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ABSTRACT

Accurate and timely short-term traffic flow forecasting plays a key role in intelligent transportation systems, especially for prospective traffic
control. For the past decade, a series of methods have been developed for short-term traffic flow forecasting. However, due to the intrinsic
stochastic and evolutionary trend, accurate forecasting remains challenging. In this paper, we propose a noise-immune long short-term
memory (NiLSTM) network for short-term traffic flow forecasting, which embeds a noise-immune loss function deduced by maximum
correntropy into the long short-term memory (LSTM) network. Different from the conventional LSTM network equipped with the mean
square error loss, the maximum correntropy induced loss is a local similar metric, which is immunized to non-Gaussian noises. Extensive
experiments on four benchmark datasets demonstrate the superior performance of our NiLSTM network by comparing it with the frequently
used models and state-of-the-art models.

Published under license by AIP Publishing. https://doi.org/10.1063/1.5120502

Traffic flow modeling is a key component of modern intelligent
transportation systems that is of critical importance for proac-
tive traffic management and control systems. Accurate traffic
flow modeling can not only subsequently help to alleviate traf-
fic congestion and reduce carbon emissions, but also ensures the
efficiency of traffic operation. Traffic flow models can be grouped
into microscopic and macroscopic ones. Microscopic models con-
sider the individual behavior and the relationship of the motion
for each vehicle, whereas macroscopic models focus on the global
properties of traffic flow, such as traffic flow rate (vehicles pass a
point per hour) and traffic density (vehicles on the road per kilo-
meter). In this paper, we investigate the traffic flow rate, here-
inafter referred to as traffic flow, by macroscopically modeling.
We find that the non-Gaussian noises inside the traffic flow data
degrade the performance of the long short-term memory network
and propose a noise-immune long short-term memory network
for short-term traffic flow forecasting. The empirical study con-
firms our findings and shows the superior performance of our
model.

I. INTRODUCTION

Short-term traffic flow forecasting gains increasing attention
due to its wide applications in intelligent transportation systems,1

which is one of the key techniques for traffic control systems,2

traveler information systems,3 and vehicle navigation systems.4

However, accurate traffic flow forecasting remains challenging,
since traffic flow naturally contains uncertainty caused by inner and

interstochastic dynamics.5–7

A series of parametric and nonparametric short-term traffic
flow forecasting approaches have been developed in the literature.8

Historical average,9 exponential smoothing,10,11 Kalman filter,12–14

auto-regressive integrated moving average (ARIMA),15,16 seasonal
auto-regressive integrated moving average (SARIMA),17 spectral
analysis,18 and structural time-series19 are categorized as parametric
approaches. The parametric approaches achieve good performances
when expertise domain knowledge is fully infused to tune optimal
parameters for such models. Other researchers pay attention to non-
parametric approaches, such as artificial neural network (ANN),20,21

extreme learning machine (ELM),22 k-nearest neighbor (KNN),23

and support vector machine (SVM).24–26

Recently, deep learning techniques have gained great achieve-
ments in various domains.27 Compared with conventional shal-
low learning algorithms, deep neural networks can model com-
plex non-linear relationships by distributed and hierarchical fea-
ture representation.28–30 Lv et al.31 pioneered a deep architecture
model called stacked autoencoder (SAE) for traffic flow prediction.
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Zhou et al.29 found that a single SAE with fixed parameters can
hardly handle various traffic conditions, and they proposed a δ-
agree AdaBoost strategy to integrate a series of stacked autoencoders
for better forecasting according to this finding. Then, Zhou et al.30

also proposed a deep learning framework to integrate heteroge-
neous forecasting models. The recurrent neural network (RNN)
has been proven to be effective for traffic flow forecasting,32 which
is initially used for machine translation, and later transferred to
temporal-spatial tasks, such as traffic flow forecasting. However,
the conventional recurrent neural network suffers from gradient
explosion and gradient vanishing.33 To achieve the long-term depen-
dencies, a special recurrent neural network, termed long short-term
memory (LSTM),34,35 is developed to capture temporal features in a
long period. Ma et al.36 applied the LSTM for traffic speed prediction
from remote microwave sensor data. Yongxue and Li37 used LSTM
for traffic prediction and claimed that LSTM outperforms most of
the other nonparametric models.

