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Abstract— In this paper, we propose a deep neural
network-based car-following model that has two distinctive properties. First, unlike most existing car-following models that take
only the instantaneous velocity, velocity difference, and position
difference as inputs, this new model takes the velocities, velocity
differences, and position differences that were observed in the
last few time intervals as inputs. That is, we assume that drivers’
actions are temporally dependent in this model and try to embed
prediction capability or memory effect of human drivers in a
natural and efficient way. Second, this car-following model is built
in a data-driven way, in which we reduce human interference to
the minimum degree. Specially, we use recently developing deep
neural networks rather than conventional neural networks to
establish the model, since deep learning technique provides us
more flexibility and accuracy to describe complicated human
actions. Tests on empirical trajectory records show that this
deep neural network-based car-following model yield significantly
higher simulation accuracy than existing car-following models.
All these findings provide a novel way to study traffic flow theory
and traffic simulations.
Index Terms— Microscopic car-following model, deep learning,
recurrent neural network (RNN), gated recurrent unit (GRU)
neural networks.

I. I NTRODUCTION

M

ICROSCOPIC car-following models play a key role
in traffic flow theory and traffic simulations [1]–[5].
Since the accuracy of car-following models has an important
impact on related studies, researchers have proposed various
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car-following models as well as a number of calibration and
comparison algorithms during the last 50 years [6], [7].
Although great achievements have been obtained by using
these conventional car-following models, there still exist some
problems.
First, most existing car-following models are simplified
to be parsimonious. On the one hand, parsimony offers
some good model properties, including nice analytical conclusions [8], [9] and fast simulation speed [10]. On the other
hand, parsimony also restricts model flexibility and accuracy,
since we cannot consider all the possible influencing factors
in parsimony car-following models [11].
Second, most existing car-following models are artificially
developed. However, a question naturally arises along with
the development of data-driven technologies [12]–[14]: Is it
possible to develop a car-following model from empirical
car-following data, with minimum human interference? Some
researchers have attempted to use feed-forward neural networks or fuzzy neural networks to achieve this goal [15]–[21].
However, these early attempts used “shallow” neural networks,
which have only one hidden layer and may not be able to fully
“learn” the complicated car-following behaviors observed in
practice.
Third, many existing models do not fully consider the
memory effect or the prediction capability of drivers and
only consider the instantaneous interaction between the studied
vehicle and the leading vehicle. Some researchers have tried
to embed drivers’ average memory effect in car-following
models [22]–[27]. However, complex interactions between the
studied vehicle and the leading vehicle cannot always be
reflected by the average memory effect within a time period.
How to describe such a temporally varying memory effect has
left unsolved in current literature.
To answer these questions, we propose a deep learning
based car-following model that applies “deep” neural networks (with more than one hidden layers) to learn driver
behaviors from empirical car-following data observed in practice. This model takes the velocities, velocity differences, and
position differences that were observed in the last few time
intervals as input and directly output the estimated velocity in
the next interval. We adopt this input-output structure for its
three benefits:
1) The whole model is self-trained from empirical data. The
only thing that we may infer is the structure of the “deep”
neural networks. This data-driven method helps us to reduce
the artificial interference to the minimum amount.
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2) The prediction capability or the memory effect of drivers
can be handled in a natural and efficient way. Introducing long
enough historical (say 10 seconds) data as input, we are able
to capture any prediction capability or memory effect that may
happen during this time window.
3) Existing “shallow” neural networks models often do not
work well with such a large dimension of inputs. The newly
developed “deep” neural networks can help us to conquer this
problem and implicitly embed memory effect into the model.
Similar to many previous studies, we use empirical trajectory records collected in NGSIM dataset to train and test
this deep neural network based car-following model. Tests
show that the new model yields significantly higher simulation
accuracy than existing car-following models. All these findings
provide a novel way to study traffic flow theory and traffic
simulations.
To better present our findings, the rest of this paper is
arranged as follows. Section II first reviews conventional carfollowing models and then presents the new deep learning
based car-following model. Section III explains how to set
the parameters of the “deep” neural networks and train them.
Section IV provides numerical testing results, using also
NGSIM dataset. Section V discusses the features and limits
of our models. Finally, Section VI concludes the paper.
II. D IFFERENT C AR -F OLLOWING M EDELS
A. Conventional Car-Following Models
In traffic simulations, a conventional discrete-time carfollowing model can be written in Eq.(1)
⎧
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where v i (t|θ ) denotes the velocity of the i th vehicle at time t;
x i (t|θ ) represents the position of the i th vehicle at time t;
x i−1,i (t) = x i−1 (t) − x i (t) represents the spacing between
the leading (i − 1)th vehicle and the following i th vehicle at
time t. v i−1,i (t) denotes the velocity difference between two
consecutive vehicles. f (·) is a special function that describes
the car-following behavior and θ is a set of parameters that
characterizes f (·). ai (t|θ ) is the acceleration rate generated
by at time given the car-following parameter set θ . Tr is
the reaction time that is composed of the mental processing
time, the movement or action time, and the technical response
time.
T is the update time interval. For presentation simplicity, we set the time horizontal so that the sampled time
points can be denoted as T , 2T ,· · · , N T in the rest of this
paper, where N denotes the number of the sampled data for
calibration.
Constrained by length limit, we only address the frequently
mentioned intelligent driver model (IDM) [28]–[30] as an
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Fig. 1.
The structure of conventional feedforward neural networks for
car-following models.

