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Abstract— Traffic time headway is essential to support 

decision-making in safety management, capacity analysis, and 

service provision. Many studies on the time headway 

distribution on highways and urban roads serve two primary 

purposes. The studies that serve the latter purpose, service level, 

have not been given adequate attention. In fact, at manual toll 

stations, traffic congestion is still a severe problem. Predicting 

the time headway at toll stations becomes extremely meaningful 

when the service providers can allocate resources reasonably, 

minimizing waiting time in off-peak periods and utilizing 

resources during high-demand periods. This study applies two 

modern machine learning methods to predict the time headway 

at Niigata toll stations, Japan, namely Long Short-term Memory 

(LSTM), which only requires simple input of time series, and 

Artificial Neural Network (ANN), which requires some 

additional external features. The data set is the time headway of 

vehicles on expressways, along with the weather information 

and the vehicle's average speed for five working days. There 

needs to be a trade-off between computation time, input data 

complexity, and model accuracy. Thus, tollgate operators could 

choose a suitable model based on their actual situation. 
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I. INTRODUCTION 

"Headway has been defined as the elapsed time between 
the front of the lead vehicle passing at the same point on the 
roadway and the front of the following vehicle passing the 
same point" [1]. Vehicle time headway plays an undeniably 
important role in traffic engineering. It is the foundation of 
highway capacity and service level calculations and the basis 
for building simulation models of incoming traffic at 
intersections, and areas without signal lights [2]. Besides, the 
time headway also proves its decisive role in studying drivers' 
driving behavior how they keep their distance to ensure safety, 
which is considered relevant closely related to vehicle 
collision, to control road traffic accidents [3]–[6]. 

Attempts to understand the time headway are made in 
many ways, but the most basic is describing its distributions. 
Accurately describing the headway distribution will help 
operators “maximize road capacity and minimize delay” [7]. 
Despite its importance, time headway statistics are incomplete 
for the following reasons: 1- lack of standard procedure to 
collect baseline data, 2- unfeasible or impotent experiments, 
3- improperly matched multi-data set [2]. Therefore, countless 
studies focus on exploring time headway properties, namely, 
re-describing the distribution in traffic patterns under various 
traffic conditions [7]. 

Reference [8] studied the time headway distribution on 
urban streets, while other researchers described the time 
headway distribution on the highway or expressway [9]–[11] 
and rural street/suburban streets [12]–[14]. Studies on 
estimating distributions extend to different traffic conditions 
such as congestion [15] and mixed traffic [11], [16]. Although 
capturing the time headway at toll stations would greatly help 
toll station operators to prepare service or allocate service 
resources appropriately, there has been little effort to 
understand headway distribution at toll stations, especially 
under the context of heterogeneous traffic conditions [7]. For 
that reason, this study carried out an on-time headway study 
at toll stations. Instead of describing time headway 
characteristics like previous approaches, this study takes a 
more direct approach, namely, time headway prediction by 
ANN and LSTM machine learning models, before effectively 
comparing the two models. The comparison provides 
suggestions for the most convenient and smooth model 
selection to apply in practice. 

II. PREVIOUS WORKS 

The study by [17] is one of the occasional works whose 
research has examined the headway distribution of mixed 
traffic flow at toll plazas. Research shows that vehicles with a 
10-25 second headway follow a log-normal distribution, while 
larger headways values follow a Generalized Extreme Value 
(GEV). These results provide the foundation for building 
microscopic simulation models at toll stations, promoting 
operational efficiency. The second study attempts to link time 
headway with service quality. This study builds capacity 
estimation of tollbooths by estimating average headway and 
then uses volume by the capacity to rank service quality [18]. 

Bus time headway has received much attention from 
researchers [19], [20]. Their job is to use machine learning 
models such as Support Vector Machine, Artificial Neural 
Network (ANN), Random Forest, K-nearest neighbor to 
develop bus headway prediction. This group of studies is 
based on the view that time headway is crucial for reinforcing 
service levels. It delivers that time headway forecasting is 
vital, not only for bus service but also for many other traffic 
service areas. The expressway service in our study is a specific 
example. 

