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Accurate prediction of road traffic flow is a significant part in the intelligent transportation systems. Accurate pre-
diction can alleviate traffic congestion, and reduce environmental pollution. For the management department, it can make
effective use of road resources. For individuals, it can help people plan their own travel paths, avoid congestion, and save
time. Owing to complex factors on the road, such as damage to the detector and disturbances from environment, the mea-
sured traffic volume can contain noise. Reducing the influence of noise on traffic flow prediction is a piece of very important
work. Therefore, in this paper we propose a combination algorithm of denoising and BILSTM to effectively improve the
performance of traffic flow prediction. At the same time, three denoising algorithms are compared to find the best com-
bination mode. In this paper, the wavelet (WL) denoising scheme, the empirical mode decomposition (EMD) denoising
scheme, and the ensemble empirical mode decomposition (EEMD) denoising scheme are all introduced to suppress outliers
in traffic flow data. In addition, we combine the denoising schemes with bidirectional long short-term memory (BILSTM)
network to predict the traffic flow. The data in this paper are cited from performance measurement system (PeMS). We
choose three kinds of road data (mainline, off ramp, on ramp) to predict traffic flow. The results for mainline show that
data denoising can improve prediction accuracy. Moreover, prediction accuracy of BILSTM+EEMD scheme is the highest
in the three methods (BILSTM+WL, BILSTM+EMD, BILSTM+EEMD). The results for off ramp and on ramp show
the same performance as the results for mainline. It is indicated that this model is suitable for different road sections and
long-term prediction.

Keywords: traffic flow prediction, bidirectional long short-term memory network, data denoising
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1. Introduction
Traffic flow prediction is an important component of in-

telligent transportation system, which can reduce the number
of accidents, improve traffic efficiency, and reduce traffic pol-
lution. The traffic prediction is based on a large number of
historical data to predict the future traffic flow.[1] Previous
studies show that linear model, nonlinear model, and hybrid
model are three typical traffic flow prediction techniques.[2] In
the linear models the mathematical methods are used to com-
plete the task of the traffic flow prediction. The autoregres-
sive integrated moving average model (ARIMA) is the most
commonly used linear model.[3] Chen et al.[4] proposed an
ARIMA model. The ARIMA model was specified by differ-
ent training data, which represent the different traffic states,
according to the different periods in different days. The model
from different periods would be used on different data when
testing. This would make the model more special and more
accurate. The data-driven approach using the ARIMA model
in most of studies required sound database for building a
model. The seasonal ARIMA method was proposed to predict
the short-term traffic flow with limited data.[5,6] Although the
ARIMA had good prediction accuracy, there were many non-
linear factors in traffic flow prediction. Therefore, the nonlin-

ear models introduced relevant machine learning methods (in-
cluding support vector regression (SVR), artificial neural net-
works (ANN), etc.) to achieve favorable traffic flow prediction
performance. The SVR had strict theoretical and mathematical
basis. Based on the principle of structural risk minimization,
it has strong generalization capability and global optimality. It
was a theory for small sample statistics.[7–10] Neural network
had strong non-linear fitting capability and could learn rules
from large samples. More et al.[11] predicted the future traf-
fic volume through the ANN, and used the predicted results to
control congestion. Kumar et al.[12] used the ANN to make
short-term prediction of traffic volume by using past traffic
data (taking the traffic volume, speed and density as inputs).
The ANN can produce good results in this study. In order to
better capture the spatiotemporal information of traffic flow,
convolutional neural network has been proposed.[13–15] In or-
der to better learn the historical information of data, recurrent
neural network (RNN) was proposed to be able to transfer the
output of the previous time to the next step as input, thereby
improving the accuracy of prediction.[16] The RNN can handle
certain short-term dependence, but it cannot handle the long-
term dependence. To solve this problem, the LSTM was pro-
posed. The LSTM introduced cell state, and the input gate, for-
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getting gate and output gate were used to maintain and control
the information, which can learn long-term information.[17] It
is noted that the nonlinear models have achieved great success
in dealing with many traffic flow prediction tasks. However,
the uncertainty of traffic flow data might have a negative ef-
fect on the nonlinear prediction model, which would reduce
the performance of the model. The hybrid models were pro-
posed to overcome the disadvantages.[18,19] For example, Tang
et al.[20] combined fuzzy c-means and genetic algorithm to
predict missing traffic volume data. Zheng et al.[21] used a
hybrid model based on a convolutional neural network (CNN)
and the LSTM. The experimental results show that the predic-
tion accuracy of the hybrid model is higher than that of the
single model.

