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Abstract. Car following is critical for the overall safety, efficiency, and smooth operation of
autonomous vehicles in traffic. However, the existing car-following model primarily focuses on
local feature extraction, overlooking the spatial-temporal relationships between vehicles and key
information within the time series. This limitation negatively impacts prediction accuracy and
generalization capabilities. To tickle these problems, this paper proposes a novel car-following
method based on a Graph Convolutional Network (GCN) and a self-attention mechanism.
Firstly, the GCN network is utilized to construct the spatial-temporal structure of the car-
following model, which can effectively obtain topological structure relationships among vehicles.
Secondly, the self-attention module is designed to assign different attention weights to different
neighbors of a node in the car-following model, which can facilitate the capture of various
aspects of node relationships simultaneously and enhance its expressive power. Finally, the
Multi-Layer Perceptron (MLP) layer is employed to predict the future behaviors of following
vehicles. The proposed car-following model (CF) was trained and evaluated using five real-world
datasets: HighD, SPMD, Waymo, NGSIM, and Lyft. The results indicate that our method
outperforms other existing methods in Mean Squared Error (MSE) of spacing and achieves a
zero collision rate on all datasets. These findings indicate that the GCN-SATO proposed in this
paper enhances safety and smooth operation compared to other existing models.

Keywords: Car-following, Traffic Simulation, Traffic Flow, Data-driven approach.

1. Introduction
Autonomous driving describes a technology that permits a vehicle to run without requiring
direct input from a human driver. This technology holds promising potential, including reducing
traffic accidents caused by human error[l], improving traffic flow and efficiency, and providing
mobility to individuals unable to drive. The car following model significantly contributes to
creating autonomous driving systems that are more efficient, safer, and more comfortable to
use. Therefore, the car following model plays a critical role in the development of autonomous
driving systems. With the rapid development of artificial intelligence, the automatic vehicle
following model, which simulates human driving behavior with the help of intelligent technology,
has become a research hotspot.

Over the past seven decades, the car-following model has been studied and discussed
by researchers, which was first proposed by Pips in 1953[2]. From then on, A significant
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variety of car-following models were introduced and categorized into two primary groups:
mathematical driven models and data-driven models. Firstly, mathematical car-following models
mathematically describe driving behavior in different traffic conditions. The Optimal velocity
model (OVM)[3] was introduced based on the intuitive changes in car speed, the Gipps model[4]
applied the notion of a safe distance, the intelligent driver model (IDM)[5] represents a driver-
based desired goal method, and the Gazis-Herman-Rothery model (GHR)[6] is recognized as
the initial stimulus-response model. Some researchers stated that the mathematical model-
driven approach has a relatively safe performance, while it has a lower accuracy rate. Secondly,
data-driven car-following models accurately simulate driving behavior based on data without
manual intervention. Toledo[7] stated that driver’s behaviors always depend on their historical
driving behaviors and the departed traffic flow state, and other researchers[8, 9] also pointed
out that CF models depending on the historical driving behaviors can describe the traffic flow
characteristics better. The LSTM-NN model[10] can effectively catch the asymmetric driving
behavior due to its advantage on taking historical information into account. The RNN model[11],
and the Gate Recurrent Unit (GRU) NN model[12] including 10 second historical driving
behavior, outperform IDM. In addition, reinforcement learning (RL) was also intensively applied
in car-following behavior modeling[13, 14]. Utilizing deep deterministic policy gradient (DDPG)
model[14] results in less collision and lower MSE of spacing. Data-driven car-following models
could extract more important details from realistic traffic flow and accurately predict the future
following vehicles’ behaviors, compared to mathematical driven models.