comparing example in this paper. It can be written as in Eq.(2).
⎞
⎛
v i ( j T |θi ) δ
1
−
⎟
⎜
v0
⎟
ai ( j T |θi ) = a ⎜
2 ⎠ (2)
∗
⎝
s (v i ( j T |θi ), v i−1,i ( j T |θi ))
−
si ( j T |θi )
The free acceleration is shaped by the desired speed v 0 ,
the maximum acceleration a, and the exponent δ (often set
as 4 for simplicity). The desired gap s ∗ is composed of the
minimum net distance in congested traffic s0 , the constant
desired (safety) time gap T0 and the last term, which is only
active in non-stationary traffic to implement an “intelligent”
driving behavior.
The IDM combines the free-driving acceleration with a
deceleration strategy that becomes relevant when the gap
between two consecutive vehicles is not significantly larger
than the desired gap s ∗ defined by Eq.(3).
s ∗ (v i ( j T ), v i−1,i ( j T )|θ ) = s0 + T0 v i ( j T |θ )
v i ( j T |θ )v i−1,i ( j T |θ )
+
√
2 ab
(3)
This dynamic contribution limits braking decelerations to
the comfortable deceleration b.
B. Conventional Neural Networks
Based Car-Following Models
In contrast to the above models, artificial neural networks
based car-following models [15]–[21] try to learn the special function f (·) that describes the car-following behavior
in Eq.(1).
There exist many types of neural networks, but their basic
principles are very similar [31]. Most existing neural networks
based car-following models adopt the so called feedforward
neural network (FNN), where we feed v i (t), v i−1,i (t),
x i−1,i (t) as inputs into the neural network and get the output
as ai (t + 1); see Fig.1 [22], [24], [25].
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As shown in Fig.1, its structure can be categorized into three
kinds of layers. The neurons in the input layer take the input
signals to the whole neural network and the neurons in the
output layer generate the output signal of the whole neural
network. There may exist several hidden layers (also called
middle layers), which contain a various number of neurons.
Each neuron has a transfer function g (·)(also called activation
function) that transfers its input signal to its output signal.
If the kth neuron in the j th layer connects with all the neurons
in the ( j − 1)th layer, its output can be calculated as Eq.(4)


 
w j −1,k,l · O j −1,l + bi as
(4)
O j,k = g I j,k = g
l

where I j,k and O j,k denotes the input and output signal of the
j th neuron in the kth layer, respectively w j −1,k,l denotes the
weights of the links between the lth neuron in the ( j − 1)th
layer and the kth neuron in the j th layer; bi as denotes the
bias term of the FNN. In FNNs, the output signal of a neuron
will only be fed to the neurons in the other layers that are
close to the output layer. This gives the name of feedforward.
There are various alternatives for transfer function. For
example, the following so-called sigmoid function in Eq.(5)is
widely used and has been proven to be effective for many
problems.
1
(5)
gσ (z) =
1 + e−z
If we collect enough samples that can reflect all the carfollowing behaviors of human drivers and the established
neural network is powerful enough to learn all car-following
behaviors, such models can appropriately simulate the carfollowing actions that are observed.
C. Deep Learning Based Car-Following Models
To better characterize car-following behaviors of human
drivers, we propose a more complex neural networks based
car-following model, which is formulated as Eq.(6)
⎧
v i (t | θ)
⎪
⎪

