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Short-term Traffic Flow Prediction with
LSTM Recurrent Neural Network

Danqing Kang, Yisheng Lv, Yuan-yuan Chen

Abstract—Accurate and timely short-term traffic flow
prediction plays an important role in intelligent transportation
management and control. Traffic flow prediction has a long
history and is still a difficult problem due to intrinsically highly
nonlinear and stochastic characteristics of complex
transportation systems. In this paper, we employ the long short-
term memory (LSTM) recurrent neural network to analyze the
effects of various input settings on the LSTM prediction
performances. Flow, speed, and occupancy at the same detector
station are used as inputs to predict traffic flow. The results show
that the inclusion of occupancy/speed information may help to
enhance the performance of the model overall. Further, we
include as inputs traffic variables from the upstream and/or
downstream detector stations for traffic flow prediction. The
evaluation of such spatial-temporal input interactions show that
the inclusion of both downstream and upstream traffic
information is useful in improving prediction accuracy.

Keywords—traffic flow prediction, long short-term memory
model (LSTM), deep Learning, upstream traffic information,
downstream traffic information

I. INTRODUCTION

As a key technology in intelligent transportation systems
(ITS), traffic flow prediction has gained more and more
attention with the rapid development and deployment of ITS.
However, transportation systems are essential large-scale time-
variant complex systems consisting of various nonlinear and
stochastic dynamical processes at multiple levels. Short-term
traffic flow prediction has received a lot of research interest
over the past four decades, but continues to be a challenge until
today [1]-[6].

Short-term traffic flow prediction aims at estimating traffic
flow in the near future based on historical traffic data. A great
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deal of works have been done on the subject of traffic flow
prediction and an extensive variety of models based on
different theories have been developed [7]-[9]. In general,
traffic flow prediction models can be divided into two major
categories: parametric approach and non-parametric approach.

Parametric models include time-series models, Kalman
filtering models, etc. Nonparametric models include k-nearest
neighbor (KNN) methods, support vector regression (SVR),
artificial neural networks (ANNs), etc. Due to the stochastic
and nonlinear nature of traffic flow, parametric models cannot
describe it accurately with analysis formulas. Hence,
researchers attach great attention to nonparametric approaches
in the field of traffic flow prediction [10].

A widely-used technique for traffic flow prediction is based
on time-series methods, and Auto Regressive Integrated
Moving Average (ARIMA) is a typical parametric regression
model, which assumes that the traffic condition is a stationary
process where the mean, variance and auto-correlation are
unchanged. ARIMA was proposed in the 1970s to predict
short-term freeway traffic data and then a series of variant
models based on ARIMA have been proposed, such as
Kohonen-ARIMA [11], subset ARIMA [12], ARMA [13],
seasonal ARIMA [14]. In addition to the ARIMA-like time
series model, other types of time series models are also used
for traffic flow prediction [15].

KNN is a type of instance-based learning, or lazy learning,
where the function is only approximated locally and all
computation is deferred until classification. Chang et al.
presented a dynamic multi-interval traffic flow prediction
model based on the KNN nonparametric regression [16]. Davis
and Nihan used the KNN method for short-term freeway traffic
forecasting and argued that the KNN method performed
comparably with but not better than the linear time-series
approach [17].

SVR assumes that there is some definite mapping between
the historical observations of the traffic and the future values.
The essence of SVR is to map data into a high-dimensional
feature space via a nonlinear relationship and then performs
linear regression within this space [18]. Castro-Neto et al. used
online support vector regression (OL-SVR) to predict traffic
flow under typical and atypical traffic conditions [19]. Jeong et
al. further developed an online learning weighted support-
vector regression (OLWSVR) based on OLSVR [20].

ANN is another popular prediction strategy due to its
flexible model structure, learning ability and adaptability.
Different from the statistical methods, ANN does not require
underlying assumptions regarding data [21]. A Bayesian
combined neural network approach for short-term freeway
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traffic flow prediction was presented in [22]. A genetically
designed regression and time delay neural network models was
proposed traffic prediction on different types of roads in [23].
Vlahogianni et al. optimized the neural network with genetic
approach and applied the model to short-term traffic flow
prediction [24].

Recently, as the deep learning takes great success in
dealing with numerous engineering and technical problems
[25]-[28], such as natural language processing, objects
detection, etc., more and more researchers have been trying to
apply the deep neural network to the traffic prediction. Lv et al.
firstly applied a deep architecture model using autoencoders as
building blocks to represent traffic flow features for prediction
[29]. Duan et al. evaluated the performance of the SAE model
for traffic flow prediction at different times [30]. Xiong et al.
proposed a deep learning based model to predict bus travel
time [31].