Traffic flow data can be obtained by many technical
means, such as remote microwave, loop deductive detec-
tors, global positioning system (GPS).[22] Historical data with
high fidelity play a critical role in predicting results, but raw
data always contain noise. Therefore, one introduced many
noise reduction methods,[23] such as the wavelet Kalman filter
model[24,25] and wavelet transform.[26,27] Yang et al.[28] se-
lected the appropriate wavelet basis to decompose and recon-
struct the traffic flow data. The results showed that prediction
effect is better than the results predicted just by neural network
in prediction precision and network convergence. Because
the wavelet transform needed to select the appropriate wavelet
base, sometimes it is difficult to find the appropriate wavelet
base. One proposed the EMD, which is an adaptive decompo-
sition method based on the original data.[29] The EMD extracts
the intrinsic mode function (IMF) sets from the input data sam-
ples, which can be separated into high-frequency (HF) part
and low-frequency (LF) part. The EMD is affected by mode

mixing, so the EEMD was proposed.[30,31] Chen et al.[32] pro-
posed an integrated framework based on the integrated EEMD
and the ANN can predict the traffic flow at different time in-
tervals ahead. The experimental results show that the noise
reduction algorithm greatly improves the accuracy of traffic
flow prediction.

The above method combines a certain noise reduction
method with the prediction method to achieve better predic-
tion accuracy, but does not use the same set of data to verify
the performance of different noise reduction algorithms. The
present study intends to combine data denoising algorithms
with deep learning model to predict the traffic flow and com-
pare among prediction accuracies of various methods. The
contributions of this paper are as follows:

(i) We use denoising algorithms to process the raw data,
which include WL, EMD, and EEMD, and compare the capa-
bilities of these algorithms to suppress the outliers.

(ii) We build a BILSTM prediction model to predict the
data already processed.

(iii) We consider the predicted effects of the model under
different road scenarios (i.e., mainline, on ramp, off ramp) and
on different time scales (i.e., 5 min, 10 min, and 15 min).

The rest of this paper is organized as follows. In Sec-
tion 2, the denoising methods and BILSTM are introduced. In
Section 3, the source of data, the model structure, and predic-
tion results are presented. In Sections 4 some conclusions are
drawn from the present study.

2. Method
The methods to be used in this article are data denoising

and deep learning neural networks to improve prediction ac-
curacy. The frame of this model is shown in Fig. 1.

Raw data Denoising algorithm Prediction methods Result evaluation

Mainline data

On ramp data

Off ramp data

WL denoising

EMD denoising

EEMD denoising

BILSTM

BILSTM+WL

BILSTM+EMD

BILSTM+EEMD

RMSE

MAE

MAPE

Fig. 1. Framework of prediction model.

2.1. Denoising methods

2.1.1. Wavelet

Wavelet is used to eliminate noise interference in traffic
flow data.[33] The purpose of building a noise reduction model
is to reduce the influence of interference factors, such as gaus-

sian noise, on the prediction accuracy of the model in a com-
plex, nonlinear traffic data set. One-dimensional noise model
can be expressed as

Ft = yt + εt , t = 1,2, . . . ,n, (1)

where Ft is the raw signal with noise; yt is the signal without
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noise; εt is Gaussian noise; n is the signal length. The prin-
ciple of wavelet denoising is to suppress the εt part of Ft and
restore the yt part of Ft . Wavelet denoising model preserves
the original signal characteristics after denoising. The flow
chart of wavelet is shown in Fig. 2. The wavelet algorithm is
implemented in three steps.

Step 1 Decomposition
Choose a wavelet and determine the layer N for a wavelet

decomposition, then compute the N-layer wavelet decomposi-
tion for the signal.

Step 2 Setting a threshold for high-frequency coeffi-
cients

For the high-frequency factor of each layer from layer 1
to layer N, a threshold is selected for thresholding.

For most of signals, the low-frequency component is very
important, and it usually contains the characteristics of the sig-
nal, while the high-frequency component contains the details
or differences of the signal. The low-frequency information
can approximately describe the change trend of the original
signal, while high-frequency information represents the de-
tailed information of the signal. Therefore, the original signal
can produce two signals (high- and low-frequencies) through
two mutual filters.