The above methods have achieved satisfactory performance, but the following challenges still
need to be addressed: (1) The spatial-temporal structure of the car-following model. This
structure describes the behavior of vehicles over time and space as they follow one another. The
model primarily considers three dimensions: time, the spatial position of the vehicle, and the
speed of the vehicle. These dimensions together form the decision-making mechanism for the
following vehicles, which can ensure optimal conditions for driver behavior in terms of safety and
efficiency. However, current methods pay little attention to the spatio-temporal characteristics
of vehicle following, which can impact the accuracy of predictions. (2) Dynamic relationship
between vehicles. The dynamic relationship between vehicles in a car-following model involves
a complex interaction of multiple factors, which is essential for autonomous vehicles to make
secure and effective decisions depending on their surroundings. The topology relationship of a
car-following model can be represented as a dynamic graph structure, with its size and structure
constantly changing over time. The importance of nodes and their neighbors in the graph
structure also varies. If this problem is ignored, it will make the model difficult to adapt to
different topologies, which will affect the robustness and generalization ability of the model.
To tackle this issue, we introduced a novel car-following model based GCN and self-attention
mechanism, which is named GCN-SATO. The proposed method was trained and tested on five
real-world datasets(HighD, SPMD, Waymo, NGSIM, and Lyft.), and it has achieved state-of-the-
art performance compared to current existing models. The experimental results demonstrate
that our method exhibits strong robustness and generalization capabilities, which provides a
more comfortable and safe driving behavior for autonomous driving.

In short, the novelty and significant contributions of the study are as follows:

e A novel method that utilizes Graph Convolutional Networks (GCN) and self-attention is
proposed for the car-following model. The GCN network is utilized to build the spatial-
temporal structure within this model, which is aim to improve the prediction accuracy.
This structure is specifically designed to create a realistic flow of traffic, which can enhance
the efficiency, safety, and comfort of driver behavior.

e The self-attention mechanism is introduced into our model to handle the dynamic graph
of the car-following model with varying sizes and structures. This mechanism assigns
different attention weights to different neighbors of a node, which makes it adaptable to
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Figure 1: System Architecture

different graph topologies. The self-attention mechanism can improve the robustness and
generalization ability of the proposed model.

e We conducted a comparison of our method with other state-of-the-art methods using five
public datasets (HighD, SPMD, Waymo, NGSIM, and Lyft.). The experimental results
revealed that our method outperforms other existing models in MSE of spacing, TTC, Jerk
and achieves a zero collision rate in all datasets.

The rest of this paper is structured as follows: Section 2 outlines the proposed method; the
details on datasets, evaluation criterion, and experimental results are provided in Section 3; the
conclusion are presented in Section 4.

2. Methodology

In this section, the car-following based GCN-SATO model is proposed, which consists of four
parts: the input module, the graph convolutional network module, the self-attention mechism
module, and the output module. For the purpose of obtaining better spatial-temporal feature
from data, as shown in Fig.1, the historical n time series data is initially transformed into a
graphical representation, serving as the input for the network. First, as the input module,
the Multi-Layer Perceptron (MLP) serves to encode and transform the data, enhancing its
comprehensibility and facilitating processing by subsequent layers within the network. Second,
the processed data is fed into the graph convolutional network module, enabling model to catch
effectively topological structure relationships among vehicles. Third, the obtained data with
temporal-spatial features are input into the self-attention module to assign different attention
weights to different neighbors of a node. Finally, we get the predicted vehicle acceleration
through the Multi-Layer Perceptron (MLP).

2.1. Problem Definition

Definitionl: car-following event network G;. An unweighted graph G; = (V;, E) is employed
to represent the topological structure of the car-following event network, where each node
corresponds to one frame of historical information, V; is a set of frame historical information,
Vi = {vi—9,vi—8,Vi—7,...,v; }, with the total number of the nodes being 10. The set E represents
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the edges between these nodes. The adjacency matrix A is employed to depict the connection
among F' frame historical information, A € RF*F where F is 10 in this paper.

Definition2: feature matrix X*3. In a car-following event network, the 10 frames of
historical information are considered the attribute features of the nodes. This is expressed as
X € RX3, where F denotes the amount of node attribute features (the length of the historical
time series). The matrix X; represent the historical information at time 3.

