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ARTICLE INFO ABSTRACT

Keywords: Car-following (CF) and lane-changing (LC) behaviors are two basic movements in traffic flow
Traffic flow which are generally modeled separately in the literature, and thus the interaction between the
Car-following two behaviors may be easily ignored in separated models and lead to unrealistic traffic flow
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description. In this paper, we adopt a deep learning model, long short-term memory (LSTM)
neural networks, to model the two basic behaviors simultaneously. By only observing the posi-
tion information of the six vehicles surrounding the subject vehicle, the LSTM can extract the
significant features that influence the CF and LC behaviors automatically and predict the vehicles
behaviors with time-series data and memory effects. In addition, we propose a hybrid retraining
constrained (HRC) training method to further optimize the LSTM model. With the I-80 trajectory
data of NGSIM dataset we train and test the HRC LSTM model, while the results show that HRC
LSTM model can accurately estimate CF and LC behaviors simultaneously with low longitudinal
trajectories error and high LC prediction accuracy compared with the classical models. We also
evaluate the transferability of the proposed model with the US101 dataset and a good transfer-
ability result is obtained as well.

1. Introduction

As two fundamental driving behaviors in traffic flow, Car-Following (CF) and Lane-Changing (LC) maneuvers which describe
vehicular longitudinal and lateral interactions on the road respectively, have attracted long term interests in the traffic flow research
community. For CF behavior, it has been widely studied for many years and numerous CF models have been developed to depict CF
behaviors in terms of different perspectives such as engineering perspective and human perspective. For a detailed review, please
refer to Brackstone and McDonald (1999), Toledo (2007) and Saifuzzaman and Zheng (2014). With respect to LC behavior, the
modeling efforts are not as many as CF due to the complexity of LC behavior. More specifically, LC is often categorized into different
types (e.g., mandatory LC and discretionary LC; or free, cooperative, and forced LC (Hidas, 2002; Sun et al., 2014a)). In addition, the
whole LC process can be divided into four sub-models, including motivation generation of LC, lane choice model, gap acceptance
model, and LC execution model (Toledo et al., 2007), while most previous studies only focus on the gap acceptance model (Ahmed,
1999). However, because of its negative influence on traffic flow, incorporating LC maneuvers in traffic flow theory and modeling is
of vital importance (Hidas, 2005; Sun et al., 2014a, 2014b). Recent developments of LC modeling is reviewed in detail by Zheng
(2014).

Generally, CF and LC behaviors are studied and modeled separately in the literature for the sake of simplicity and focus. However,
from the human perspective, drivers can hardly split the driving task into two independent tasks during driving process, since CF and
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LC tasks have a significant impact on each other (Toledo, 2007). Although it is intuitive to consider CF and LC as an indivisible
process, integrating them into one model is still challenging for several reasons: (1) The influencing factors for the two behaviors are
numerous but different. For example, the gap between the subject vehicle and preceding vehicle in the current lane and the speeds of
subject vehicle and preceding vehicle are commonly-adopted variables in CF modeling, whereas LC modeling usually considers the
gap and speeds of vehicles in the current and target lanes at the same time. (2) Driver's decisions on CF and LC are always dependent
on the historical driving behaviors and the past traffic states (Toledo, 2007), while mathematical models are not suitable for such
consideration. (3) The output of CF model is a continuous variable (e.g. acceleration, or speed) and the result of LC model is a discrete
variable (e.g. whether to change lane or not) that are distinct from the former. Thus, only very few studies attempted to develop
integrated models for CF and LC behaviors. Toledo et al. (2007) integrated CF model and LC model together by assigning different
sub-tasks in different layers. The decision of LC, select of appropriate lane and gap and change of speed are decided step by step
according to a large set of sub-models, making the integrated model quite complicated and inflexible. Tomar et al. (2010) tried to
predict the LC and CF trajectories with multilayer perceptron neural network (MLP-NN). The results showed that an MLP-NN can give
the future path accurately only for discrete patches of the trajectory but not over the complete trajectory. In summary, how to
precisely and completely describe the CF and LC behaviors at the same time remains elusive.

However, the CF and LC behaviors are both implied in trajectories. Thus modeling CF and LC behaviors can be equivalent to
trajectory prediction, which should meet requirement in terms of microscopic level (e.g. CF and LC behaviors). In the domain of self-
driving vehicles, there are four steps including perceiving the environment, processing that information, predicting how others in that
environment will behave and finally making driving decisions (Waymo, 2018). Therefore, many studies attempted to focus on two-
dimensional trajectory prediction to mimic human driving behavior (Cosgun et al., 2017; Djuric et al., 2018; Li et al., 2017; Woo
et al., 2017; Zhang et al., 2017)