The long short-term memory (LSTM) model, a specially
designed recurrent neural network (RNN) architecture, can
learn information with long time spans and determine the
optimal time lags in an automatic manner. It is particularly
useful for time series prediction with long temporal
dependency. Ma, et al. applied LSTM for traffic speed
prediction with remote microware sensor data [32]. Tian et al.
proposed LSTM RNN for traffic flow prediction and showed
that LSTM NN have better performance than most of the non-
parametric models [33]. Li et al. evaluated the performance of
the LSTM and GRU model for traffic flow prediction [34].
Previous LSTM based traffic flow prediction model mainly
consider flow alone as inputs and we use the LSTM model to
adopt various combinations of different types of information as
inputs, such as occupancy, speed and the neighboring traffic
flow.

It is believed that traffic flow prediction performances can
be enhanced if incorporating flow, speed, and occupancy from
the current and/or neighoring stations as inputs. Actually,
traffic state variations of neighboring detector stations are
usually correlative. In this paper, we employ the LSTM model
to analyze the effects of different input settings on the traffic
flow prediction performances. Flow, speed, and occupancy at
the same detector station are used as inputs to predict traffic
flow. Further, we include traffic variables from the upstream
and downstream detector stations as inputs to the LSTM model
for traffic flow prediction.

The rest of this paper is organized as follows. Section II
presents the LSTM model, and its counterparts for traffic flow
prediction with various input settings. Section III analyzes
experimental results. Section IV makes the conclusions of this

paper.

II. METHODOLOGY

In this section, we mainly present the LSTM model and its
counterparts for traffic flow prediction with various input
settings. Also, we introduce the data sources used in the
subsequent experiments..
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Fig. 1. Structure of LSTM Memorv Block

A. LSTM RNN

Traditional RNN architecture has the so called vanishing
gradient problem. To overcome such disadvantage, certain
structure of RNNs such as LSTM were proposed, which was
designed to give the memory cells ability to determine when to
forget certain information, thus determining the optimal time
lags for time series problems. These features are particularly
desirable for short-term traffic flow prediction in the
transportation domain because of its long-standing memory
ability.

Typical LSTM is composed of one input layer, one
recurrent hidden layer whose basic unit is memory block, and
one output layer. The memory block contains memory cells
with self-connections memorizing the temporal state, and three
adaptive, multiplicative gating units: the input, the output and
the forget gates to control information flow in the block. The
three additional gates provide continuous analogues of write,
read and reset operations on the block. Multiplicative gates can
learn to open and close, and thus LSTM memory cells can
store and access information over long periods of time, thereby
mitigating the vanishing gradient problem. Fig. 1 gives an
illustration of the LSTM memory block.

Suppose that the input of historical traffic flow sequence is
denoted as x = (x,,x,,...,x;) , where T is the prediction period,
the hidden state of memory block h = (%,4,,...,h;), and then
the real output sequence y =(y,,),,....¥;) can be iteratively
calculated by following the equations:

v, =W, h +b, 1)
ht = H(VVxhxz + Vthht—l + bh) (2)
Where W denotes weight matrices (e.g. W, is the input-

hidden weight matrix ), b denotes bias vectors, and H is the
hidden layer function, which can be computed in the following
formulas:

i =oW,x, +W,h_ +W,c,_ +b) (3)

Ji= O-(I/V)cf‘xt + VVhfht—l + VchCH +b f) 4)
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¢, = fic,+igW. x, +w,h_ +b) ©)
Or = O-(Vonxr + I/V/whrfl + VVc‘oCt +bo) (6)
h[ = Oth(ct) (7)

The i, f,0, and c are the input gate, forget gate, output
gate and activation vectors respectively. Where o(-) is the
standard logistic sigmoid function defined in Eq. (8):

1
X ®)

g(-) is a centered logistic sigmoid function with range [-2, 2]:

o(x)=

gx)=—-—-2 9
I+e
h(:) is a centered logistic sigmoid function with range [-1,1]:
2
h(x) = — -1 (10)
1+e

The objective function is to minimize the sum of square
errors, which is given by the following equation:

¢ =3 0,-p) (11)

p, represents the predicted traffic flow value at time step ¢ .

To minimize training error and meanwhile avoid local
minimal points, Adam optimizer, a modification of stochastic
gradient descent (SGD) optimizer with adaptive learning rates,
is applied for back propagation through time (BPTT) in this
paper. At the same time, we use the normalization method to
preprocess the traffic flow data and apply weighted L1 and L2
regularization methods and dropout methods for LSTM to
reduce overfitting.