For the typical setting of LSTM networks, the mean square
error (MSE) is the most widely used cost function due to its attrac-
tive features, such as smoothness, convexity, and low computational
burden under the Gaussian assumption. However, the successful
deployment of such LSTM networks heavily rely on the Gaussian-
ity and linearity assumptions, since the MSE loss embedded in a
conventional LSTM network aims to measure the overall similarity
of two random vectors, which is optimal for the case of indepen-
dent and identically distribution Gaussian noise, but not robust to
non-Gaussian noises.38 However, these assumptions do not always
hold for the application of traffic flow forecasting, because the non-
Gaussian noises inside the traffic flow data may be caused by hard-
ware failure, manual traffic control, or unexpected accidents, etc.13

Thus, designing a proper cost function is vital for the traffic flow
forecasting task. Liu et al.39 extended the concept of the correntropy
criterion from the information learning theory for general similarity
measurement between two random vectors with non-Gaussian and
impulsive noises. The correntropy criterion is a robust metric under
the non-Gaussian noise assumption, which has been successfully
applied to face image recognition,40 wind power forecasting,41 prin-
cipal component analysis,42 subspace clustering,38 and regression
problem.43 Based on the correntropy criterion, a local loss metric can
be further deduced. When the errors are relatively small, the loss is
close to the absolute loss. For large losses that are usually caused by
non-Gaussian noises, the loss is close to 1. Thus, the influence of the
non-Gaussian noises is eliminated by this loss function.

To achieve accurate traffic flow forecasting under the real-
world situation, where the traffic flow is often mixed with non-
Gaussian noises, we propose a noise-immune LSTM network by
employing the correntropy criterion. The main contributions of this
paper are as follows.

• First, we explore the inner regular pattern of the traffic flow data
by setting different input lengths. By selecting a certain range of
the input length, we reconstruct a training dataset.

• Then, we propose a noise-immune LSTM network, named NiL-
STM, that equipped with the noise-immune loss deduced by the
correntropy criterion to eliminate the effect of the non-Gaussian
noises inside the traffic flow.

• Third, we evaluate our network on four benchmark datasets and
compare it with several state-of-the-art models by an empirical
study. The results show that our NiLSTM achieves improvement
on the four datasets than the conventional LSTM model and other
control models.

• Besides, we also analyze the robustness of our NiLSTM model by
exploring different settings of the kernel size.

II. METHODOLOGY

In this section, we will describe the LSTM network for traffic
flow forecasting. Then, we propose a correntropy induced loss for
the LSTM network for traffic flow forecasting.

A. LSTM network for traffic flow forecasting

The LSTM network34,35 is a special kind of recurrent neural
networks (RNNs), which overcomes the gradient vanishing and
exploding issues of the conventional RNN.33 In the LSTM archi-
tecture, three peculiar structures endue the capability to handle the
correlation within time series in both the short and long terms,
which are a forget gate, an input gate, and an output gate, respec-
tively. The forget gate discards information from the cell state. The
input gate stores information from outside to update the cell state.
The output gate takes all results to calculate and generate output for
the LSTM structure.

The conventional structure of the LSTM architecture is shown
in Fig. 1. Two symbols wrapped in a circle named σ and ⊗ denote
the standard logistic sigmoid function and matrix multiplication,
respectively, while the symbol tanh wrapped by ellipses means the
tanh function. Three dotted lines pointed out by Ct−1 represent
the transition of hidden state ht−1, while the other three solid lines
pointed out by Ct−1 mean a normal state transition. Besides, two dot-
ted lines whose root connected to the symbol ⊗ complete the state
updating process in neurons.