On the other hand, machine learning methods have been widely adopted for CF and LC modeling because of the easy access to
massive high-resolution trajectories data and recent development of data mining technologies. A number of data-driven models using
shallow learning were developed for CF models (Khodayari et al., 2012; Panwai and Dia, 2007; Wang et al., 2018; Wei and Liu, 2013;
Zheng et al., 2013; Zhou et al., 2017) and LC models (Hunt and Lyons, 1994; Kita, 1999; Kita et al., 2002; Moridpour et al., 2009;
Talebpour et al., 2015; Wu et al., 2000), respectively. Previous studies also demonstrated better performance of data-driven models
than conventional analytical models in multi-aspects, such as the accuracy of trajectories and the replication of traffic flow char-
acteristics. Among these studies, the Neutral Network (NN) method with different variations is commonly used. In general, human
driving behaviors are highly non-linear and complex maneuvers, which is difficult to be modeled by mathematical models or con-
ventional shallow machine learning models. The recent emergence of deep learning technology has been shown to be a highly
effective learning approach and has demonstrated superior performance in various domains (e.g., traffic speed prediction, driving
distraction classification and CF behavior modeling) (Huang et al., 2018; Ma et al., 2015; Wang et al., 2018; Wollmer et al., 2011).
Therefore, in this paper, we attempt to reproduce the vehicles’ complete trajectories by including the CF and LC behaviors in one deep
learning model.

Considering that Long Short-Term Memory neural networks (Hochreiter and Urgen Schmidhuber, 1997), a special Recurrent
Neural Networks, is able to learn the time series with long time spans and automatically determine the optimal time lags for pre-
diction, we adopt the LSTM to develop the integrated CF and LC model by learning human decision-making experience in driving. By
only observing the position information of the six vehicles surrounding the subject vehicle, the LSTM can extract the significant
features that influence the CF and LC behaviors automatically and predict the vehicles behaviors with time-series data and memory
effects. In addition, to promote the performance of LSTM model, we further propose a novel hybrid retraining constrained (HRC)
training method. With the I-80 dataset in NGSIM dataset, we first train and test the HRC LSTM model and compare it with the field
data. And we also assess the transferability of the model with the US-101 dataset to examine its ability to implement directly on other
sites.

The remaining part of this paper is organized as follows: Section 2 proposes the HRC training method based on the LSTM model;
Section 3 evaluates the HRC LSTM model with I-80 dataset; Section 4 studies the transferability of proposed model and Section 5
summarizes main conclusions and discusses the future study.

2. Methodology

As mentioned before, three challenges exist when we integrate the CF and LC modeling into one model. The most critical one is
the different influencing factors for the two behaviors. More specifically, CF and LC are two completely different driving behaviors
and many different factors influence the two behaviors. As shown in Fig. 1, CF models usually consider 6 parameters, such as speed
(Vsubs Viead), acceleration (asup, areqq) and gap (time gap, space gap) of subject vehicle and lead vehicle (Saifuzzaman and Zheng, 2014;
Treiber et al., 2000). However, LC models usually consider a total of more than 10 parameters (Laval and Daganzo, 2006; Zheng,
2014; Sun et al., 2014a). Compared with CF models, LC models generally take the speeds (Vsup, Viagl, Viag2s Viags> Viead1s Viead2s Viead3) and
accelerations (Quup, Gigg1, Qags Aags> Head1> Ulead2> Aeads) Of vehicles in adjacent lanes, and the gap (Gigg1, Giag2, Glags> Giead1, Gieadzs Gleads)
between the lead vehicle and lag vehicle in the adjacent lanes into consideration. All above parameters have different effects on
modeling CF and LC behaviors and the integrated settings of model input need to be reconsidered when simultaneously modeling. A
direct way to incorporate the CF and LC behaviors in one integrated model is to extract the information from the two-dimensional
(i.e. longitudinal and lateral) positions of surrounding vehicles and predict the corresponding positions of the subject vehicle taking
the advantages of deep learning model. Thus the CF and LC behavior characteristics can be further extracted and studied.

In addition, driving behavior is a time-series process that has fading memory effect (Treiber et al., 2000). When developing an
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Fig. 1. Main factors for CF and LC models.

integrated model including CF and LC behaviors, we should also notice the impact of historical behavior on the current state.
Considering the superiority of LSTM on dealing with massive high-dimensional data and fading memory effect, we employ LSTM as
the basic model for simultaneous CF and LC modeling. To reduce the cumulative errors in the whole process, we develop a new
training method, i.e. HRC LSTM, to further optimize the LSTM model.

The general structure of HRC LSTM model is shown in Fig. 2. The high-dimensional historical time-series position data are used as
the input. The complete trajectories are first predicted with the initial LSTM model and then used for retraining. Combined with the
safety constraint, the HRC LSTM model is trained with the Train-Predict-Retrain process. With the obtained HRC LSTM model, the
positions of subject vehicle in the testing dataset are predicted. The structure of the basic LSTM model is introduced in detail in
Section 2.1. The configuration of LSTM neural network is then presented in Section 2.2. The improved HRC training method is
explained in Section 2.3.
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Fig. 2. Model structure of HRC LSTM (L steps refer to the historical length of input and the N steps refer to the output length of a complete
trajectory).
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Fig. 3. Model structure of a basic LSTM.