⎪
⎨
x i−1,i (t − T ), v i−1,i (t − T ), v i (t − T ), . . . . . . ,
=f
⎪
x i−1,i (t − N T ), v i−1,i (t − N T ), v i (t − N T )
⎪
⎪
⎩
x i (t + T | θ ) = x i (t | θ ) + v i (t | θ)+v2i (t +T | θ) · T
(6)
where v i (t | θ ) denotes the simulated velocity of the i th vehicle
at time t, x i (t | θ ) denotes the simulated position of the
i th vehicle at time t, x i−1,i (t) = x i−1 (t) − x i (t) represents
the spacing between the leading (i − 1)th vehicle and the
following i th vehicle at time t. v i−1,i (t) denotes the velocity
difference between two consecutive vehicles. f (·) is a special
function that will be learned by deep neural network and θ is a
set of parameters in the neural network, such as weight vector
and transfer functions.
Since drivers cannot make too many actions within a very
short time, we set T = 1s to keep an appropriate balance
between model complexity and model flexibility.
Comparing conventional neural network based models
Eq.(1) and the new model Eq.(6), we make the following
improvements:

Fig. 2.

The structure of GRU networks for car-following models.

First, we take the sequential information that we observed
during the last historical period as input in the new model.
Second, we use the newly emerging deep neural network to
learn the special function f (·) that describes the car-following
behavior in Eq.(6).
The purpose of introducing deep learning technique is to
enrich the power of neural networks so as to better learn
the special function f (·) from sampled data. Theoretically,
even a three-layer neural network has the power of a universal approximator, if the transfer functions satisfy certain
conditions and the number of neurons in the hidden layers is
large enough. However, in numerical implementations, we can
only use a limited number of neurons to learn the pattern
within input-output data pairs. So, we often resort to multilayer neural network models, since they prove to be more
powerful in many studies.
Deep learning refers to a branch of machine learning,
the core knowledge of which is derived from the artificial
neural network [32]–[35]. It aims to learn the most important
features by constructing a model of multiple hidden layers
and analyzing massive training data to improve the accuracy
of classification or prediction. Deep learning has been applied
to various fields (including computer vision, automatic speech
recognition, natural language processing, audio recognition
and bioinformatics) [36]–[38], where they have been shown
to produce state-of-the-art results on a number of tasks.
Several kinds of neural networks were proposed to
implement deep learning. In this paper, we apply the
recently proposed Gated Recurrent Unit (GRU) neural networks [39]. GRU networks are a kind of recurrent neural
network (RNN) [34], [35]. As shown in Fig.2, recurrent
neural networks allow connections between neurons to form a
directed cycle (if we consider the whole network as a graph).
This creates an internal state of the network that makes it
possible to exhibit dynamic temporal behavior.
In a FNN, we assume that all input is independent of
each other. Nevertheless, this may not be a good idea for
the car-following modeling task. Unlike FNN, RNNs can use
their internal states to process arbitrary sequences of input.
In many studies, such internal states are called “memory”
states. To avoid confusion with the drivers’ memory effect,
we do not adopt this term for RNNs in the rest of this paper.

WANG et al.: CAPTURING CAR-FOLLOWING BEHAVIORS BY DEEP LEARNING

Long Short Term Memory (LSTM) neural network is a
special RNN model that is widely used nowadays, since it
often outperforms other neural networks in classifying and
predicting time series data [33], [35]. GRU is a simpler kind of
LSTM neural network that shares many of the same properties
of general LSTM neural networks. Compared with the LSTM,
it needs less parameters than that of LSTM and is easier to
train/use [39].
As shown in Fig.2, the output of a neuron in GRU networks
is calculated as [34].
⎧
⎪
z j,k,t = σ (Wz I j,t + Uz O j,t −1)
⎪
⎪
⎪
⎪
⎨r j,k,t = σ (Wr I j,k,t + Ur O j,k,t −1 )
ˆ
(7)
⎪
h j,k,t = tanh (W I j,k,t + U (r j,t  O j,t −1 ))
⎪
⎪
⎪
⎪
ˆ
⎩
O j,k,t = (1 − z j,k,t )O j,k,t −1 + z j,k,t h j,k,t
where O j,k,t denotes the output of the kth neutron in the
j th layer at time t; ĥ j,k,t denotes the candidate activation
of the kth neutron in the j th layer at time t; z j,k,t denotes
the updated gate value of the kth neutron in the j th layer,
which can decide how much the unit updates its activation;
gσ (·) denotes the sigmoid function, Wz , Uz , W , U , Wr , Ur are
all weighting matrices that will be learned; I j,k,t denotes the
kth neutron in the j th layer at time t; r j,t denotes a set of reset
gates of the j th layer at time t; r j,k,t denotes the reset gate
in the kth neutron of the j th layer at time t; gtanh (·) denotes
hyperbolic tangent function.
gtanh =