We denote the input traffic flow sequence as X = {x1, x2, . . . ,
xn}, where n is the number of training samples. The hidden
state of memory cells is denoted as h = {h1, h2, . . . , hn}, and
y = {y1, y2, . . . , yn} is the groundtruth. Other symbols in Eqs. (1)–(6)
are described as follows, ω denotes weight matrices in hidden layers,
and b means the bias vectors. ωit, ωft, and ωot represent the weight
matrices in the input gate, forget gate, and output gate, respectively.
Similarly, bi, bf, and bo correspond to the structure of the three gates.

As shown in Eq. (1), the forget gate takes xt and ht−1 as input
and utilizes the sigmoid function to discard information,

ft = σ
(

ωftxt + ωftht−1 + bf

)

. (1)

The input gate is accomplished by Eqs. (2) and (3). First,
the sigmoid function decides which value will be updated. Then,
the state is added with a candidate vector C̃t created by the tanh
function,

it = σ
(

ωitxt + ωihht−1 + bi

)

, (2)

C̃t = tanh
(

ωctht−1 + ωcxxt + bc

)

. (3)
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FIG. 1. Structure of a conventional
LSTM neural network. The operator ⊗

represents matrix multiplication. The oper-
ator σ is the logistic sigmoid function.

We update the state of the unit by multiplying the old state Ct−1

with ft and add it with it ∗ C̃t, as shown in Eq. (4),

Ct = ft ∗ Ct−1 + it ∗ C̃t. (4)

Finally, the output gate produces the final output of ht. The
whole process is divided into two stages described in Eqs. (5)
and (6),

Ot = σ
(

ωotxt + ωocCt−1 + bo

)

, (5)

ht = Ot ∗ tanh (Ct) , (6)

where σ decides the portion of Ct−1 will be exported. In the end,
Eq. (6) combines the new state Ct and the portion to calculate the
final output ht.

B. Noise-immune LSTM network

In conventional LSTM architectures, the mean square error
is the most widely used cost function for regression tasks, since it
has a few attractive features, such as smoothness, convexity, and
low computational burden for data obeying the Gaussian distribu-
tion. However, the traffic flow is easily affected by several inner or
extra factors, such as manual traffic control or unexpected accidents,
which are considered as non-Gaussian noises. The performance of
the MSE versions is easily degraded under non-Gaussian situations.
Thus, designing a proper cost function for the LSTM network is a
successful engineering solution for this task.

Correntropy is a relatively new tool for non-quadratic similar
metrics that has been proven to be more robust than MSE under
the non-Gaussian situation. Generally, the correntropy is a similar
metric between two random variables X and Y,

V(X, Y) = E[κ(X, Y)], (7)

where E(·) is the expectation operator and κ is the Gaussian kernel
function as Eq. (8),

κσ (X, Y) = exp

(

−
|X − Y|2

2σ 2

)

, (8)

where σ is the kernel size, which is always larger than zero.
Motivated by the successful applications of correntropy, we

develop a noise-immune LSTM network by employing such a met-
ric. To calculate the optimal solution by using stochastic gradient
descent in the backpropagation process in the LSTM model, we
adopt the method developed by Chen et al.44 We multiply the expres-
sion of the original correntropy by a factor −1 and add κ(0), which
is equal to κσ (0) when X = Y regardless of what σ is setting,

κ(0) − exp

(

−
|X − Y|2

2σ 2

)

. (9)

For a better interpretation of the correntropy, we make a
straightforward comparison between the correntropy and the MSE.
Similar to the correntropy, the MSE is defined in Eq. (10),

MSE =
1

N

N
∑

i=1

(X − Y)2. (10)

In Eq. (10), the MSE takes the square operation of the error,
whereas the correntropy in Eq. (8) makes exponential operation.
If the error |X − Y| is larger than 1, the square operation will fur-
ther quadratically increase the MSE. When there are non-Gaussian
noises, such as outliers, inside the data, the MSE will magnify the
influence of such noises. For the MSE, all samples contribute the
same degree impact on the final results, regardless it is a discrete
point or not. Different from the MSE, the correntropy is a local
metric. Equation (9) shows the following peculiarities.39 When two
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random variables are close, e.g., |X−Y|2