Thus, the car-following problem can be viewed as learning a map function f derived from the
car-following event network G and feature matrix X, with the objective of forecasting vehicle
acceleration for the subsequent T moments, as illustrated in eq.1:

Ace; = f(Gi; X;),1 € (F, Total_FEvent — F) (1)
where Total__Event is the number of historical time series in one car-following event.

2.2. Graph Convolutional Network module

Currently, the Long Short-Term Memory[15] stands as the most prevalent neural network model
for handling sequence data, renowned for its capability in long-term prediction. Additionally,
in [16], both Long Short-Term Memory and Gated Recurrent Unit architectures were employed
to model car-following behavior, contributing to enhanced performance of the car-following
model. In [17], an unidirectional interconnected LSTM-based car-following model (Int-LSTM)
addressed the issue of error propagation. However, these existing car-following model usually
focus on temporal relationsips between vehicles, overlooking spatial relationships.

In this research, we propose a GCN Module based the graph convolutional network[18] to
acquire the spatial-temporal dependence. Given an adjacency matrix £ and a feature matrix
X, the GCN model creates a filter in the Fourier domain. This filter captures spatial-temporal
characteristics between nodes through their immediate neighborhoods. The GCN module is
then constructed through the stacking multiple convolutional layers, as shown in eq.2:

H'" = (D 2ED 2 HDpM) (2)

where E = E + Iy, Iy is the identity matrix, D= Zj flij, D is the degree matrix, HW is the
output features of I layer, () embraces the weighting parameters of that layer, and o() is the
sigmoid function.

The multiple GCN layers is utilized to capture temporal dependence, as illustrated in eq.3:

f(X,E)=0(E ReLU(E ReLU(EX Wy) Wy) Wy) (3)

where £ = D=3 ED™% denotes pre-processing step. Wy € RF*M Wy € RM*H and Wy € REXT
is the weight matrix between hidden layers relatively.

2.8. Self-Attention module
Acquiring the dynamic relationship between vehicles is a crucial problem in car-following model.
The convolutional neural network (CNN) is capable of extracting local spatial features, but it is
challenging to concentrate on crucial regions within a broader context or larger set of information.
However, the Attention mechanism[19] addressed the problem mentioned above, which has been
widely adopted in many fields.

Let I € RVN*T be the output embedding features of GCN, which also the input feature
for the self-attention module, and it outputs G € RV*T embedding features. Let fi € RT,
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gj € RTeut represent the corresponding tensor of node (j). Then, the output of the Muti-Head
Self-attention layer is expressed as:

N
=1 awll g wlrawd i, (4)

a€Ng(4)

where N denotes N attention heads, and Wq(l), W(l), 151) are the projection matrices for queries,
keys and values in Muti-Head Self-attention layer [, respectively. N (j) is a local region of nodes
with spatial extent k centered around (j), and A(W(El) fis W,gl) fa) is the attention weight related
to the features within Ny (7).

The attention weights are expressed as:

W(l) \NT W(l) 3
AWO £ w0 g, ~ softmaz (( y f% Wy >> 5

where d represents the feature dimension of Wq(l) fj

2.4. Loss Function ) )
During the model training, the aim of proposed model is to narrow the gap between the actual

values and the simulated values by iteratively updating the model parameters through loss
calculation. The loss function of the GSTAM-CF based CF model is expressed as:
loss = (Accn_1.,(t) — Acc?®, (1)) (6)

n—1n

where Accp—1,,(t) and Accgbflm(t) are the predicted and objective acceleration at time step ¢,
repectively.

3. Eﬁeriments and Evaluations
5.1, Dataset - . . - .
In this section, our model is trianed and inferenced using five real-world driving datasets: HighD,

SPMD, Waymo, NGSIM and Lyft dataset. We extracted car-following events from these datasets
as described in [14]. A total of 1930, 24247, 1440, 24093, and 12540 car-following events were
extracted from these datasets, respectively. In particular, the time interval of data sampling for
HighD dataset is 0.04 second, and for other datasets is 0.1 second.