To the best of the authors’ knowledge, two studies using 
machine learning techniques to predict headway are [21], [22]. 
The first study used LSTM to predict the time headway of 
mixed traffic flow [21]. This study uses LSTM with road 
characteristics, vehicle types, traffic flow parameters and 
velocity as inputs to the LSTM model. Reference [22] focused 
on predicting the discharge headway of vehicles as they enter 



a signal intersection using ANN models. This study proposes 
to use road factors such as lane width, lane position, vehicle 
type, position of the vehicle in the line, the need to turn or go 
straight of the vehicle, the type of vehicle immediately 
preceding it. It should also be noted that vehicle characteristics 
in reference [22] include both vehicle types and vehicle sizes 
when they divided vehicle types into private vehicles and 
taxis, vans and small trucks, medium and heavy trucks. These 
two studies provide implications that ANN and LSTM can be 
applied in predicting vehicle time headway. These are the 
leading reasons for our research to choose these two machine 
learning models to predict the time headway at the toll station. 
On the other hand, they also suggest the inputs for ANN and 
LSTM models that our research will choose for our analysis 
purposes. 

It is admittedly that weather factors influence traffic 
behavior; for example, when it is snowing or raining, drivers 
are more inclined to keep a safe distance between vehicles 
than under normal conditions due to reduced visibility and 
road surface conditions [23], [24]. These factors were not 
mentioned in previous studies on the same topic. Our study 
will use weather factors as reinforcement input for our 
machine learning models to improve forecasting efficiency. 

In the next part of this paper, we discuss the steps of ANN 
and LSTM model development and how to process the input 
data for training and testing. Then, we compare the 
performance of the two models based on different evaluation 
criteria to guide model selection for those who need them. 
Finally, we come to a conclusion and direction for future 
research. 

III. MODEL DEVELOPMENT 

A. ANN model and LSTM model 

The presence of ANN models and LSTM models in the 
field of transportation is not irregular [25], [26], especially in 
the field of traffic forecasting [27] and vehicle arrival time 
prediction [28], [29]–[31]. 

An ANN is an artificial network that can take inputs, 
transform internal cells according to the input, and compute 
output values based on those inputs and the hidden layers of 
neurons. These artificial neurons are weighted and can be 
computed through the learning process. The back-propagation 
algorithm iteratively adjusts the connection weights to 
minimize the difference between the estimated output and the 
actual output. 

y� =  f(g�x�w�� + b�)w�� + b��    (1) 

Where y�  is the output value, f(.), g(.) are the transfer 
functions for layers, w��  and w��  are the weights of the 

neurons in the input layer and hidden layers, respectively. 

LSTM is an improved network of RNN to solve the 
problem of remembering long steps of RNN. The LSTM 
network uses a cell state to propagate throughout the network 
nodes. As a result, information is transmitted smoothly 
without being changed. 

f� =  σ(W��x� + W��h��� + b�)    (2) 

 i� =  σ�W��x� + W��h���+ b��    (3) 

o� =  σ�W��x� + W��h���+ b��   (4) 

c� = f�c��� + i��� tanh�W!�x� + W!�h���+ b!�  (5) 

h� = o�tanh (c�)     (6) 

Where f�, i�, o�, c�, h�  are forget gate, input gate, output 
gate, memory cell and hidden state vector, respectively. W is 
weight matrices and b is bias parameters. σ(. ) and tanh(.) are 
sigmoid function and hyperbolic tangent function. 

B. Data collection and processing 

This study uses one week of ETC data on the expressway  
only in Niigata, Japan, form 07/12/2020 to 11/12/2020. This 
data set includes vehicle ID/number, road ID/name, actual 
arrival time (GPS time), vehicle types, vehicle sizes, position 
(long/lat), vehicle speed. Weather data is collected from the 
website (https://www.meteoblue.com) for the Niigata area for 
the respective period. The weather data includes rainfall, 
snowfall, temperature, wind. 

In the preprocessing data, GPS time data is used to extract 
peak hours (morning from 7-10 am, afternoon from 4 pm to 7 
pm), sleep hours (from 11 pm to 5 am the previous day), the 
day of the week. Congested situations can cause highway 
traffic to take longer than expected, so congestion needs to be 
covered in the learning model. Unfortunately, we do not have 
access to detailed information about congestion at any point 
on the highway; we use two indicators including traffic 
volume and average speed of vehicle flow at the toll station 
location to evaluate traffic conditions on the road. The vehicle 
speed will decrease when there is a traffic jam, and the average 
speed of the traffic will also decrease. We use average speed 
instead of instantaneous speed. This speed is calculated as the 
total speed of the vehicles divided by the total number of 
vehicles present at that time. Thus, the input features of the 
ANN model include the traffic volume, day of the week, the 
hour of the day, peak hour, vehicle types, vehicle sizes, and 
weather conditions. These features are then scaled by 
MinMaxScaler, range (0,1) before splitting 80% for the 
training set and the remaining 20% for the test set. 