2.1. The basic LSTM model

Recent advances in deep learning have made it possible to extract high-level features from raw data (e.g. images, speech) and
LSTM is a special recurrent neural network in essence (LSTM is inherently a deep learning method despite the number of hidden
layers, for a signal may propagate through a layer more than once, and the CAP depth is potentially unlimited (Schmidhuber, 2015)
in recurrent neural networks like LSTM). So LSTM can obtain the feature of driving situation at different timestamp, and then it can
mine higher-level time series features which represent driving memory effects. Due to the advantage of incorporating historical
driving information, LSTM model can achieve better prediction.

The structure of a basic LSTM model is shown in Fig. 3. It contains one input layer, one hidden layer and one output layer. The
input layer initializes input data for subsequent layers, while the output layer is used for the feature regression. The hidden layer is
mainly used for the feature learning of the input data, where the main unit is memory block (see Fig. 4). The input, output and LSTM
unit are explained in detail later.

2.1.1. LSTM unit
LSTM with forget gates (Gers et al., 2000) that recognized as the basic LSTM is built first in this work. Every unit of LSTM network

@
(0)
4
( + ]

= he

Fig. 4. Schematic diagram of the memory block of LSTM.
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is a memory block (as shown in Fig. 4) with three self-parameterized controlling gates, the input, forget and output gate, respectively.
In a training cycle, input will remain in the memory of the cell if the input gate is activated. After that, forget gate will decide whether
to forget the past value. Finally, the extent to which output in the cell is used to compute the final state is also controlled by the
output gate. The compact form of the equations is shown as below, which are also marked out in Fig. 4.

a. Forget gate
fi = a(Wgx; + Wighy_1 + Wpe,1 + by) [@))

b. Input gate
iy = 0o (Wux; + Withey + Waciq + by) (2)

¢ = fycron + ifanh (Waex, + Wichiy + be) 3

c. Output gate
o = O'(u/xoxt + I’Vlfwl'lt—l + Weoer + bo) (4)
h; = o;tanh(c;) 5)

where x, is the input data, o is the logistic sigmoid function, and i, f, c, 0 are input gate, forget gate, cell state vectors and output gate,
respectively. And they are the same size as the hidden vector h. W, (x = xi, hi, ci, xf, hf, cf, xc, hc, xo, ho, co) stands for the weight
matrix from the cell to gate, and b, (x = i, f, ¢, 0) denotes the bias vector of each gate.

2.1.2. Input and output

The input of the integrated model should fully consider the influence of other vehicles in the driving environment and the impact
of historical driving behavior. Other than modeling lane-changing (LC)’s decision-making only, we study on two-dimensional tra-
jectory prediction, thus no efforts are needed to determine the initial lane-changing states or distinguish lane-changing types (Li et al.,
2018; Wang et al., 2014). For each vehicle, the two-dimensional positions (longitudinal and lateral position) of the closest preceding
and following vehicles within detection region in the current lane and adjacent lanes are extracted from NGSIM dataset. The time-
sequence historical position information of subject vehicle and six surrounding vehicles are the sole inputs of HRC LSTM model (see
Fig. 5), while the two-dimensional positions of subject vehicle in the following time steps are predicted.

Let x; € RP be the D-dimension vector of the t-th time step and x; is composed of the position of subject vehicle and positions of
detecting vehicles in the detection region. The area which contains 100 m behind the front and a total of three lanes at center of the
vehicle are the detection region (as shown in Fig. 5). The nearest vehicle in front of or behind the subject vehicle in each lane can be
detected, and the composition of the feature vector x; in ¢-th time step is as follows:

— t 13 t 13 t 13 11
X = [Psub’ Pleadl’ PleadZ’ PleadS’ Plagl’ PlagZ’ PlagS] (6)

P! denotes the position of a vehicle in the ¢-th time step, which includes local x (lateral position) and local y (longitudinal position). It
should be noted that there may be no vehicles in the detecting area. If this is the case, the default positions of the vehicle in each lane
is set at both ends of the detection area.

Therefore, the input matrix X, of model training and predicting are composed of feature vectors in L time steps At before ¢-th time
step. The expression for X; is as follows:

Xi = [Xi—raes Xe—@-1)an s Xi—2a0 Xi—acl 7

The existing studies on the CF and LC behaviors consider many factors such as speed, acceleration, time gap and space gap et al.
Although the feature vector x; in this study only has information of relative position, the input matrix X; is composed of feature

Flow Direction —_—

[ detectionregion  [EEMB detected surrounding vehicles

Pt denotes the position of a vehicle in the t-th time step, i.e. P* = (X,Y)

Fig. 5. Model input of HRC LSTM.
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vectors at multiple moments. Thus LSTM can be used to characterize speed, acceleration, and other parameters during continuously
detecting. So this study only considers the position information of the surrounding vehicles and the subject vehicle in the model
input. This kind of inputs ensure the maximum flexibility for the subject vehicle’s detecting capabilities if consider how to implement
for autonomous vehicles in future.

The model output ¥; corresponding to the input X; at ¢t-th time step is the predictive position of the subject vehicle at ¢-th time step,
which equals to ﬁ;ub.