e z − e−z
e z + e−z

(8)

III. T RAINING OF D EEP N EURAL N ETWORKS
FOR C AR -F OLLOWING M ODELS
The training process of the neural network can be viewed
as a special optimization problem. Like any optimization
problems, we present its three elements as follows.
A. Performance Index
As suggested in [7], [40], and [41], we compare the
empirical and simulated trajectories of vehicles to evaluate the
performance of a special car-following model. More precisely,
the performance index is chosen as the widely used Mean
Squared Error (MSE) of position difference measure
Li
M

2
1  1 
x i ( j T |θ ) − x̂ i ( j T )
min g(w) =
θ∈
M
Li
i=1

(9)

j =1

where  is solution space of θ , M denotes the total number
of trajectories that are used to train/test; L i denotes the time
length of i th trajectories; x i ( j T |θ ) and x̂ i ( j T ) denotes the
simulated and empirical positions of the i th following vehicle
at time t = j T , j = 2, · · · , N, respectively. x̂ i ( j T ) is taken
as known input in the problem.
B. Decision Variables
We have overall four kinds of parameters to set in neural
network based car-following models.
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1) The Length of the Historical Time Interval: In this
paper, we validate three choices. If we choose N = 1 in
Eq.(6), we will only use the information we observed in
the last 1 second. If we choose N = 5 in Eq.(6), we will
only use the information we observed in the last 5 seconds.
If we choose N = 10 in Eq.(6), we will only use the
information we observed in the last 10 seconds. Tests show
that considering the 10-second historical input is always the
best choice. Further testing results indicate that there is no
need to consider an even longer historical input. The detailed
testing results will be given in Section IV-C.
2) The Type of Transfer Function: As suggested in many
literatures [31], we choose the sigmoid function as the transfer
function for the neurons in the input layer so that all the inputs
will be normalized into the range [0, 1].
For the neurons in the input layers and output layers of
FNN and GRU models, we still choose the sigmoid function
as the transfer function.
For the neurons in the hidden layers of FNN models, we use
the sigmoid function as the transfer function. For the neurons
in the hidden layers of GRU models, we choose the ReLu
function [34], [35] as the transfer functions
g ReLu = max{1, z}

(10)

3) The Number of Hidden Layers and the Number of Neurons in Each Hidden Layer: It is hard to find the exact best
values for these parameters. So, we test several representative
combinations of these two parameters. We find that the best
choice of these two parameters is highly related to the size of
training samples. We will present the numerical testing results
in Section IV-B.
4) The Weight Coefficients Whose Values Will Be Learned
From Training: When other parameters are selected, these
weight coefficients are actually the only decision variables
for the neural networks and also the optimization problem.
At the beginning of learning, all the initial weight coefficients
will be randomly generated from a uniform distribution in the
range [0, 1].
C. Training Algorithms of Neural Networks
The training algorithm of neural networks usually refers to
the updating algorithm for the weight coefficients. It mainly
focuses on two problems:
The first problem is how to update the weight values so that
the value of the objective function will be gradually reduced
till we converge to a global minima.
The second problem is whether we undertrained which
means the neural networks did not fully learn the expected
underlying relationship, or overtrained which means the neural
network models learn to describe random error or noise instead
of the expected underlying relationship.
For the first problem, we apply the famous backpropagation algorithm [42], [43] to train the feedforward neural
network based car-following models. In addition we apply
the stochastic gradient descent algorithm [34] together with
the adaptive learning rates trick proposed in [44] to train the
GRU neural network based car-following models. The learning
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TABLE I
D IFFERENT M ODEL S TRUCTURE S ETTINGS T ESTED IN T HIS PAPER