3.2. Evaluation Criterion ) )
In a real autonomous driving environment, comfort, accuracy and safety play a crucial role for

car-following model, thus we utilized mean square error of spacing(msespacing), collision rate,
Jerk and TTC to evaluate the prediction per-formance of the car-following based GCN-SATO
model.

For each car-following event, the MSE of spacing, collision rate, Jerk and TTC can be
computed as:

N

1 obs 2 .o N, collision__event
MSE = + Z§1j(sn1,n(t) — 8%, (1))2, Collision Rate = - colision_cvent M)
an(t) — an(t — 1) S 1n(t)
= TTC(t) = — 2=t
Jerk a, , C(t) NN (8)

where N represents the overall amount of objectives, ¢ is an objective index, Neollision event
describes the number of collisions that occurred in car following, and Sp_1,(t), Sglflvn(t)
represent the predicted and objective spacing value at time step ¢, respectively. a,(t) and
an(t — 1) denote the acceleration of the following vehicle at time ¢ and ¢t — 1 respectively, and
AVyp_1,(t) illustrates the relative velocity between the front and rear cars at time ¢.
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Table 1: Model Performance: MSE of spacing and Collision rate

‘ MSE of spacing ‘ Collision rate(%)
‘ HighD SPMD Waymo NGSIM Lyft ‘ HighD SPMD Waymo NGSIM Lyft
GHRJ[6] 23.76 119.92 4552 62.18 178.01 0 0 0 0 0
IDM[5] 27.50 138.69 39.17 54.97 104.32 0 0 0 0 0
NNJ[14] 24.06 24.14 16.79 29.00 26.06 | 39.87 23.92 46.29 3.46 0
LSTM][14] 2290 2249 13.75 23.86 25.71 3.72 15.39 4.62 17.30 0
DDPGJ14] 4229 89.34 3391 46.93 86.98 0 0 0 0 0
GCN-SATO | 19.98 19.34 11.84 14.15 25.68 | 0 0 0 0 0
Table 2: Model Performance: Jerk and TTC
| Jerk | TTC
| HighD SPMD Waymo NGSIM Lyft | HighD SPMD Waymo NGSIM Lyft
GHR]6] 0.34 0.13 0.42 0.53 0.24 | 101.38 85.53 61.10 14.03 78.70
IDM]5] 0.09 0.19 0.22 0.27 0.29 | 184.80 177.27 40.63 31.10 73.71
NNJ14] 0.08 0.08 0.32 0.75 0.15 | 60.13 75.54 35.67 13.34 121.78

LSTM[14] 0.04 0.08 0.24 0.25 0.14 | 127.68 119.77 104.37 13.74 132.47
DDPGJ14] 334 2384 723 8.04  31.42 | 111.66 32.98 152.94 12.18 46.47

GCN-SATO ‘ 0.01 0.01 0.02 0.04 0.02 ‘218.11 237.19 168.30 102.61 186.49

Table 3: Ablation experiment: MSE of spacing

‘ HighD SPMD Waymo NGSIM Lyft

GCN 22.7525 23.1186 11.8644 15.2457 39.6877
GCN-SATE 21.8089 20.9007 14.6378 14.6980 27.3005
GCN-SATO 19.9832 19.3352 11.8426 14.1470 25.6809

3.8. Performance Evaluation
3.3.1. MSE of spacing MSE of spacing refers to the variance between the predicted vehicle

spacing and the target spacing, and reflects the system’s accuracy in controlling vehicle
movement. Table.1 shows a comparison of our methods with several existing algorithms (NN,
LSTM and DDPGJ14]) in terms of mean squared error (MSE) of spacing. LSTM[14] with forget
gates is not only capable of extracting more important knowledge from the historical information
than NN, but also forgets unimportant memory gradually when the historical information
becomes outlated. Therefore, from Table.1, it is not difficult to find that LSTM has more
excellent performance than NN in MSE of spacing in all five datasets. However, It’s not difficult
to find that our method (GCN-SATO) outperforms other existing methods in all five datasets.
In addition, DDPG[14] based CF model has higher value in msegspacing than other all above
algorithms in all datasets.