In general, the more layers the LSTM has, the stronger the
learning ability of the model, but it is also easier to be
overfitting. Here, we use two LSTM layers and a dense layer
to capture the characteristics of traffic flow dynamics and
achieve satisfactory results.

B. Data Descripition and Experiment Design

The data used in this study is downloaded from the open-
access traffic flow database named California Performance
Measurement System (PeMS). We use the traffic data of five
loop detector stations located at north bound freeway I5-S,
Ripon city, San Joaquin County, California. The freeway has
three lanes under surveillance. The data were collected from
October 1, 2009 to November 30, 2009 with the updating
frequency of 30s and then the data are aggregated into 5-min
interval for each detector station. The data include a total of
17556 sample points, of which 2/3 was used for training while
the remaining 1/3 was used for testing, where the key
information include flow, occupancy and speed. To ensure a
more reliable result, missing and erroneous records were
properly remedied using temporally adjacent records.

The detector station P is the target for traffic flow
prediction, and detector stations U3, U2 and Ul are the
upstream detector stations of P, while D1, D2 and D3 are the
downstream detector stations. The traffic flow variation of the
given site P is closely related with the upstream and
downstream traffic conditions.

TABLE I. Various Combinations of Flow, Speed, and Occupancy

Variables Combinations | Flow | Occupancy Speed
S1 *
S 2 * %
S3 * *
S 4 * % *

Using only flow data does not warrant the best prediction
results. Speed data or occupancy data need to be used
simultaneously with flow data to improve prediction
performance. We firstly investigate various combinations of
flow, speed, and occupancy as the inputs of LSTM to predict
traffic flow, which is depicted in Table 1. From Table I we can
see a total of four variable combinations S1, S2, S3, S4 and
the variables contained in each combination are marked with
an asterisk in the table. We test all these four methods on 7
detector stations, and the results are shown in Table II.

The evolution of traffic flow can be considered as a
temporal and spatial process. Therefore, we explore further
how they interact and what it can improve flow prediction
performances. We investigate whether the inclusion of
upstream and/or downstream data would improve traffic flow
prediction. Table III shows the configurations of such spatial
information for the LSTM model. Herein, we use only traffic
flow data of the current and neighboring stations.

As can be seen from Table III that 16 different
combinations of detector stations can be used as inputs to the
prediction model, and the variables contained in each
combination are marked with an asterisk. That means we
should build 16 models based on the LSTM model to uncover
the effects of the upstream and/or downstream traffic
condition on the prediction accuracy. The input variables are
the different combinations of historical traffic flow of detector
stations U3, U2, U1, P, D1, D2, D3 and the response is traffic
flow of detector station P at the next time steps. Through
comparing the prediction accuracy of different input settings,
the optimal variable combination can be acquired for the
freeway short-term traffic prediction model.

C. Index of Performance

To evaluate the effectiveness of the model for prediction,
we use three performance indexes, which are the root mean
square error (RMSE), mean absolute error (MAE), and the
mean absolute percentage error (MAPE). They are defined as:

2

RMSE = %Z‘f—f (12)

MAE=> 3| £~ .| (13)
VA

MAPE—n; 7 (14)

where f, and fl are the real and predicted traffic flow of

i

the given detector station respectively.
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TABLE II. Performance of Different Input Variable Combinations on 7 Detector Stations

Detector Performance Input variable combinations

station index S1 S2 S3 S4
RMSE 14.09 13.86 13.99 13.98
U3 MAE 10.37 10.17 10.33 10.33
MAPE(%) 13.16 12.92 13.06 13.15
RMSE 21.09 20.84 20.92 20.68
U2 MAE 14.04 13.93 13.94 13.73
MAPE(%) 11.24 10.92 10.84 10.75
RMSE 19.64 19.37 19.65 19.66
Ul MAE 14.28 14.00 14.25 14.22
MAPE(%) 10.66 10.42 10.59 10.53
RMSE 23.61 23.39 23.41 23.45
P MAE 16.16 16.09 16.05 15.97
MAPE(%) 13.22 13.04 12.88 12.84
RMSE 18.55 18.50 18.48 18.42
D1 MAE 13.63 13.65 13.55 13.51
MAPE(%) 10.31 10.35 10.27 10.23
RMSE 22.27 21.91 22.58 22.32
D2 MAE 16.05 15.82 16.41 16.18
MAPE(%) 11.53 11.35 11.79 11.59
RMSE 19.07 19.01 18.76 18.70
D3 MAE 14.27 14.23 14.09 14.07
MAPE(%) 9.92 9.93 9.84 9.81

III. EXPERIMENTS AND DISCUSSION

A. Combined with Speed and/or Occupancy

We compared the effects of different input variable
combinations listed in Table I on the performance of traffic
flow prediction. There are four possible input combinations:
only flow (S1), flow and occupancy (S2), flow and speed (S3),
flow occupancy and speed (S4). We test all these choices on
the 7 detector stations, and present the results in Table II.