Fig. 3.
The layout of the road segment studied in NGSIM U.S.
Highway 101 dataset.

rate adaption rule is set exactly the same as what is suggested
in [44]. Due to the length limit of this paper, the details of
algorithms are not presented here. Tests on our problem again
prove that the stochastic gradient algorithm enables us to train
GRU neural networks in a highly efficient manner.
For the second problem, we apply the cross-validation
method. If both the validation error and training error steadily
decrease, the current model is still undertraining. If the validation error increases while the training error steadily decreases,
we identify the occurrence of overtraining. As suggested,
we choose the maximum validation split as 0.3, which means
at most 30 percents of the training set is used for validation.
Some detailed results on cross-validation will be provided
in Section IV-B.
IV. T ESTING R ESULTS
In this section, we first compare different selections of the
neural network type (FNN or GRU), the number of hidden
layers, and the number of neurons in each hidden layer with
different sizes of training samples, so as to determine the
appropriate model structure with necessary sizes of training
samples. Second, we determine the appropriate sizes of training samples and the length of historical time intervals. Finally,
we compare the performance of existing car-following models
and the well-tuned deep neural network based car-following
models.
A. Testing Data
Similar to many studies, we adopt the Next Generation
Simulation (NGSIM), which provides high-quality trajectory
data for traffic research. The data used for the paper is
retrieved from the southbound direction of U.S. Highway 101
(Hollywood Freeway) in Los Angeles, CA, USA. The
sampling period ranges from 7:50 a.m. to 8:35 a.m.
on June 15, 2005. As shown in Fig.3, the study area is
approximately 630 meters and consists of 6 lanes.
To eliminate the unnecessary error, we only pick up the
trajectories of vehicles moving in lane 1 and lane 2. Furthermore, we filter out all the vehicles longer more than 5 meters,
since they may belong to trucks and often yield different
driving behaviors. In addition, we only focus on the leading
and following vehicle pairs who had stayed in the same lane
for at least 30 seconds. The detailed data filtering methods can
be found in [7] and [30].
After pre-processing, we get 1535 vehicle pairs and
944,974 seconds of vehicle trajectories for tests. Since
we chose the time interval as 1 second, we get over
900,000 sampled input-output data pairs (the first few-seconds

data of each vehicle trajectory cannot be used for train or test,
because we need to consider historical data).
In the rest of this paper, we use empirical data to denote
the data collected in NGSIM dataset.
B. The Appropriate Size of Training Samples
and the Appropriate Model Structure
To use deep learning on a relatively small data set, we need
to be careful to avoid two mistakes. First, we use too complicated neural networks to overfit the small data sets. Second,
the merit of deep learning has not been fully released.
According to general machine learning rule [45] , we need
to carefully handle the important overfitting problem in training neural networks, where the network may memorize the
training examples but fails to learn to generalize to new
situations. When overfitting occurs, the error on the training
dataset is driven to a very small value. However, the error
becomes large when the testing dataset is presented to the
network. So, in this paper, we test different network structures.
Since the relationship between the size of training samples
and model structure is difficult to determine, we test different
combinations to find the best model structure. In this paper,
we test the following representative model structure settings
as shown in Table I (Notes:0 denotes the stucture does not
have corresponding layer).
To avoid any bias, we randomly sample a part of data
from the total available data as the training dataset and keep
the rest data as the testing dataset. For all neural network
models considered in this paper, we generally need at least
10000 samples and at most 250,000 samples (which takes up
25% of total samples) for training. In the training process,
we apply the cross-validation to avoid over fitting, and 30% of
the training sample will be used as validation set. As a
result, all weight coefficients in our model are not close to 0,
which means our model works efficiently with the help of
cross-validation method.
Fig.4 shows the MSE value of FNN based car-following
models with different sizes of training samples and different
structures. Fig.5 shows the MSE value of GRU based carfollowing models with different sizes of training samples
and different structures. Results indicate that the GRU with
200,000 training samples and FNN with 150,000 training
samples tend to obtain the best performance. For FNN based
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Fig. 4.
MSE values of FNN based car-following models with different
combinations.
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Fig. 6. Performance Index of Model-FNN and Model-GRU with different
lengths of historical input.