In the context of this paper, for every single time step of prediction, x; is the input data corresponding to the time-sequence
historical position information of subject vehicle and six surrounding vehicles, ¢, is the internal state vectors and h, is the hidden
vector in the ¢-th unit. Moreover, as shown in Fig. 3, ¢, and h, are the inputs for the next unit, the output h, of last two unit can derive
the two-dimensional positions of subject vehicle by applying activation function sigmoid.

2.2. Configuration of LSTM neural network

After developing the basic structure of LTSM, several configurations of LSTM need to be specified to optimize the proposed model,
such as the loss function, activation function and optimization algorithm.

2.2.1. Loss function

The training process of LSTM is essentially the process of back propagation of the loss function to adjust weights and parameters.

As for the loss function of deep neural network (DNN) model, it quantifies how well the algorithm models the training data, while
the training goal is to find optimal parameters to minimize the loss function. Loss functions in machine learning can be broadly
divided into classification and regression loss. The general loss functions for classification are log loss, focal loss, KL divergence,
exponential loss, hinge loss, etc., while for regression which our study belongs to, MSE (Mean Square Error), MAE (Mean Absolute
Error) and huber loss are usually used (Janocha and Czarnecki, 2017). Among them, MSE is the most commonly used regression loss
function, which is also adopted as the loss function of HRC-LSTM in this paper. The expression of MSE is as follows:

N |5l i
Zi:1 |Psub - Psubl

MSE = N (€)]

where ﬁ;ub is the i-th sample (the predictive position of subject vehicle, a vector including local x and local y) calculated by model,
Pl is the observed i-th sample, N is the total sample size and |P,,, — P.,;| denotes the vector module of the two vectors.

2.2.2. Activation function

The activation function can solve the drift problem of internal states at the beginning of learning, which can improve the ability of
nonlinear modeling (Hochreiter and Urgen Schmidhuber, 1997). Sigmoid in Eq. (9) is used as the activation function for the output
layer.

foo) =

1+e™ ()]

2.2.3. Optimization algorithm

The optimization algorithm is a method for gradient descent (Hochreiter and Urgen Schmidhuber, 1997). A method of Adam for
stochastic optimization are used. The value of learning rate in Adam are set as 0.001 according to Kingma and Ba (2015). And the
batch size is set as 32 after independent experiments.

2.3. The HRC LSTM

In previous studies (Ben Taieb et al., 2012), LSTM is known to be inaccurate for prediction in relatively long-term time steps and
can just perform well in the next few time steps. In other words, by inputting all sequences of real data, the next time step prediction
is obvious to be accurate. However, when the model is performing continuous prediction, the model obtains complete trajectory
prediction results only with the input of initial time period, while the output of each time step of the model will be used as the input
for the next time step, thus leading to the error of the model will also gradually accumulate. Therefore, the HRC LSTM is put forward
which incorporates retraining and constraints based on the original LSTM model. The whole process of HRC LSTM is shown as Fig. 6.
The dataset is divided into D; and D,. Dataset D, is used to obtain original LSTM (step @). Dataset D, is used to generate predicted
results using original LSTM (step @). Constraints are added to ensure the safety distance of predicted results, which generates a new
dataset D; (step ®). Then dataset D; and D; are merged (step @) to retrain the LSTM model (step ®). The overall error of LSTM model
will be reduced by retraining, and the model can be trained iteratively for many epochs until the model error meets the predicted
demand (step ®). Detailed methods of retraining and constrains are introduced in the following two sections.

2.3.1. Retraining with predictions
Regarding the retraining, it is a kind of disagreement-based learning which could be traced back to the disagreement-based semi-

supervised learning. In the paradigm of disagreement-based semi-supervised learning, multiple learners are generated by the labeled
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Fig. 6. The process of HRC LSTM.

dataset and collaborate them to exploit unlabeled examples, and then refine themselves through the large disagreement between the
multiple learners. In detail, every learner converts the most confidently predicted unlabeled example into a labeled training example
to teach other leaners, and finally we can get a fine-tuned model until learners agree on each other (Blum and Mitchell, 1998; Zhou
and Li, 2005; Zhou and Li, 2010). Inspired by the disagreement-based semi-supervised learning (learning with single view multiple
regressors), retraining utilizes the disagreement between training and retraining to obtain effective generalization performance. In
each iteration, a learner predicts new trajectory sequences, while a new learner is trained in next iteration, where the inputs are
composed by predicted trajectory sequences in the previous iteration and original trajectories (observed data), and the outputs are
the corresponding positions in the observed trajectory data. Note that as every element in a trajectory sequence is both input and
output of LSTM, disagreement between training and retraining applies in the input for training a new learner. This process differs
from the original disagreement-based semi-supervised learning, where multiple learners predict respective labels for unlabeled ex-
amples and disagreement from it consists in the output label of training. Another difference is that there are no unlabeled examples in
retraining. Thus the effect of each update can be verified immediately and enhanced in following training by the cycle of Train-
Predict-Retrain.