Step 3 Data reconstruction
According to the approximate coefficients and the modi-

fied wavelet coefficients, the inverse wavelet transform is used
to reconstruct the traffic data after denoising.

Decomposition
Raw traffic data

Low pass filtering

Feature signal

Reconstruct data

Fig. 2. Flowchart of wavelet.

2.1.2. The empirical mode decomposition (EMD)

In this paper, we use the EMD, which was first intro-
duced by Huang et al.[34] Different applications in medical
signal analysis have shown the effectiveness of this method.
The principle is to adaptively decompose the given signal into
frequency components, which called intrinsic mode functions
(IMF). These components are obtained from the signal by an
algorithm. The algorithm extracts the highest frequency os-
cillation of each mode from the original signal. The more
detailed explanations to the EMD model are described as fol-
lows.

(i) Decompose raw traffic flow data R(t) into IMFs. Find
out potential extreme points from R(t) data series, then em-
ploy the cubic spline interpolation method to connect the max-
imum and minimum points to form the upper envelope U (t)
and lower envelope L(t).

(ii) Calculate the mean of the upper envelope U (t) and
lower envelope L(t) to obtain the mean envelope M (t) (see
Eq. (2)).

(iii) Calculate the difference between R(t) and M (t) to
obtain I (t) (see Eq. (3)). If I (t) satisfies the IMF’s conditions,
I (t) is one of the IMFs, otherwise the above three sub-steps
need repeating until I (t) satisfies IMF’s condition. The fol-
lowing IMF’s conditions are satisfied: i) the number difference
between extrema and the zero-crossing points is not larger than
one; ii) at any point in the IMF, the mean value of the envelope
defined by the local maximum and the mean value of the en-
velope defined by the local minimum should be equal to zero.

(iv) Obtain the residual part r (t) by calculating the differ-
ence between R(t) and I (t), repeat the above three sub-steps to

obtain new IMFs until the residual data distribution is mono-
tonic or has one extreme point. Finally, R(t) is decomposed
into a series of IMFs and a residual part r (t) as shown by the
following equations:

M (t) =
U (t)+L(t)

2
, (2)

I (t) = R(t)−M (t) , (3)

R(t) =
n

∑
i=1

Ii (t)+ r (t) . (4)

2.1.3. The ensemble empirical mode decomposition
(EEMD)

For some data with too few extreme points, EMD fails
to work, so the EEMD method is proposed. The white noise
is added into the EEMD to make the data meet the require-
ments for the EMD. Owing to the zero mean white noise,
the zero mean white noise will cancel each other after many
times of average calculation, so the calculation result of inte-
grated mean can be directly regarded as the final result. The
EEMD can effectively suppress the mode aliasing of EMD.
The EEMD algorithm steps are as follows.

Step 1 The white noise wk (t) of normal distribution is
added into the raw traffic data R(t) (the noise-aided traffic flow
data are denoted as Rk (t)) (see Eq. (5)).

Step 2 The Rk (t) are decomposed into IMFs and resid-
ual components. The data decomposition program will be ex-
ecuted in the k-th round until the condition k > En is met (En

is the ensemble number). The Rk (t) data can be decomposed
into IMFs ek,d (t) and corresponding residual part rk,d (t) (see
Eq. (6)).
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Step 3 Repeat steps 1 and 2, add a new normal distribu-
tion white noise sequence each time.

Step 4 Select the noise-free IMFs and residuals to recon-
struct the EEMD smoothed traffic flow data R(t)EEMD which
are given below:

Rk (t) = R(t)+wk (t) , (5)

Rk (t) =
D

∑
d=1

ek,d (t)+ rk,d (t), (6)

REEMD (t) =

En
∑

k=1
ek,d (t)

En
+ r′ (t) . (7)

2.2. Deep learning

2.2.1. Long short-term memory (LSTM) network

The LSTM is an improved neural network based on re-
current neural network (RNN). The LSTM was proposed by
Hochreiter and Schmidhuber in 1997.[35] In the RNN the out-
put of the previous moment is taken as the input of the next
moment, and the RNN is often used to predict the data of time
series. However, the RNN tends to disappear and explode gra-
dients when dealing with long sequences, leading the model to
be nonconvergent. To solve this problem, the input gate, forget
gate, output gate, and memory cell (C (t)) are added into the
LSTM. The LSTM structure is shown in Fig. 3.