parameter settings yield similar trends. These observations
indicate that there is no need to consider even longer historical
input.
D. Comparison of Simulation Accuracy

Fig. 5. MSE values of GRU based car-following models with different
combinations.

car-following model, the best structure is Structure 9 (three
hidden layers that contain 10, 10 and 5 neurons, respectively).
In the rest of this paper, we call it Model-FNN. For the GRU
based car-following model, the best structure is Structure 11
(three hidden layers that contain 30, 10 and 10 neurons,
respectively). In the rest of this paper, we call it Model-GRU.
We had tested even deeper neural networks, but results show
that considering neural networks deeper than three hidden
layers is unnecessary for our problem in NGSIM dataset.
It should be pointed out the historical time interval is set
as 10 seconds. We will explain the selection of historical time
interval in Section IV-C.
This finding indicates that deep neural networks may work
better than shallow neural networks in learning car-following
behaviors under.
C. The Appropriate Length of Historical Time Intervals
Tests show that 10-seconds is the best choice for the
historical time interval, no matter what model structure is
selected. Fig.6 gives an example of performance index of
Model-FNN and Model-GRU. Test results for other network

To examine the simulation accuracy of the deep neural
network based car-following model, we first compare the
distributions of MSEs for all vehicles pairs, when different
models are used. Here, we test the Model-FNN and ModelGRU with the famous IDM car following model. Specially,
we test two IDM models:
1) Model-IDM1: We design a uniform IDM model to
calculate the MSE for all the vehicle pairs. As suggested
in [7], the parameters of this IDM model are set as follows:
the desired speed is set as 30 m/s, the maximum acceleration
is 1.4 m 2 /s, the desired deceleration is 2.0 m 2 /s, the constant
desired (safety) time gap is 1.5 seconds, the minimum net
distance in congested traffic is 2 meters, simulation updated
time is 0.5 seconds, and leading vehicle length is 4.5 meters.
2) Model-IDM2: We design 1535 IDM models for all
1535 vehicle pairs to calculate the MSE for each vehicle pair,
separately. The desired acceleration, deceleration and leading
vehicle length is calibrated based on trajectories of each
vehicle pair, by using the optimization algorithm proposed
in [7]. The other parameters are same as Model-IDM1.
To study the performance of 4 models in all 1535 vehicle
pairs, we compare the deviation of velocity and position of
these models. The deviation of position is defined in Eq.(11)
dev i j = x i ( j T ) − xˆi ( j T |θ )

(11)

xˆi ( j T |θ ) and x i ( j T ) denotes the simulated and empirical
positions of the i th following vehicle at time t = j T ,
j = 2, . . . , N respectively.
The absolute position deviation is defined in Eq.(12)
absdev i j = |x i ( j T ) − xˆi ( j T |θ )|

(12)

As shown in Fig.7 and Fig.8, we can see that GRU based
car-following model behaves more accurate than other models
in tracking the leading vehicles not only in the predicted
speed but also in predicted position. To better demonstrate
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Fig. 7. Empirical distributions of deviations between empirical speed and
simulated speed of different models, respectively.

Fig. 8. Empirical distributions of deviations between empirical position and
simulated position of different models, respectively.

Fig. 9. Empirical distributions of absolute deviations between empirical
position and simulated position of different models, respectively.

the superiority of GRU model, we also plot the distribution of
absolute deviations for four models in Fig.9.
To give an illustration of the spacing and speed estimation errors, we randomly pick one vehicle pair in the
US 101 dataset, in which the ID of the leading vehicle is
3007 and the ID of the following vehicle is 3011. As shown
in Fig.10 and Fig.11, all the simulation models roughly

Fig. 10.

Relative spacing replicated by different models.

Fig. 11.

