all the output,
indicating that this variable does not enhance predictive accuracy, this result is evidence
of the advantage of using IPE in analyzing leader position data to improve the prediction
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accuracy of the Al-based car-following models instead of using leader position data directly.
However, even if the individual contribution of IPE analysis results seems relatively small,
its inclusion led to measurable performance gains.

Table 15. Ablation experiment comparison for Transformer models.

Input Variable Follower Follower Follower
Scenario Acceleration RMSE Speed RMSE Position RMSE

(Ax, Av, Vn, IPE) 0.3611 0.8692 6.0890
(Av, Vn, IPE) No Ax 0.5001 2.7549 24.9696
(Ax, Vn, IPE) No Av 0.6297 3.7290 61.8244
(Ax, Av, IPE) No Vn 0.3799 0.9296 6.9903
Origin (Ax, Av, Vn) 0.3686 1.0311 10.0169
(Ax, Av, Vn, X1 *) 0.3887 1.2129 15.3703
(Av, Vn, X1) No Ax 0.4649 2.5667 49.5486
(Ax, Vn, X1) No Av 0.7989 5.5709 70.2001
(Ax, Av, X1) No Vn 0.3705 0.9642 9.2909

* Xu: leader position, Note: Bold numbers indicate the best values.
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Figure 14. Ablation experiment comparison for Transformer model based on different input variables.

For the feature contribution analysis, four complementary importance techniques were
used: perturbation analysis, gradient-based attribution, SHAP values, and permutation
importance to quantify the contribution degree of each input variable in terms of the
Transformer & IPE model.

The results shown in Table 16 reveal that IPE analysis results had a minimal contri-
bution degree across perturbation analysis, gradient-based attribution, SHAP values, and
permutation importance. However, this limitation can be attributed to the nature of variable
interaction effects, where a variable with low marginal weight may still improve model
performance when combined with other inputs. Thus, instead of serving as a primary
driver, the collective evidence refers to IPE analysis results acting as a supportive variable
that enhanced the capability of the model.

Table 16. Feature contribution analysis for Transformer models.

Variable Perturbation Gradient Based SHAP Permutation
Contribution Analysis Attribution Values Importance
Ax 26.66 32.24 34.75 31.26
Av 33.19 1.66 6.85 52.67
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Table 16. Cont.
Variable Perturbation Gradient Based SHAP Permutation
Contribution Analysis Attribution Values Importance
Vn 31.85 60.64 57.7 43.83
IPE 8.3 5.46 0.7 1.02

As indicated in the conclusion regarding the hypotheses in Section 2.1, the IPE analysis
results have proven their ability to improve Al-based car-following models that predict the
movement of follower vehicles, unlike real vehicle position data.

6. Conclusions

One of the advantages of IPE is its ease of direct application to local position data and
interpretation of the results. It is also capable of converting vehicle position data from an
unlimited range to a limited range between 0 and 0.3317. This study has identified that an
IPE analysis result equal to 0.3317 indicates a streamlined movement, while any deviation
from this value indicates a relative change in velocity. In other words, an IPE analysis result
of 0.3317, based on the previously mentioned parameters, serves as the reference value
for any vehicle traveling at a constant speed. Therefore, any slight variation in the IPE
analysis results of lead vehicles will directly affect their follower vehicles, according to
car-following theory.

This study adopted two types of prediction methods to examine the efficiency of IPE
analysis results in developing artificial intelligence-based car-following models. First, we
used the traditional prediction method, which includes relative velocity, relative distance,
and velocity of the follower vehicle as input variables to predict the follower acceleration.
Second, in addition to the variables in the first prediction method, we added the IPE
analysis results of the lead vehicle’s position data as a new input variable to predict the
follower acceleration.

Three types of neural networks were adopted according to the development of ar-
tificial intelligence models: artificial neural networks (ANNSs), long short-term memory
networks (LSTMs), and Transformer models, and they were applied according to the types
of prediction methods. The IDM was also used to evaluate the competence of the Al-based
car-following models that used the proposed prediction method.

Four types of evaluation metrics (RMSE, MAE, MASE, and R?), in addition to t-tests,
ablation experiments, and feature contribution analysis, were used to provide a compre-
hensive evaluation of incorporating IPE analysis results into the baseline Al-based models.
Overall, the integration of the findings shows that adding IPE analysis results improved
the performance of the original models, and the Transformer & IPE model outperformed
the other models. Although the individual contribution of IPE analysis appears relatively
small, its inclusion produced a statistically significant reduction in prediction errors.

The IPE is effective for analyzing real trajectory data, and its results accurately reflect
vehicle behavior as measured by car-following models, thereby supporting the recommen-
dation to use it in analysis of car-following theory.