2σ 2 is close to 0, the corren-
tropy induced noise-immune loss behaves like the MSE. When two

random variables are getting further, e.g., |X−Y|2

2σ 2 is less than 1, it
does like the mean absolute error (MAE). When the two random

variables are far away, e.g., |X−Y|2

2σ 2 is larger than 1 and tends to be
infinity, the correntropy induced noise-immune loss tends to satu-
rate, e.g., κ(0). For the LSTM network, it is common to minimize
the loss function by a stochastic gradient descent algorithm to opti-
mize the network. As the conventional MSE loss is sensitive to the
non-Gaussian noises, the LSTM network guided by the MSE loss
tend to be misled by the non-Gaussian noises inside the traffic flow.
Different from the MSE loss, the noise-immune loss is insensitive to
non-Gaussian, such as outliers, which leads to large errors. In this
regard, the noise-immune loss is sensitive to the error for common
cases and insensitive to outliers.

III. EXPERIMENTS

A. Data preparation

The four benchmark datasets were published by Wang et al.45

These traffic flow data were collected by MONICA sensors from
four motorways at the time interval of 1 min, namely, A1, A2, A4,
and A8 motorways, respectively, in Amsterdam from May 20, 2010,
to June 24, 2010. We aggregate these data as vehicles per hour for
every 10 min, which coincides with other traffic flow forecasting
tasks12,30,45 on these datasets. The geographical locations of the four
measurement points are shown in Fig. 2. We briefly describe these
four points on four motorways further.

• As part of the E30 European route, the A1 highway connects
Amsterdam to the German border. Meanwhile, as the first high-
occupied dual three-lane highway in Europe, whose fluctuations

FIG. 2. The measurement points on four motorways of Amsterdam.

of the traffic flow are more dramatic, making forecasting more
difficult.

• The A2 freeway connects the city of Amsterdam and the Belgian
border, which is one of the busiest motorways in the Netherlands,
with more than 2000 vehicles per hour.

• The A4 motorway starts from Amsterdam and ends at Stabroek,
the northern border of Belgium, among 154 km long.

• Starting from the northernmost end of A10 at interchange
Knooppunt Coenplein, along the northwest route through Coen-
tunnelweg, the total length of A8 freeway is less than 10 km.

B. Evaluation criteria

We employ two commonly used criteria to evaluate the per-
formance of our NiLSTM network, e.g., the root mean square error
(RMSE) and the mean absolute percentage error (MAPE). The
RMSE measures the average difference between the predictions and
the groundtruth. The MAPE accounts for the percentage of such dif-
ferences. Equations (11) and (12) are the definitions of RMSE and
MAPE, respectively,

RMSE =

√

√

√

√

1

M

M
∑

m=1

(v(m)′ − v(m))2, (11)

MAPE =
1

M

M
∑

m=1

∣

∣

∣

∣

v(m)′ − v(m)

v(m)

∣

∣

∣

∣

× 100%, (12)

where v(m)′ and v(m) denote the predictive values and real mea-
surements corresponding to mth group data. Meanwhile, M denotes
the total number of samples to be predicted.

C. Experimental setup

Traffic flow is one of the most common traffic parameters,
which is the number of vehicles passing a cross section of a road-
way in a specified period of time and given in terms of vehicles per
hour. Traffic flow forecasting is generally classified into two types
based on the length of time ahead to predict, e.g., short-term traffic
flow forecasting (5–30 min) and medium-and-long-term traffic flow
forecasting (over 30 min).46 In this study, we set the length of time
to 10 min for short-term traffic flow forecasting. The length of the
input traffic flow sequence is the amount of information for a model
to make forecasting. For instance, the input lengths of the traffic flow
sequence are 1, 2, and 3, which means the last 10-min, 20-min, and
30-min of traffic flow sequences are used for the model to make fore-
casting, respectively. If we would like to forecast the traffic flow xt at
time interval t using the traffic flow of the last 30 min, we set the
input traffic flow sequence to {xt−3, xt−2, xt−1}.