More specifically, as shown in Fig. 7, half of the original training set D; is used to obtain an initial LSTM model, and then another
dataset D, is used as model input to predict by the initial model. Dataset D, is partly replaced by the predicted result of D, which
forms a new dataset D;. Thus the retraining dataset D* is formed, where the input of the dataset is composed of half of the original
input of training set D; and the prediction results from the dataset Ds, and the output remains the same as observed data. After the
initial model retrained with the new training set D*, a new LSTM model is obtained.

This approach has several advantages over conventional training. First, it is readily comprehensible that retraining with pre-
dictions will improve model performance, and mixing with half input of real data prevents model from getting more and more biased.
Second, the effect of each update can be verified immediately and enhanced in following training by the cycle of Train-Predict-
Retrain. In this way, prediction accuracy can be increased to meet the requirement of long-term prediction.

2.3.2. Longitudinal constrains

In the perspective of machine learning, data editing is a useful technique which filters out the training examples wrongly gen-
erated in the human labeling process to improve the quality of the training (Li and Zhou, 2005; Wilson, 1972). Thus we proposes the
longitudinal constrains in order to ensure the safety distance of vehicles. Particularly, in addition to the vehicle's own dynamics and
kinematics constraints, the model should also consider safety constraints of vehicle movement. In practice, vehicle locations are
limited by surrounding vehicles, while errors in LSTM prediction may lead to inconsistencies with the actual situation. Therefore, the
constraints should be added in the retraining process to ensure the safety of the prediction results. The role of the constraints is shown
in Fig. 8.

The retraining process of HRC LSTM is as the same as that in the Section 2.3.1, while the difference is the predictions of
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longitudinal positions should be first assessed to see whether reasonable (meeting the safety condition) or not before retraining. The
real longitudinal value of the vehicle will be adopted for the input of retraining if the longitudinal prediction is not reasonable. As per
the minimum maintained time headway of human drivers in previous study (Vogel, 2003), we set up the safety constraint that time
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Fig. 7. Schematic diagram of retraining LSTM.
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headway should be larger than 1s. The constraints are defined in Eq. (10) and Fig. 9.

Y=Y, if h+mxt<YVY<Y-vxt

Y=Y, else

Here, Y is the real ordinate of the vehicle, Y is the predicted ordinate of the subject vehicle, Y; is the ordinate of lead vehicle, Y, is
the ordinate of lag vehicle, v, v, are the velocity of the subject vehicle and lag vehicle, respectively, and ¢ is the minimum safety time

headway which equals to 1s.
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Fig. 9. Safety distance of longitudinal constrains.
2.3.3. HRC LSTM algorithm

As mentioned above, the methods of retraining and longitudinal constrains are integrated into a complete algorithmic process.
The algorithm is developed as the following steps.

Algorithm 1 Hybrid Retraining Constrained LSTM

1: Initialize training dataset D = {(x}, y;), (X5, ¥,), -}, dataset D, is half of dataset D, dataset D, is another and dataset D= @
2: X (D), Y (D) stands for input(x;, x,,---) and output(y;, y,,--) of dataset D

3: Initialize LSTM Neural Network M with training in dataset Dy

4: for episode = 1, N do

5: for x; inX (D) do

6: Prediction y;= M (x;) which is the output of LSTM-NN M

7: if longitudinal prediction of y; is reasonable then

8: Store y; in X (D3)

9: else

10: Store lateral prediction of y; and corresponding real ordinate in X (D3)
11: end if

12: end for

13: Set Y (D3) =Y (Do)

14: A new dataset D* is the aggregation of D; and D3

15: A new LSTM-NN, i.e., a HRC LSTM-NN M * is retrained by dataset D*
16: end for

3. Case study

In this section, we use NGSIM dataset which is commonly used in transportation research to train and test the HRC LSTM model
and evaluate the model with a group of systematic indictors from both longitudinal and lateral aspects.

3.1. Data preparation

As a deep learning algorithm, the improved HRC LSTM model requires massive trajectories data including both CF and LC
behaviors to be trained. We thus adopt the [-80 dataset from NGSIM dataset to train the integrated model. The vehicles driving on the
middle lane (lane 2-5) from 4:00 p.m. to 4:15 p.m. are collected and used. For each vehicle, the positions of the closest preceding and
following vehicles within 100 m (since the range of commonly used sensors like LIDAR or RADAR are 60-175 m (Cho et al., 2014)) in
the current lane and adjacent lanes are extracted (6 blue vehicles as shown in Fig. 5; if there is no vehicle within 100 m ahead or
behind, we consider virtual preceding or following vehicles at 100 m for the sake of calculation convenience). Finally, 1230 vehicles’
trajectories are obtained (including 200 LCs and more than 800,000 CF samples), where 2/3 of data are used for training and the rest
1/3 of data are used for testing. On the other hand, although the NGSIM dataset contain all sorts of inconsistencies and errors, the
main issues are within the speed and acceleration data which are not used in this study (Montanino and Punzo, 2013, 2015; Treiber
and Kesting, 2013). Thus, we believe that the errors of NGSIM data should not impact the results of model.