The input value of the LSTM, which is more 
straightforward, consists of only time-sequential headway 
values. Start by generating the data in a number of time steps 
and converting it to one array. Then convert the data to a three 
dimensions (numbers of samples, timesteps, numbers of 
features) with the training dataset because LSTM wants our 
data to be in a 3D array format. 

From the vehicle's GPS position information over time, a 
vehicle arriving at the station was defined when the GPS 
coordinates of the view coincide with the toll station's GPS. 
We then calculate the time difference of the line of cars 
following each other to get the time headway. The logarithm 
of time headway was adopted for the target feature in this 
study. Fig 1 shows the time headway distribution before and 
after taking the logarithm. The logarithmic time headway has 
a mean of 4.31, a standard deviation of 1.44. The reason for 
this choice is that on highways, under conditions of free flow, 
the time headway follows a log-normal distribution [16]. 

Table I shows the statistical value and distribution of the 
time headway before and after taking the logarithm. A 
standard deviation higher than the mean indicates that the 
vehicle time headway value is highly volatile, from 1 to 8000. 
Time headway has minimal values during peak hours and 
giant values between midnight and early morning when the 
number of vehicles on the highway becomes sparse. On the 
other hand, it also creates challenges in calculating predictive 



values using traditional statistical models, such as ARMA, 
ARIMA, because of the high fluctuations of the data series. In 
such situations, the LSTM is considered to have the upper 
hand [32]. 

TABLE I.  DESCRIPTIVE STATISTICS OF TIME_HEADWAY AND 

LOG_TIME_HEADWAY 

Time_headway Log_time_headway 

count    2137 
mean      201.66 
std       509.70 
min         1.00 

25%        31.00 
50%        83.00 
75%       199.00 
max      8321.00 

 
count        2137 
mean        4.31 
std            1.44 
min          0.00 
25%         3.43 
50%         4.41 
75%         5.29 
max         9.02 

 

 

 

 

Fig. 1. Distribution of Time_Headway and Log_Time_Headway 

C. Model Construct 

Since the ANN model in this study is a multivariate model, 
this model starts the input layer with cell_size = 21, 
corresponding to 21 features. The activation function for the 
input layer is sigmoid activation, consistent with how we scale 
the data in the form (0,1). After many trials, it comes to the 
configuration of the ANN model with two hidden layers, each 
layer has 21 neurons, and activation functions are Tanh, 
ReLU. The output consists of 1 class, with the loss function 
being Mean Absolute Error because the dataset contains very 
large and minimal values compared to the mean. MAE will be 

suitable for more robust outliers. Furthermore, the 
optimization function is Adam. 

The LSTM, in this case, is a univariate model. Input matrix 
includes 20 neurons (cell_size = 20). The output is just one 
variable, so the dense output layer is 1. Choosing the number 
of time steps is also not effortless; many different values from 
1, 3, 5, 10,50,100,300 was tested. Based on the learning curve 
and the MAE results after each attempt, the appropriate 
timestep value is 10, which means that the last ten time 
headway data can be used to predict the 11th time headway. 
This information may raise the question of what led this study 
to choose LSTMs to approach other than time series models. 
LSTM is known for its superiority in predicting highly 
fluctuating series and with higher accuracy [32]. We still come 
to Adam for optimization because it will be consistent when 
comparing the two models. After many times of testing and 
recording the results, the best learning model is at the learning 
rate of 0.01 (see Table II).   

TABLE II.  HYPERPARAMETER FOR ANN AND LSTM 

MODELS  

Model ANN LSTM 

Hidden layers 2 1 

Learning rate 0.1 0.001 

Batch size 50 200 

Epochs 500 25 

Activation 
function 

Sigmoid – tanh – relu 
- sigmoid 

Tanh - 
sigmoid 

Optimizers Adam 

Loss function mean_absolute_error 

 

D. Measure of model performance 

This study uses three groups of criteria: required input data 
in terms of quantity and type of inputs, processing time in 
seconds, and errors to compare and evaluate the effectiveness 
of the two models. Three commonly used standard error 
parameters measure, i.e., Mean Squared Error (MSE), Mean 
Absolute Error (MAE), and Root Mean Squared Error 
(RMSE) [33]–[35]. The calculation method is described 
below. 