We use light gray shading to mark the best performance of
the four different input combinations, and we can easily find
that using additional occupancy and/or speed information to
assist the prediction of traffic flow is useful. In general, the
best performance is achieved by the S2 and S4 combinations,
which both includes occupancy information as inputs to the
model. It may imply that occupancy information is helpful for

improving the performance of the traffic flow prediction model.

But the speed information is uncertain for boosting the
accuracy of the model. It can help the model to make an
improvement on most detector station but can not exclude the
occurrence of exceptions on some detector stations. Using
traffic flow concurrently with speed information can not
always get a better performance.

B. Use The Neighboring Traffic Information

LSTM provides a flexible framework to adopt various
combinations of different types of information as inputs for the
prediction models. In this part, totally 16 short-term prediction
models with different input settings are built to uncover the
effects of the upstream and downstream traffic condition on the
prediction performance. The detail information of these models
can be found in Table III.

The input of each model are different combinations of
historical traffic flow of the 7 detector stations U3, U2, Ul, P,
D1, D2, D3 and the response is the traffic flow of the detector
station P at the next time steps. Through comparing the
prediction accuracy of different models, the optimal variable
combination can be acquired for the short-term traffic flow
prediction.

The prediction accuracy of all models is ranked as shown
in Table III. The top three high-accuracy models marked with
light gray shading in Table III are Model 16, Model 15 and
Model 11, which all take historical traffic flow of multiple
detector stations as inputs. And Model 16 which achieves the
best performance using historical traffic flow data of all the 7
detector stations. These three models have an remarkable
performance improvement by 3.96%, 3.28%, 3.25% in MAPE
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TABLE III. Performance of 16 LSTM Models with Neighbor Flows as Inputs

Number Detector station for prediction MAPE .
Model of input RMSE MAE (%) Sorting

variables U3 | U2 | Ul P D1 D2 | D3
1 1 * 23.61 16.16 13.22 16
2 5 * * 23.45 16.37 13.15 15
3 * * 18.82 13.73 10.50 8
4 * * * 23.34 16.28 13.05 14
5 3 * * * 18.54 13.51 10.41 6
6 * * * 21.99 15.87 11.42 12
7 * * * * 23.17 16.17 13.04 13
8 A * * * * 18.49 13.43 10.29 5
9 * * * * 21.96 15.85 11.22 11
10 * * * * 18.78 14.02 10.17 7
11 * * * * * 17.77 12.89 9.97 3
12 5 * * * * * 21.92 15.76 11.20 10
13 * * * * * 18.32 13.56 9.96 4
14 6 * * * * * * 21.27 15.26 10.91 9
15 * * * * * * 18.26 13.55 9.94 2
16 7 * * * * * * * 17.18 12.79 9.26 1

compared to the basic Model 1 which only uses traffic flow as
the input at detector station P, respectively.

From Table III, overall using more historical data of
neighboring detector stations can further improve the
performance of the model for traffic flow prediction. The three
worst-accuarcy models, i.e., Model 1, Model 2, and Model 4,
all use less neighboring flows compared to Model 16 and other
superior moels.

In consequence, according to the performance of different
models demonstrated in Table III, we can see that the
prediction accuracy of short-term traffic flow for a given
detector station is influenced obviously by the upstream and/or
downstream traffic condition. And historical traffic flow data
of the neighboring stations can be used to enhance the accuarcy
of the prediction model.

IV. CONCLUSION

In this paper, we have studied the effects of various inputs,
including traffic flow, occupancy and speed, and the
neighboring traffic information on the performance of short-
term traffic flow prediction. Long short-term memory (LSTM)
recurrent neural network, which can learn time series with long
time dependency is applied to provide a flexible framework to
adopt different combinations of variables. Several empirical
analyses are conducted using traffic data collected from
California Performance Measurement System (PeMS). The
results have suggested that:

1. Using traffic flow alone as input variables can yield the
acceptable performance of traffic flow prediction, while using
traffic flow together with occupancy/speed as inputs may yield
better results than using traffic flow alone.

2. The inclusion of the neighboring traffic flow information
can improve the performance of traffic flow prediction.

Short-term traffic flow prediction is vital for intelligent
transportation systems, and more spatial and temporal traffic
information could be taken into account for the accurate traffic
prediction in a larger scale road network in the future work.
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