ÅÄ

Ä Ä

tanh

Ct↩

Ht↩

σσσFt It Ct

Ct

Ot

Ht

Xt

~ tanh

Fig. 3. LSTM structure.

The three gates are connected by the Sigmoid activation
function. The Sigmoid activation function is a hyperbolic tan-
gent function, and the value field is controlled in an interval
of [0,1]. Candidate memory cells (C̃t) are connected by tanh
activation function, and the range was controlled in an interval
of [−1,1]. The calculation steps of the model are as follows:

I (t) = σ (XtWxi +Ht−1Whi +bi) , (8)

F (t) = σ
(
XtWx f +Ht−1Wh f +b f

)
, (9)

O(t) = σ (XtWxo +Ht−1Who +bo) , (10)

C̃ (t) = tanh(XtWxc +Ht−1Whc +bc) , (11)

where I (t) ,F (t) ,O(t) , and C̃ (t) represent the input gate, for-
get gate, output gate, candidate memory cells, respectively;

Wxi, Whi, Wx f , Wh f , Wxo, Who, Wxc, and Whc are the weight ma-
trices. bi, b f , bo, and bc are bias vectors. σ is a Sigmoid
activation function.

Memory cell (Ct ) is obtained from Ct and C̃t . Then we
acquire Ht by combining C̃t with the tanh activation function
as follows:

C (t) = Ft ×Ct−1 + It ×C̃t , (12)

H (t) = Ot × tanh(Ct) . (13)

The final output Yt is fully related to Ht by

Y (t) = HtWy +by. (14)

2.2.2. Bi-directional long short-term memory network
(BILSTM)

The Long short-term memory is a forward training model,
which can only capture the long-term characteristics of for-
ward historical traffic flow data. However, the traffic flow data
not only depend on past information, but also correlates with
future road conditions. The BILSTM is an optimized LSTM
model, which combines forward LSTM and reverse LSTM to
obtain the information. Therefore, the BILSTM can process
and integrate data forward and backward, which can make the
prediction more accurate. The BILSTM structure is illustrated
in Fig. 4. The forward layer and backward layer are connected
to the output layer, which contains six shared weights.

Of

x0

Ob

x1 x2 xt

LSTM LSTM LSTM

LSTMLSTM LSTM LSTM

LSTM

Fig. 4. Structure of BILSTM.

In the forward layer, the forward calculation is performed
from time l to time t, and the output of each forward hidden
layer is obtained and saved. In the backward layer, the out-
put of the backward hidden layer at each time is obtained and
saved by backward calculation from time t to time l. Finally,
the final output is obtained by combining the output results of
forward layer and backward layer at each time, the calculation
steps of the model are as follows:

ht = f (w1xt +w2ht−1) , (15)

h′t = f
(
w3xt +w5h′t+1

)
, (16)

ot = g
(
w4ht +w6h′t

)
. (17)

In Fig. 4, xt represents the input of LSTM, Of denotes the
output of forward LSTM, and Ob refers to the output of reverse
LSTM.
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3. Experiments
3.1. Data source

The traffic flow data in this paper are obtained from the
performance measurement system (PeMS). The PeMS is an
intelligent traffic management tool. It collects and stores real-
time traffic data from sensors and provides online use. The
PeMS data collection covers major metropolitan areas in Cal-
ifornia. We collected the traffic flow data from three detec-
tors installed in Interstate 15 (I15) freeway segment located
in San Diego, California (see in Fig. 5). The three detectors
are located in mainline (denoted as detector A), on-ramp (rep-
resented as detector B), and off-ramp (marked as detector C)
(see in Fig. 6) respectively. Owing to the different road con-
ditions of these three sections, the predictions of these three
sections can better illustrate the effectiveness of the model.
We selected 2880 data in total from weekdays 1 March 2021
through 12 March 2021, and took the flow every 5 min. The
details of the road sections are shown in Table 1.

Fig. 5. Interstate 15 (I15) freeway segment.

RANCH0 BERNARD0 SB ON POMERAD0

RANCH0 BER, WB NB0FF POMERAD0

24.26 25.26 26.26

Fig. 6. Three detectors.

Table 1. Details of road sections.