3.2. Parameters setting

In the LSTM model, there are many parameters that affect the performance of the model. Generally, parameters of DNN are
usually selected by experience and few empirical experiment results, as it is very difficult to find the global optimal sets of parameters
for any DNN (Christiano et al., 2017; Cornebise et al., 2018; Santoro et al., 2017; Weber et al., 2017). People even hardly perform a
systematic grid search to select the optimal parameters owing to the high computational cost. Thus in this paper, we choose the
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Table 1

Parameters and their values in HRC LSTM.
Parameter Description Value
Input dimension Dimensions of input layer 14
Output dimension Dimensions of output layer 2
Batch size Number of training cases over each Adam update 32
Historical length Number of past frames (0.1 s) 80
Hidden layer number Number of LSTM layer 1
Neuron in the hidden layer Number of neurons in the hidden layer 100
Dropout rate The rate used in dropout layer 0.2
Training epochs Number of training update 15
Retraining epochs Number of retraining update 5
Loss function The function to calculate loss MSE
Activation function The function to activate output Sigmoid
Optimizer The function to minimize loss Adam
Safety time headway Headway kept for safety (¢ (s) in Fig. 7) 1

parameters (batch size, hidden layer number, training epochs, etc.) by performing an informal search on the experiments as per
previous study (Cornebise et al., 2018; Silver et al., 2017). We conducted sensitivity experiments with different parameter settings to
test the HRC LSTM predictive performance for the trajectories. The final parameter settings can be found in Table 1.

3.3. The model performance evaluation indicators

For simultaneously modeling CF and LC behaviors, only evaluating the error of predictive trajectories is not sufficient. An in-
depth analysis on the separate lateral and longitudinal behaviors is also needed. Therefore, several evaluation indictors from three
perspectives are used in this study: lateral accuracy, longitudinal accuracy and overall accuracy of trajectories, and final result is the
average value of all the vehicles.

With respect to the lateral accuracy, the lateral prediction accuracy (the percentage of successful LC predictions of observed LCs)
in Eq. (11) shows how accurate the predictive LCs are, where a successful prediction means the same vehicle as in reality makes LC
around the same time, and the distributions of accepted LC time gaps between observed data and simulated data are also compared.
For longitudinal accuracy, two commonly used metrics, longitudinal error (Ossen and Hoogendoorn, 2011) as shown in Eq. (12)
which considers not only vertical coordinates but also speed and mixed gap error which considers gap errors as shown in Eq. (13)
(Kesting and Treiber, 2008), are used. Regarding the overall accuracy, the model error in Eq. (14) is an extended version of the
longitudinal error, which calculates the error of longitudinal and lateral location and speed between observed data and simulated
data. Reasonable prediction accuracy as shown in Eq. (15) (the percentage of reasonable predictions which meet the safety distance
condition as shown in Fig. 7 of the total predictions) is another indicator for overall accuracy, which tells the reasonableness of
integrated model.

num of successful LC predictions

lateral prediction accuracy =

total observed LC number (11
loneitud V2 O, =) L1y V2 = 1)
ongitude error= ——— + — X —————
\/Ztyoz + \/Ztysz 2 V2 v? + V2 v’ 12)
s (Go—Gy)?
mixed gap error = “JM
A4
\ %6 (13)
&l NS e —x)? N V2 0 =) 1 V2 = w)?
mode error_\/Zx2+ RE \/E 2+\/2 = 5 —Zv2+ _sz
t o N L s tJ{) [yx N &t 7o t s (14)
reasonable prediction accuracy = num _of reasonable predictions
total number (15)

where

X,, Xs are local lateral positions (ft) of observed data and simulated data;

%, % are local longitudinal positions (ft) of observed data and simulated data;
,, Vs are speeds (ft/s) of observed data and simulated data;

G,, G, are gap (ft) of observed data and simulated data;

t is the frame (0.1 s) number.
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Table 2
Comparison results of different LSTM models.
Model Overall Longitudinal Lateral
Model error Reasonable prediction accuracy Longitudinal error Mixed gap error Prediction accuracy
LSTM Training dataset 0.088 100% 0.081 0.90 85%
Testing dataset 0.094 50% 0.075 0.90 74%
Retraining LSTM Training dataset 0.071 99% 0.064 0.44 91%
Testing dataset 0.100 70% 0.080 0.77 87%
HRC LSTM Training dataset 0.059 97% 0.056 0.34 100%
Testing dataset 0.049 96% 0.045 0.39 100%

3.4. Results analysis

To evaluate the performance of the HRC LSTM model, training and testing experiments with the parameters presented in Table 1
are conducted with the HRC LSTM model. In addition, the original LSTM and retraining LSTM without longitudinal constrains (shown
as retraining LSTM below) are trained with the same data and parameters for comparison as well. The comparison results of different

Frequency

Frequency
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0.36 [ HRC LSTM accelearation(m/s/s)
0.29 A
0.21 A
0.14 A
0.07 A
0.0 T y r
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(a) Histogram of real and simulated acceleration.
0.11 A Real headway(s)
[ HRC LSTM headway(s)
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0.02
0.0
0 8 10

Headway(s)
(b) Histogram of real and simulated headway.