3.3.2. Collision rate Safety is an essential metric in autonomous driving, where a single collision
can cause vehicle accidents or death, thus collision rate is an essential evaluation metric to test
the performance of car-following model. From Table.1, compared with NN and LSTM, our
proposed GCN-SATO model reaches zero collision rate in all datasets, which means that the
network structure of our method can obtain more important knowledge from the historical
information. In [14], Chen stated that the drivers in Lyft dataset have better driving behaviors
than others, which can help these car-following models improve safety performance during the
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car-following process. Therefore, it is not difficult to find that zero collision rate appears in the
Lyft dataset for NN, LSTM, DDPG and CF based GCN-SATO models. Specifically, both the
DDPG model[14] and our GCN-SATO model have achieved a zero collision rate in all datasets.

3.3.8. Jerk Comfortable driving during car following is a crucial factor in autonomous driving.
A lower Jerk value indicates that the acceleration of vehicle’s motion changes more smoothly,
resulting in a better driving experience for the vehicle’s occupants. In regards to minimum Jerk
in Table.2, LSTM outperforms with the lowest values in HighD and Lyft datasets. The lowest
values illustrates that the network structure of LSTM can effectively offer a comfortable driving
experimence. However, it’s not hard to find that our model (GCN-SATO) achieves the best
results in all datasets, resulting in smoother car-following behaviors. Additionally, as shown in
Table.2, DDPG has achieved a relatively higher Jerk across all datasets, leading to a relatively
uncomfortable driving experience for the vehicle’s drivers.

3.8.4. TTC The Time to Collision (TTC) serves as a critical measure in assessing the safety
performance of car-following behaviors. From Table.2, it is noted that our GCN-SATO model
achieves the highest minimum TTC values across all datasets, resulting in maintaining safer
distance between vehicles. Except for our model, LSTM also demonstrates excellent performance
with the higher values in HighD, SPMD, NGSIM and Lyft datasets.

3.4. Ablation Experiment

Table.3 shows the ablation experimental data of CF based GCN, GCN-SATE and GCN-SATO
models. The CF based GCN model is a new algorithm obtained by removing self-attention
module in output layer with the default CF based GCN-SATO model. The CF based GCN-
SATE model is a new algorithm obtained by removing self-attention module in output layer and
adding the Module in input layer with the default CF based GCN-SATO model.

As shown in Table.3 and Fig.2, compared with the CF based GCN model, GCN-SATE
can effectively reduce msegpacing on HighD, SPMD, NGSIM and Lyft datasets, while actually
increase it in Waymo dataset. It means that GCN-SATE does not necessarily capture more
realistic traffic flow characteristics than GCN. It‘s not hard to find that GCN-SATO, compared
with GCN and GCN-SATE, can effectively reduce msegpacing in all five datasets, which illustrates
that putting self-attention module in output layer can effectively catch complex relationships
within the data and additional characteristics from real-word driving datasets, improving the
robustness and generalization ability of the car-following model.

4. Conclusion

In this work, a novel car-following based GCN-SATO model is proposed to learn how to control
vehicle movement during a car-following event. First, the GCN module is employed to extract
spatial-temporal feature of car-following behaviors, enabling the model to effectively obtain
topological structure relationships among vehicles. Then, the self-attention module is utilized
to assign different attention weights to different neighbors of a node in the car-following model.
Finally, the Multi-Layer Perceptron (MLP) layer is used to predict the future behaviors of
following vehicles. Human driving data of the real world, including HighD, SPMD, Waymo,
NGSIM and Lyft datasets, were used for model training and validation. The experimental results
demonstrates satisfactory results and outperforms other existing methods in terms of MSE of
spacing(msespacing), collision rate, Jerk and TTC. In summary, our proposed GCN-SATO based
CF model achieves competitive performance in understanding the human driving behaviors
in mixed traffic flows, contributing to a effective, safe and comfortable driving experience for
drivers.
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