Freeway Detector number Position Direction

A I15 1114044 mainline north
B I15 1108529 on-ramp north
C I15 1113603 off-ramp north

3.2. Experiment setups

Firstly, the data are subjected to noise reduction. The
wavelet denoising is a very common denoising method. It has

many wavelet bases. Four commonly used wavelet bases are
selected in this paper: WL (db4), WL (coif), WL (sym), and
WL (haar). When using wavelet denoising, we set the num-
ber of decomposition layers to be 3 and the wavelet bases are
assumed to be db4, coif2, haar, and sym2 respectively. In us-
ing EMD, we set the number of IMF decompositions to be
5, and the interpolation used is pchip (piecewise cubic Her-
mite interpolating polynomial method). In using EEMD, there
are two parameters (the standard deviation ratio between the
added Gaussian white noise and the amplitude of the input
signal, An, and the ensemble number, En) need to be set. We
set An = 0.2 and En = 1000. We use Adam gradient descent
algorithm in BILSTM. The data are used four times to make a
prediction once. We divide 70% of the raw traffic data as the
training dataset and 30% as the test dataset, use Adam gradient
descent algorithm, then train 500 times to obtain the prediction
results.

3.3. Evaluation of predictive performance of model

The root mean square error (RMSE), the mean absolute
error (MAE), and the mean absolute percentage error (MAPE)
are used to evaluate the prediction performance of the model.
The RMSE, MAE, and MAPE are calculated as follows:

RMSE =

√
1
N

N

∑
t=1

(
Xprediction,t −Xreal,t

)2
, (18)

MAE =
1
N

N

∑
t=1

∣∣(Xprediction,t −Xreal,t
)∣∣, (19)

MAPE =
1
N

N

∑
t=1

∣∣∣∣Xprediction,t −Xreal,t

Xreal,t

∣∣∣∣×100%, (20)

where Xprediction,t is the prediction results, Xreal,t is the raw traf-
fic data, and N is the data-sampling number.

3.4. Results
3.4.1. Traffic flow data denoising for detector A

We employ the wavelet model, EMD, EEMD to remove
outliers from original data. In order to see clearly, the noise
reduction results of the first 1000 data are shown in Fig. 7.
The reliable data are provided for subsequent prediction, blue
lines on the plots represent denoised data, and red lines refer
to the raw data. The data of a day is 288, and we can see that
these data are periodic. It can be observed that the traffic flow
in a day can be divided into peak period and flat peak period.
The fluctuation of the data in the peak period is significantly
higher than that in the flat peak period. This is because the
road occupancy rate is high in the peak period and the driv-
ing behaviors of drivers will have a great influence on the road
conditions, so the noise of the traffic flow in the peak period
will be much higher than that in the flat peak period. It can be
seen that the noise interference in the flat hump period is less,
and the noise reduction results are almost consistent with the
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raw data. It can be seen that the curve of data after noise re-
duction are significantly smoothened than that of the original
data, which smoothens the fluctuations from the original data.
As shown in Fig. 7, WL (coif2) denoised data (see Fig. 7(a))

and WL (db4) denoised data (see Fig. 7(b)) are better than WL
(haar) denoised data (see Fig. 7(c)) and WL (sym2) denoised
data (see Fig. 7(d)) in data denoising. The curve of EEMD de-
noised data is smoother than that of the EMD denoised data.
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Fig. 7. Denoising results for detector A.

3.4.2. Predictions for detector A

Now, we come to acquire the smooth data and use the
BILSTM model to make predictions for detector A. The traf-
fic flow prediction schemes are denoted as follows: BILSTM,
BILSTM+WL (coif2), BILSTM+WL (db4), BILSTM+WL
(haar), BILSTM+WL (sym2), BILSTM+EMD, and
BILSTM+EEMD. The predicted results are shown in Fig. 8.

The black line represents the raw data and the red line denotes
the predicted data. The results of RMSE, MAE, and MAPE
are shown in Table 2. The RMSE, MAE, and MAPE measured
directly from BILSTM are 30.68, 22.70, 8.76%, respectively
(see Table 2). The predicted RMSE decreases by 20% after
noise reduction. It can be seen that the data after noise reduc-
tion can be predicted to better learn the change trend of traffic
flow and improve the predict accuracy.
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Fig. 8. Results of prediction (detector A).
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Table 2. Results of different prediction models for detector A.