Relative speed replicated by different models.

track the variation of speed of leading vehicles. However,
the IDM model and the FNN model fail to control the
accumulation of small errors in speed estimation, which finally
leads to large errors in spacing.
It must be pointed out that the proposed deep learning
based car-following model learns the common (expected) carfollowing behaviors that are observed in practice. We cannot
accurately track every unusual (unexpected) car-following
actions. So, our model does not reproduce the peak of relative
velocity in around 867s in Fig.11, which was caused by the
unusual delay of the following vehicles in practice.
We also examine the detailed car-following behaviors of
different models. Since human drivers cannot accurately judge
leading vehicles’ velocity or maintain their own velocity precisely, the relative spacing and velocity between any two consecutive vehicles usually oscillates (drifts). So, it is necessary
to get the oscillating (drifting) behavior of different models
to compare the accuracy of each model. Fig.12 shows such
plots based on the empirical trajectories of a special vehicle
pair retrieved from the NSGIM dataset (the ID of the leading
vehicle is 3007 and the ID of the following vehicle is 3011).
Clearly, Model-GRU yields a more accurate approximation of
the oscillating (drifting) behaviors than the other two models.
Other models have significantly larger regions of attractions.
We checked more than 100 samples of vehicle pairs and the
above conclusion holds for all the tested cases.
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Fig. 12.
models.

Relative spacing vs. relative speed plots replicated by different
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Fig. 13.

Stability testing for GRU based car-following model.

E. Comparison With Other Types of Deep Neural Networks
To verify whether GRU is an appropriate model for carfollowing modeling, we have tested Deep Belief Network
and Long-Short Term Memory network based car-following
models.
Deep Belief Network (DBN) [33], [46], [47] is a wellknown network based on probability theory, whose idea is
derived from Restricted Boltzmann Machines (RBM). Similar
to the best structure that we identify for GRU network,
we test a 3-hidden-layer DBN network with 30, 10, 10 hidden
neutrons, respectively. A final output layer is also added in
this RBM network and is trained with Back Propagation
algorithm. For the DBN, we also take the memory effect into
consideration, which means we take 10 seconds parameters
as inputs. Moreover, we use the sigmoid function as the
transfer function. For other parameters, we set the momentum
as 0.1, α = 1, batchsize=100, and we train all RBM and
the final NN with 500 epochs. After all the parameters
settled down, we test this DBN network on the NGSIM
dataset and find its position mean Mean-Squared-Error (MSE)
is 67.3273.
Long-Short Term Memory (LSTM) is a type of Recurrent
Neural Networks which is similar to the GRU in many ways.
Indeed, GRU is invented on the basis of LSTM [39], [48], [49].
Similar to the best structure that we identify for GRU
network, we test a 3-hidden-layer LSTM network with
30, 10, 10 hidden neutrons, respectively. For the LSTM,
we also set the same performance index as GRU. Moreover,
we also set the sigmoid function as transfer function for
input layer and hidden layer, while all the hidden layers are based on Relu function. In addition, the crossvalidation and adaptive learning rate algorithm are also applied
for LSTM. We test this LSTM network on the NGSIM
dataset and find its position mean Mean-Squared-Error (MSE)
is 54.1099.
Notice that the MSE of GRU network is 26.7314, the performance of DBN and LSTM networks is worse than GRU
model. So, we will apply GRU model in this paper. It should
be pointed out that this conclusion fits with other studies
comparing GRU and LSTM networks [39].

Fig. 14. Diagram of the studied ramping region, where the main road and
the ramping road have one lane, respectively.

F. Other Tests for GRU-Based Car-Following Model
To test the robustness of our model, we conduct the following two experiments, in which two consecutive vehicles are
simulated in a straight lane.
1) Experiment 1: The movement of the leading vehicle
is set as below. In the first 20 seconds, the leading vehicle
accelerates with 1 m 2 /s acceleration rate. Then, in the next
40 seconds, the leading vehicle keeps running with a constant
speed 20 m/s. Finally, in the next 20 seconds, the leading
vehicle decelerates with 1 m 2 /s deceleration rate.
2) Experiment 2: The movement of the leading vehicle
is set as below. In the first 20 seconds, the leading vehicle
accelerates with 1 m 2 /s acceleration rate. Then, in the next
40 seconds, the leading vehicle keeps running with a constant
speed 20 m/s. Finally, in the next 10 seconds, the leading
vehicle decelerates with 2 m 2 /s deceleration rate.
As shown in Fig.13(a), the following vehicle can easily
track the leading vehicle by using the GRU car-following
model, under mild disturbance (normal deceleration).
Similarly in Fig.13(b), the following vehicle easily track the
leading vehicle by using the GRU car-following model under
severe disturbance (emergency deceleration).
To show our microscopic model can reproduce the basic
macroscopic fundamental diagram observed in practice,
we simulate in a ramping region scenario shown in Fig.14.
We assume the main road vehicle come from the
upstream with a constant speed 25 m/s. In different rounds
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Fig. 15.
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Speed-flow-density analysis.