As mentioned above, each dataset contains five weeks of traffic
flow sequences. The first four weeks are used for training, while the
last week is used for testing. Considering the temporal dependencies
of time series data, we utilize a hold-out cross-validation47 approach
to split training data, while the training set is split into the training
subset and validation set. More intuitively, the training set, valida-
tion set, and test set are divided in a chronological order, where the
validation set comes after the training set, and the test set comes after
the validation set.
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TABLE I. The hyperparameters of the LSTM model.

Hyperparameter Value

Units 256
Batchsize 32
Epochs 50
Validation_split 0.05

We employ the hyperas (a toolkit based on Bayesian optimiza-
tion in the Keras48 framework) for hyperparameter tuning. The opti-
mized hyperparameters include the units, the batchsize, the epochs,
and the validation_split. The units represent the number of hidden

TABLE II. The parameters of the ANN model.

Parameter Value

Hidden layers 1
Goal 0.001
Spread 2000
MN 40
DF Default

neurons in the LSTM model. The batchsize refers to the number of
training examples processed in one iteration. In each iteration, a cer-
tain number of examples is used to update the parameters of the
model by the batch gradient descent algorithm. An epoch indicates

FIG. 3. The RMSEs of the LSTM and the NiLSTM on four datasets.
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FIG. 4. The MAPEs of the LSTM and the NiLSTM on four datasets.

the entire training set passed forward and backward a deep neu-
ral network once. The validation_split controls the portion of the
training set used for training and for validation.

The ranges of the unit and batchsize are set to {16, 32, 64,
128, 256}. The range of epochs is set to {10, 20, 30, 40, 50}. The vali-
dation_split is set to {0.05, 0.1}. The hyperparameters tuned for the
following experiments are listed in Table I.

We also explore the optimal length of the input traffic flow
sequence for the conventional LSTM model by adjusting the input
length from 1 to 12, e.g., 10 min to 2 h. We conduct the same 12
groups of experiments on our NiLSTM model correspondingly. For
each group of length, we repeat the experiment for 20 times and
average the results of 20 experiments as the final result to eliminate
the randomness of a single experimental result.

We compare our NiLSTM with five frequently used state-of-
the-art models, which are autoregression (AR), Kalman filter (KF),
artificial neural network (ANN), support vector machine regres-
sion (SVR), and stacked auto-encoder (SAE). We also employ two
baseline models for traffic flow forecasting, e.g., historical aver-
age (HA) and the random walk model (RW). Brief and necessary
introductions of these models are as follows.

Historical average (HA): The average traffic flow of a certain
time in the past period is used as the forecasting for the current
traffic flow.

Random walk (RW): The random walk assumes that, in each
period, the traffic flow takes a random step away from its previ-
ous value. One step is commonly reported in traffic flow forecasting
tasks.49 More details about HA and RW can be found in Ref. 49.
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TABLE III. The forecasting performance of the NiLSTM and other models on four

benchmark datasets. The best performances are denoted in boldface.

Model Criteria A1 A2 A4 A8

HA RMSE 404.84 348.96 357.85 218.72
MAPE 16.87 15.53 16.72 16.24

RW RMSE 312.92 223.82 230.01 174.14
MAPE 12.65 11.43 12.07 12.37

AR RMSE 301.44 214.22 226.12 166.71
MAPE 13.57 11.59 12.7 12.71

KF RMSE 332.03 239.87 250.51 187.48
MAPE 12.46 10.72 12.62 12.63

ANN RMSE 299.64 212.95 225.86 166.5
MAPE 12.61 10.89 12.49 12.53

SVR RMSE 329.09 259.74 253.66 190.3
MAPE 14.34 12.22 12.23 12.48

SAE RMSE 295.43 209.32 226.91 167.01
MAPE 11.92 10.23 11.87 12.03

NiLSTM RMSE 285.54 203.69 223.72 163.25
MAPE 12.00 10.14 11.57 11.76

Autoregressive (AR): This model has been widely used in traf-
fic flow predicting due to the randomness of traffic data. In an
autoregressive model with order p, the current traffic flow is rep-
resented by weighted combination going back p periods, following a
random disturbance in the current period. In this regard, the order
p is critical for the model. If the order is too high, more coefficients
need to be introduced. The order in our experiment is set to eight by
cross-validation.