RMSE MAE MAPE (%)

BILSTM 30.68 22.70 8.76
BLSTM+WL (db4) 11.61 8.2 3.04
BLSTM+WL (coif2) 10.90 7.43 2.85
BLSTM+WL (sym2) 13.50 7.99 3.04
BILSTM+WL (haar) 21.01 9.65 4.08
BLSTM+EMD 5.51 4.34 2.76
BLSTM+EEMD 3.98 3.5 2.04

Furthermore, we can see that the EEMD has the best ef-
fect. The RMSE, MAE, and MAPE of BILSTM+EEMD (see

Table 2) are 3.98, 3.5, and 2.04% respectively. The perfor-
mances of EEMD and EMD combined with the BILSTM are
better than that of wavelet combined with the BILSTM, in-
dicating the excellent performance of EMD with respect to
EEMD in eliminating data anomalies.

3.4.3. Traffic flow data prediction and denoising for
ramp detectors B, C

To further validate the performance of the model, we will
take the data from ramp detectors (detector B, detector C) for
prediction.
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Fig. 9. Denoising results for detector B.
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Fig. 10. Denoising results for detector C.
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Since the road situation of the ramp is different from that
of the main line, we verify the predictive capability of the
model in different road situations. The data denoising results
for the two detectors are shown in Figs. 9 and 10, respectively.
The noise reduction procedure effectively suppresses outliers
from the raw traffic data.

The prediction performance for detectors B and C are
shown in Tables 3 and 4. The RMSE, MAE, and MAPE
for BILSTM of off ramp (see in Table 3) are 9.43, 6.76,
and 24.98%, respectively. The RMSE, MAE and MAPE for
BILSTM+WL (coif2) of off ramp (see Table 3) are 1.96, 1.39,
and 5.50%, respectively. The accuracy of noise reduction pre-
diction from the wavelet method is improved by about 50%.
Table 3 indicates that the BILSTM+EMD scheme is better
than BILSTM combined with wavelet. In Table 4, we observe
that the prediction distributions are the same as in Table 2.
Moreover, the prediction accuracy of BILSTM+EEMD model
for detector B and detector C are better than those of other hy-
brid models. The RMSE, MAE, and MAPE are 0.74, 0.62, and
1.75 for the traffic flow data collected from detector B, and the
statistical values are 0.68, 0.49, and 2.42 collected from de-
tector C. Through the above analysis, it can be concluded that
the BILSTM+EEMD model shows the predicted performance
consistent with the traffic flow data collected from mainline,
on-ramp, and off-ramp areas. This means that the hybrid
model is suitable for different road conditions.

Table 3. Results of different prediction models for detector B.

RMSE MAE MAPE (%)

BILSTM 9.43 6.76 24.98
BLSTM+WL (db4) 2.04 1.46 5.71
BLSTM+WL (coif2) 1.96 1.39 5.50
BLSTM+WL (sym2) 2.48 1.70 6.84
BILSTM+WL (haar) 3.78 2.01 8.19
BLSTM+EMD 1.20 0.82 3.18
BLSTM+EEMD 0.74 0.62 1.75

Table 4. Results of different prediction models for detector C.

RMSE MAE MAPE (%)

BILSTM 10.35 7.65 25.88
BLSTM+WL (db4) 2.20 1.62 7.43
BLSTM+WL (coif2) 2.64 1.93 6.91
BLSTM+WL (sym2) 2.53 1.79 7.92
BILSTM+WL (haar) 3.83 2.15 8.24
BLSTM+EMD 1.25 0.88 4.23
BLSTM+EEMD 0.68 0.49 2.42

3.4.4. Comparison among traffic flow data prediction
for detectors A, B, and C

In order to study the influence of noise on different roads,
we will add the prediction effect of noise reduction under three

road conditions: mainline, on-ramp, and off-ramp. The pre-

dicted results are shown in Tables 2–4, so we select the re-

sults of EEMD for comparisons. The comparison is shown

in Table 5. It can be seen that the accuracy of the model is

greatly improved after noise reduction. The prediction results

of off ramp and on ramp are similar. After noise reduction, the

MAPE of the ramp decreases greatly in comparison with that

of the mainline. It can be seen that the noise has a greater in-

fluence on the ramp. According to the analysis of traffic flow

state in reality, the ramp is only a one-way line, and there are

more uncertain factors in the driving of vehicles. The noise in

the data is not only increased with the increase of traffic flow,

but also related to many factors, such as the weather and the

working state of loop detector. The traffic flow on the ramp

is much less than that on the mainline. Slight noise will have

a great influence on the ramp flow prediction. However, ow-

ing to the large vehicle base on the main road, the influence of

noise on the main road is not so serious as that on the ramp.