of simulations, we control the initial gap between vehicles to
vary from 40m to 80m. That is, the initial density varies from
0.025 V eh/m to 0.05 V eh/m.
To study the jam propagation phenomenon, we allow other
vehicles merge from the ramping lane with a constant flow
rate qramp as 0.033 V eh/m, which means a vehicle will merge
into the main road every half minute. To keep the inserting
vehicle from collision, the following vehicle on the main road
should guarantee at least 15 meters ahead to allow the inserting
vehicle join the team, even if it needs to stop on the main
road. Since our model considering the memory effect of driver
behaviors and to avoid collision, we set the merging vehicle to
follow the leading vehicle with its same speed for 10 seconds,
and then it will run by the predicted velocity of our model.
To observe the jam propagation phenomenon, we set our virtual loops locate for every 100 meters between 0 km to 10km
upstream of the ramping point. The first 10-minute of simulation is considered as burn-in process and will not be recorded.
After that, we will record the number of passing vehicles in
every 4 minutes and calculate the density and flow.
Fig.15 shows the density-flow plot of the recorded data.
We can see that the new model can reproduce the widely
accepted fundamental diagram.
V. D ISCUSSIONS
It must be pointed out that the selection of training data has
great impact on the performance of deep learning based carfollowing models, since these models are purely data-driven.
More precisely, we need to consider the following issues when
building the model:
First, if the trajectory data that correspond to certain
driving behaviors are not feed into the model, we cannot
expect the model to correctly reproduce such behaviors. So,
we do not claim that the model obtained from the limited
data in NGSIM can fulfill simulation requirements in all
the situations. Such a shortcoming has been summarized by
some pioneer researchers of deep learning as: the lack of
enough data hinders the high-speed advance of deep learning.
One possible solution is to further use parallel learning technique to search/generate the required data for car-following
behavior modeling [50]–[52].

Second, constrained by the length limit, many factors that
may influence the car-following behaviors have been left
undiscussed here, such as, vehicle types, drivers’ awareness,
lane conditions, headways and so on. In the literature, some
researches have studied such factors. For instance, the vehicle
types influence were examined [53]–[55]. To avoid the misuse
of trajectory data collected from different types of vehicles,
we filter out the trajectory associated with trucks in this
paper. To solve this problem, we suggest to build separate carfollowing models to deal with different kinds of car-following
situations.
Third, the major contribution of this paper is to show that
data-driven modeling and deep learning method could bring
something new into this field. Constrained by the length limit,
we did not further discuss the implementation tricks of deep
learning in this paper. Specially, we would like to draw the
attentions of researchers to consider the potential benefits of
considering longer input and deep learning. Indeed, taking
variables in the last few time intervals as inputs is a common
trick in deep learning area. However, to the best of our knowledge, it is still not a common sense to consider the variables
observed in a long enough time intervals in transportation
community. For example, we had checked all the traffic flow
prediction models mentioned in a recent survey [56]. None
of models used more than ten variables as input. We believe
this trick can be used in diversified directions of transportation
engineering.
VI. C ONCLUSION
In this paper, we propose a deep neural network based carfollowing model which is built with the least interference of
a priori traffic flow knowledge. Tests on empirical trajectories
show that this new model yields significantly higher simulation
accuracy than existing car-following models. This finding
has naturally arose some interesting questions: Whether is it
possible and whether is it necessary to build a new traffic
simulation software in a pure deep learning way? We expect
more attentions could be paid in answering these questions in
the near future [57]–[59].
In addition, this finding also sheds light on intelligent vehicle research [60]. A direct use is to apply deep learning based
car-following model to simulate neighboring human driving
vehicles in virtual tests for autonomous vehicles [61], [62].
Moreover, we also expect to compare our deep learning
car-follower model that accepts the relatively position/speed
information (e.g. from radar or LIDAR sensors) and the
end-to-end deep learning models [63]–[65] which accepts
image information as input, so that the latent relationship
between enviroment perception and control action can be
revealed. Besides, the successful application of our model may
also contribute to the energy-saving area. For example, it could
help to better estimate the fuel consumption of vehicles in
congested traffic [66], [67].
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