MSE =  ∑ (()*�())+,)-.
/     (7) 

RMSE =  1∑ (()*�())+,)-.
/     (8) 

MAE =  ∑ |()*�()|,)-.
/     (9) 

y�4  is predicted value, y�is real value. 

Mean Absolute Percentage Error (MAPE) is excluded 
because the MAPE value is pushed up too large with minimal 
actual time headway values. MAPE makes little sense in 
evaluating this time headway predictive model. 



IV. RESULTS AND DISCUSSION 

During off-peak hours, especially sleep hours, time 
headway values are markedly high. The graph reflects the 
influence of specific time of day and weather on the time 
headway. These time headway values increase when it starts 
to snow or rain. Therefore, it is reasonable to use these inputs 
for training. Fig 2 visualizes the relationship between these 
elements. 

 
Fig. 2. Line Plots of Time Headway and Input Features  

The model training results show a trade-off in choosing to 
use two models (see Table III). The ANN model has 
forecasting errors significantly lower than the LSTM model in 
all three error indices MSE, MAE, and RMSE. These indexes 
in ANN are 0.0002, 0.007, 0.0144 respectively and in LSTM 
model are 0.0218, 0.1477, 0.1165. Those errors indicate that 
the model cannot capture large variable values of the dataset. 

TABLE III.  TIME HEADWAY PREDICTION 

PERFORMANCE  

Algorithms MSE MAE RMSE 
Calculation 

time (sec) 
Features 

ANN 0.0002 0.007 0.0144 96.3 10 

LSTM 0.0218 0.1477 0.1165 56.7 1 

However, the computation time of the ANN model is 96 
seconds, while the LSTM model only needs 57 seconds. The 
ANN model needs ten inputs, including vehicle type, vehicle 
size, day of week, hour of day, average speed, rain, snow, 
temperature, wind and traffic volume. Meanwhile, LSTM 
only needs one input: the time headway in the previous stage. 

The learning history data of both subject models show a 
good fit (Fig. 3). The mean absolute error of both models 
decreases sharply during the first epochs, then starts to 
stabilize from epoch 100 for the ANN model and epoch 10 for 
the LSTM model. 

Fig 4 also depicts that the prediction results of the LSTM 
model are not as good as that of the ANN model. While the 
ANN model can deal with almost extensive fluctuations of the 
time headway, the LSTM tends to forecast around the mean 
value. 

 

 

 

(a)  ANN Model 

 

(b) LSTM Model 

Fig. 3. Learning curve of ANN (a) and LSTM model (b) 

 

 

(a) Prediction by ANN 

 

(b) Prediction by LSTM 

Fig. 4. Prediction by ANN (a) and LSTM model (b) 

V. CONCLUSION AND FUTURE WORKS 

In this study, we focus on applying vehicle time headway 
in-service preparation. It would be a great benefit if the toll 
station operator could know how long it will take to service 
the next vehicle. So, we prepared the data and used two 
popular machine learning models to build a time headway 
prediction model. 



The results of this study lie on two main points. First, the 
predictions of the ANN and LSTM models are both good fit 
and can be applied to predict the time headway or, in other 
words, the time it takes for the following vehicle to arrive at 
the station. Forecasting close to reality helps toll plaza 
operators to prepare well for the service. They can speed up 
service if the time headway is small and reduce service 
personnel when it is considerable. While ANN is more 
precise, it requires more input, and its computation takes time. 
Although the LSTM model does not achieve the high 
predictive efficiency as the ANN model, it has the advantage 
that it requires a more explicit input, just a time series, and a 
short calculation time. Data collection becomes more 
manageable with the LSTM model. There is no need to wait 
for the Electronic Toll Collection System to cultivate the data. 
The operators can benefit from setting up a system to record 
only vehicle arrival times instead of a costly and time-
consuming effort to collect complex data required by the ANN 
model. In case they have ample financial resources and time 
is not a key factor, they can pursue a predictive model with 
obviously higher accuracy. Based on the available resource 
capacity, and the ability to finance the data collection system, 
the operator can choose the appropriate model. 

The limitation of the study is that the experimental data 
has not been taken at manual toll stations. However, the 
application of LSTM and ANN model in forecasting time 
headway is also a suggestion to help operators of manual toll 
booths apply to prepare better service. In addition, this study 
only stops at two basic models, which are frequently applied 
in transportation. Advances in computer science give 
researchers access to more advanced and better predictive 
models and exploit different aspects of data. Therefore, future 
research can apply more powerful machine learning models 
on real data sets collected from manual toll gates. 
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