Table 5. Comparison of traffic flow data prediction among detectors (A, B,
C).

Detector ID Model RMSE MAE MAPE (%)

A
BILSTM 30.68 22.70 8.76

BLSTM+EEMD 3.98 3.50 2.04

B
BILSTM 9.43 6.76 24.98

BLSTM+EEMD 0.74 0.62 1.75

C
BILSTM 10.35 7.65 25.88

BLSTM+EEMD 0.68 0.49 2.42

3.4.5. Traffic flow data prediction on different time
scales for detector A

In order to verify the effect of the model on the long-term

traffic flow prediction, we use the model to predict the traf-

fic flows in different time spans, i.e., 5 min, 10 min, 15 min.

we use the mainline data (detector A) to predict the traffic

flow. The results are shown in Table 6. It can be observed

that with the increase of time span, RMES, MAE, and MAPE

all become larger. This is because with the increase of time

span, the data sampling frequency turns smaller, resulting in

greater noise in the sampling data, and some characteristic in-

formation of traffic flow may be confirmed. Therefore, the

error of prediction results will increase. The results show

that EEMD+BILSTM has the best prediction effect, the RM-

SEs of EEMD+BILSTM for 10 min and 15 min are 8.95

and 15.36, respectively. The prediction trend of wavelet de-

noising and EEMD de-noising are also consistent with that of

EEMD+BILSTM. The results show that the model can also

achieve good long-term forecasting results, and the model can

be used for long-term prediction.
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Table 6. Statistical performance on different time scales for detector A.

RMSE MAE MAPE (%)

5 min 10 min 15 min 5 min 10 min 15 min 5 min 10 min 15 min

BILSTM 30.68 67.93 98.61 22.7 50.17 79.77 8.76 10.01 10.44

db4 11.61 25.22 35.87 8.2 18.09 27.04 3.04 3.57 4.67

coif2 10.9 28.66 41.46 7.43 18.63 30.76 2.85 4.98 6.54

sym2 13.5 26.31 46.05 7.99 18.38 40.13 3.04 5.41 5.65

haar 21.01 54.38 60.75 9.65 34.27 50.23 4.08 7.71 8.25

EMD 5.51 17.89 26.02 4.34 13.19 16.8 2.76 4.91 5.8

EEMD 3.98 8.95 15.36 3.5 7.45 8.43 2.04 3.09 4.25

4. Conclusions
In this study a novel traffic flow prediction framework is

introduced by integrating a data denoising scheme with a deep
learning model. This study adopt the traffic volume data col-
lected from three detectors in San Diego, California, which
are cited from the PeMS. To clean the data, we employ vari-
ous popular and effective noise reduction models to suppress
outliers from the raw traffic flow data. We chose three de-
noising schemes: EMD, EEMD, and Wavelet with different
basis (haar, db4, sym2, coif2). Then combine with BILSTM
to make predictions. Finally, we compare the prediction ac-
curacies of different models by analyzing the RMSE, MAE,
and MAPE indicators. Several interesting conclusions can be
summarized as follows.

(I) The model combines the data denoising with the
model, which is better than the prediction process of without
denoising strategy.

(II) The performances of WL (db4), WL (coif2), WL
(sym2) are better than that of WL (haar). In addition, the
performance of WL (haar) in long-term prediction is not so
satisfactory as other three wavelet methods.

(III) The BILSTM+EEMD obtains the best performance
in comparison with all the WL models and BILSTM+EMD.
The RMSE, MAE, and MAPE indicators of BILSTM+EEMD
are all at least 25% lower than those of other methods.

(IV) These hybrid forecasting methods can be used in
long-term prediction. The model proposed in this paper can
make the prediction more accurate. It can be used to optimize
traffic organization strategy, improve traffic efficiency, and re-
duce energy consumption.

(V) In future, there will be several directions for more in-
depth study. Firstly, this paper has no predictive influence of
environmental factors on the forecast, which can be taken into
account later. Secondly, we can take some traffic indicators
into account in traffic flow prediction, such as speed and road
occupancy. Finally, we can combine deep learning with traf-
fic flow models (e.g., car-following models) to predict traffic
flow.
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