For the proposed approach, the experimental analysis is based only on data from lane
1 of the NGSIM US-101 dataset, which represents a limitation. Therefore, future research
should consider incorporating more diverse, more recent datasets. Furthermore, future
research on using the IPE in shockwave analysis and comparisons among different types of
entropy is suggested.

Finally, IPE enables researchers to improve existing car-following models and traffic
flow theories, including trajectory planning, driver assistance devices, adaptive cruise
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control (ACC), and cooperative adaptive cruise control (CACC). It will serve as a foun-
dation for future studies utilizing these technologies and their applications in intelligent
transportation systems and autonomous and connected vehicles.
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Appendix A

To explain the IPE algorithm, let us consider a one-dimensional time series signal
denoted as
x = {x}1, (A1)

where N is the length of the time series.

Step 1: Partition the one-dimensional time series x into a matrix of overlapping
column vectors.

This partitioning uses two hyperparameters:

D = The embedding dimension, which controls the length of each of the new
column vectors.

T = The embedding time delay, which controls the number of time periods between
elements of each of the new column vectors.

Selecting the embedding dimension D and the time delay T for the time series gives
us the D x | reconstruction matrix, and the sample data in Equation (A1) are partitioned

as follows:
X(l) X(z) . x]‘
¥ = x(1‘+r) x(2.+r) x(j.+r) (A2)
X(1+(D-1)t  X@+(D-1D)t -+ X(j+(D-1)t

where j denotes the column number in the reconstruction matrix.

J = N — (D — 1)t denotes the total number of columns in the reconstruction matrix.

Step 2: Digitize the first row of the reconstruction matrix in Equation (A2) X (1,j) by
the uniform quantization UQ(x;) function and place it in the first row of the permutation
matrix S (1, ).

The uniform quantization UQ(x;) function (A3) converts each value of the first row of
the reconstruction matrix into an integer digit / whose valueis 0 <1 < L —1.

UuQ(x;) =1 1=(0,1,...,L—1)
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0 Xmin 1A < x; < xmin—k(l—f—l)A
1 Xoin + I8 < x; < Xpin + (1 +1)A

uQ(x) =4 ' (A3)

L—1 xpiy+IA<xi <xpin+ (1+1)A

(xmux - xmin)
L

where x,,i, and x,x represent the minimum and maximum values of the one-dimensional

A= (A4)

time series x, respectively.

L is the number of discretization levels (quantization levels).

A is the spacing between the quantization levels (A4).

Step 3: Afterwards, other rows of the permutation matrix S (1, j) (where 2 < n < D)
are obtained from Equation (A5), based on the first row of reconstruction matrix (A2),
X (1)) N} N

Senj) =S+ V"']) A & )J (A5)
1<j<N-(D-1)7,

2<n<D,
where | | represents a function that rounds the elements in it to the nearest integers
towards zero.

Finally, S is defined as the D X | permutation matrix. Each column of permutation
matrix S will correspond to one of the possible permutation patterns 777, 1 < [ < LD ie.,
there are LP patterns.

The possible permutation patterns 77, (1 < [ < LP), will be equal to LP pat-
terns [45,48], i.e., when D = L = 3, there are 3° = 27 patterns, as shown in Table A1 tbelow.

Table A1l. The possible permutation patterns according to LP.

= {0, O, 0} 7110 = {1, O, 0} 7719 = {2, 0, 0}
Tl = {0,0,1} T = {1,0,1} TTo = {2,0,1}
73 — {0, 0,2} 7T = {1, 0,2} 7Ty1 = {2, 0,2}
my = {0,1,0} m3 = {1,1,0} T = {2,1,0}
s = {0,1,1} my = {1,1,1} T3 = {2,1,1}
e = {0, 1,2} 15 = {1, 1,2} T4 = {2, 1,2}
7 = {0,2, 0} e — {1,2, 0} Tlo5 = {2,2,0}
g — {0,2,1} my = {1,2,1} Tl — {2,2,1}
9 = {0,2,2} mg = {1,2,2} Ty = {2,2,2}

Step 4: Compute the probability distribution P; of each pattern 7r;, where P, is the
probability of pattern 77, which is computed from the relative frequency occurrence of 7
in permutation matrix [S]. After that the IPE can be computed according to Equation (1) in
Section 2.1. Figure A1 shows the example calculation for the first scenario, stopping without
movement, presented in Section 2.1.1, and Figure A2 shows the example calculation for
the second scenario, one type of movement (free flow or congestion) without stopping,
presented in Section 2.1.2.
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Figure Al. The IPE calculation method for the scenario of stopping without movement for vehicle
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Figure A2. The IPE calculation method for the scenario of free flow or congested movement for
vehicle ID 1.
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