Fig. 10. Histogram of real and simulated acceleration (a) and headway (b).
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Fig. 11. Time gap distribution of LCs with HRC LSTM model.

models with both the training set and the testing set are presented in Table 2. In general, the performance of models are compared
with the testing dataset. The comparison between the training dataset and testing dataset can indicate the ability of models on
overfitting issue. In order to systematically assess the performance of the integrated model, the results analysis of three models is
divided into several subsections, including overall results, longitudinal results, lateral results and trajectory comparison.

3.4.1. Overall results

As shown in Table 2, the results of LSYM model and retraining LSTM model with testing dataset are slightly worse than that with
training dataset, while the HRC LSTM model have even better results with the testing dataset, indicating its better performance on
overfitting issue than other two models. For the testing results, from the original LSTM model to the HRC LSTM model, the model
error drops from 0.094 to 0.049, while the model error of retraining LSTM model is greater than other two models. However,
regarding the reasonable prediction rate, the original LSTM model can only have half reasonable predictions, while the other half
predictions do not satisfy the safety distance condition. With retraining, the reasonable prediction rate grows to 70%, and finally in
HRC LSTM model, the reasonable prediction rate is improved to 96%.

3.4.2. Longitudinal results

Similar to the model error, the longitudinal error and mixed gap error of the HRC LSTM model is the minimum of all the three
models. To further evaluate the performance of the integrated model in CF behavior, we compare the longitudinal error with a widely
used CF model, intelligent driver model (IDM) (Treiber et al., 2000) because of its well demonstrated capability of reproducing many
characteristics of traffic flow. In a typical CF calibration study using IDM, trajectory data collected during peak hours on Dutch
Motorway A2 (we cannot find any other IDM using NGSIM dataset and evaluation indicator in Eq. (12) at the same time) is used and a
sequential quadratic programming method is applied to calibrate IDM, and longitudinal error of IDM is obtained which ranges from
0.005 to 0.422 (Wang et al., 2010). As we can see, the longitudinal error in HRC LSTM model is in the range of error in IDM, at least
HRC LSTM is not definitely inferior to the pure CF model of IDM.

In addition, we have analyzed the distribution of headway and acceleration in terms of microscopic behaviors. As Fig. 10 shows,
the distributions of the acceleration and time headway are very consistent between the HRC-LSTM results and the real data. The
differences between the distribution are evaluated with Welch's t-test which remains robust for skewed distributions (Fagerland,
2012). Finally, the p-values are 0.67 for acceleration and 0.09 for headway, respectively, which are all greater than 0.05. It means
there are 95% confidence to assume no significant difference between predictions and real longitudinal behaviors.

3.4.3. Lateral results

With the testing dataset, the original LSTM model can only predict 42 LCs from the total 57 LCs (lateral prediction accuracy is
74%), and the retraining LSTM model can predict 87% LCs, while HRC LSTM model can accurately predict all the LCs with a 100%
successful prediction rate. The high prediction accuracy of HRC LSTM indicates the feasibility of integrated model for LC modeling. In
addition, to validate the characteristics of LC behavior, the time gap distributions of LCs reproduced by HRC LSTM model are
compared with the real data as shown in Fig. 11. Since the prediction accuracy and reasonable prediction accuracy of the original
LSTM and retraining LSTM model are much lower than HRC LSTM, their time gap distributions are not extracted for the comparison.
The differences between the distribution reproduced by the integrated models and real data are also evaluated with Welch's t-test.
Finally, the p-value is 0.32, which is all much greater than 0.05. It means there are 95% confidence to assume no significant
difference between predictions and real LCs. The results show that HRC LSTM model can not only predict each LC, but also decently
depict the LC characteristics. On the other hand, it reflects that the longitudinal constrains promote the CF modeling significantly.
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(a) Lateral movement in one lane of vehicle 1925 (from training dataset).
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(b) Continuous lane changing and stop and go driving of vehicle 2285 (from training dataset).
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(c) Lateral movement in one lane of vehicle 3125 (from testing dataset).

Fig. 12. Comparison between observed and simulated trajectories.

3.4.4. Individual comparisons

To show the results in terms of every single vehicle, we plot the one-to-one comparison by selecting several typical trajectories
from training dataset and testing dataset, respectively, as shown in Fig. 12: (a) lateral movement in one lane (from training dataset),
(b) continuous lane changing and stop and go driving (from training dataset), (c) lateral movement in one lane (from testing dataset),
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(d) Continuous lane changing of vehicle 3344 (from testing dataset).
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Fig. 13. Flow-density comparison between real data and simulation results.

(d) continuous lane changing (from testing dataset). The results illustrate that the simulated trajectories are much consistent with the
observed ones and can capture both the longitudinal and lateral movements of vehicles, which further prove the good performance of
the proposed model.

3.4.5. Congestion dynamics comparisons

The ability of re-capturing macro/micro congestion dynamics is critical for microscopic behavioral models to validate their
performance. Therefore, we further analyze the corresponding flow/density and spacing/time headway characteristics of the si-
mulation vehicles in testing dataset.

As for the flow/density characteristics, we extract the real and simulated data of lane 2 on I-80 for further analysis. Please note
that this lane is only selected for validation and we can obtain similar conclusion from other data. We estimate the flow rate and
density of real data and simulation results with Edie’s definition (Edie, 1963), where the time aggregation interval is one minute and
the location is 400 ft of local Y (Lu et al., 2009). The comparison of flow-density diagrams is shown in Fig. 13. The trend of flow-
density of simulation results is basically consistent with that of real data, which is the well-known quadric curve.

For the relationship between spacing and time headway of simulation results, as shown in Fig. 14, HRC LSTM can reproduce the
hysteresis loop which is well-known in the real traffic (Zhang, 1999). This further demonstrates the capability of proposed model in
generating typical features of real traffic.

300



X. Zhang, et al.

6.5

6.0

Spacing(m)
w w s > v w
o w o w o w

N
U

Transportation Research Part C 104 (2019) 287-304

Real data
HRC LSTM

g
-

16

18 20 22 24
Headway(s)

(a) Spacing-headway of vehicle 2938.

Spacing(m)
w (=]

S

o ---— Real data
--- HRC LSTM

"'::""3
£ e <1--'>;.3"§

-

15 20 25 30
Headway(s)

(b) Spacing-headway of vehicle 2940.

Spacing(m)
N w

w

Real data
HRC LSTM

15

20 25 30 35

Headway(s)

(c) Spacing-headway of vehicle 2962.

Fig. 14. Spacing-time headway comparison between real data and simulation results.
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Table 3
Comparison results of different testing datasets.
Dataset Overall Longitudinal Lateral
Model error Reasonable prediction accuracy Longitudinal error Mixed gap error Prediction accuracy
1-80 0.049 96% 0.045 0.39 100%
Us-101 0.036 99% 0.033 0.39 100%
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Fig. 15. Time gap distribution of LCs with HRC LSTM model and US-101 dataset.

4. Transferability analysis

To further examine the applicability of the developed HRC LSTM model based on the I-80 dataset on other freeways, we evaluate
the transferability of the proposed model by directly applying this model with the US-101 dataset in NGSIM dataset. The trajectories
of vehicles driving on the median three lanes (lane 1, 2, 3) and corresponding surrounding vehicles’ positions information are
collected. Finally, 373 vehicles’ trajectories are obtained, including 35 LCs and more than 240,000 samples. The results of the HRC
LSTM model with different testing datasets (i.e. the original I-80 dataset and the US-101 dataset) are compared as shown in Table 3.

The HRC LSTM model performs quite well with the US-101 dataset with even better results than that of the original testing dataset
Moreover, the time gap distribution of LCs is proved to be almost same with the real data by Welch's t-test as shown in Fig. 15. The P-
value is 0.21 larger than 0.05 which indicates that there is no significant difference between the two distributions. Thus the high
consistency between simulated and real data illustrates the transferability of the developed model.

5. Conclusions

CF and LC behaviors are two basic types of vehicle movements which are generally modeled separately in the literature. In this
study, we proposed HRC LSTM model to model the two basic behaviors simultaneously, so that the vehicle can realize fully au-
tonomous motion simulation on the freeway. With only the positions information of the surrounding vehicles, the proposed model
can predict the trajectories of vehicles. The I-80 dataset in NGSIM dataset is then used to train and test the improved HRC LSTM
model, while the US101 dataset is used to evaluate the transferability of the model. The main conclusions are as follows:

(1) The improved HRC LSTM model can model realistic driving behavior and show the ability of re-capturing macro/micro con-
gestion dynamics. The accuracy of longitudinal trajectories of this model is close to that of IDM, while the prediction accuracy of
LC is 100% and the LC time gap distribution characteristics are not statistically significantly difference with the real LC behaviors.
And the trend of flow-density of simulation results is basically consistent with that of real data, meanwhile the hysteresis loop is
also reproduced.

(2) With the novel training approach, the HRC LSTM model outperforms the retraining LSTM model and the original LSTM model in
terms of all the indicators, which further demonstrates the necessary of additive retraining process and longitudinal constrains.

(3) When directly implementing the model developed with I-80 dataset to the US-101 dataset, the prediction performance is still very
high, while the overall model error is smaller than that with the original testing dataset, and which shows the HRC LSTM has very
good transferability.
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In summary, the feasibility of using deep learning method for modeling CF and LC behaviors at the same time is validated in this
paper. Particularly, considering the development of automated vehicles, the proposed model can be used effectively for the intelligent
decision making and motion planning of automated vehicles. Based on the simultaneous modeling, future research could study how
the interaction between CF and LC behaviors impact the traffic flow characteristics, such as the formation and development of traffic
oscillation. On the other hand, though the HRC LSTM which can reproduce trajectory data is validated, but the translation of the
adopted approach into a robust driver behavior model, that can capture different driving conditions with limited set of trajectories, is
still a subject a research. Given the nature of the neural network, the adopted approach is more data dependent than other beha-
vioral/physics based traffic models and requires extra care in calibrating and validating the corresponding parameters; these para-
meters are not interpretable in terms of physical and behavioral characteristics of the vehicles/drivers.
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