Kalman filter (KF): A wavelet denoising procedure proposed
by Xie et al.,50 which is employed to preprocess the traffic flow data.
We use Daubechies 4 as the mother wavelet as suggested in the lit-
erature. The variance of the process error Q is set to 0.1 ∗ I, where
I is the identity matrix. The variance of the measurement noise is
0, since we regard that the measurement is correct. The initial state
is the set to [1/n, . . . , 1/n], where n is set as eight. The covariance
matrix of the initial state estimation error is set to 10 − 2 ∗ I.

Artificial neural network (ANN): The ANN is a three-layered
feed-forward neural network with one radial basis layer. The
adopted parameters are listed in Table II, where the goal is the mean
squared error goal, the spread is spread of a radial basis function
(RBF), the MN is the maximum number of neurons in a hidden
layer, and the DF is the number of neurons to add between displays.
More details can be found in Ref. 21.

Support vector machine regression (SVR): For the support
vector machine regression model, several parameters need to be set
beforehand. The regression horizon is set to eight, which is the same
as Zhou et al.29 We use a radial basis function (RBF) as the kernel
type in this work. The parameter C is set to the maximum difference
between the traffic flow. The width parameter for the RBF kernel is
set to 3 × 10−6.

Stacked autoencoder (SAE): The stacked autoencoder is
trained in a layer-wise greedy fashion, see Lv et al.31 The spa-
tial and temporal correlations are inherently considered in this

TABLE IV. The performance of the NiLSTM with different kernel sizes.

σ Criteria A1 A2 A4 A8

0.1 RMSE 285.73 203.81 224.12 162.84
MAPE 11.97 10.20 11.68 11.74

0.2 RMSE 285.68 202.84 225.01 162.84
MAPE 11.95 10.39 11.60 11.77

0.5 RMSE 286.96 203.30 224.50 164.01
MAPE 11.90 10.48 11.57 11.86

1.0 RMSE 285.54 203.69 224.49 163.25
MAPE 12.00 10.14 11.60 11.76

2.0 RMSE 285.61 203.50 224.67 164.46
MAPE 11.80 10.36 11.66 11.86

3.0 RMSE 286.52 204.03 224.53 164.56
MAPE 12.12 10.54 11.74 11.92

model. The deep architecture of the SAE is set to [120, 60, 30] by
cross-validation.

The length of the input sequence for the NiLSTM is set to
12 by cross-validation. Then, we set the range of kernel size to
[0.1, 0.2, 0.5, 1.0, 2.0, 3.0] to search a optimal kernel size, which is
consistent with Liu et al.39

D. Results and analysis

In this section, we first evaluate the improvement of the NiL-
STM by comparing it with the conventional LSTM by 12 groups of
control experiments. Then, we compare the NiLSTM with the base-
line and state-of-the-art methods to demonstrate the superiority of
the NiLSTM. We also demonstrate the robustness of the NiLSTM
within the range of suggested kernel sizes.

1. Comparisons of NiLSTM and LSTM

We evaluate the performance of the LSTM model and the
NiLSTM model by 12 groups of control experiments with differ-
ent lengths of input traffic flow sequences. The results are shown in
Figs. 3 and 4, where the horizontal axis is the input length, and the
vertical axis denotes the RMSE and MAPE, respectively. There are
four figures in Figs. 3 and 4, respectively. Two polylines in the fig-
ures account for the RMSE and MAPE of the LSTM and the NiLSTM
on A1, A2, A4, and A8 dataset. The blue one represents the RMSE
and MAPE of LSTM in Figs. 3 and 4, and the orange one denotes the
RMSE and MAPE of the NiLSTM, respectively.

As shown in Fig. 3, the RMSEs of the LSTM and the
NiLSTM decreases with the increase of the input length. It indi-
cates the more information is given (within limits) to the models,
the better forecasting performance they achieve. The NiLSTM per-
forms better than the LSTM for most cases, especially for A1 and A8.
The RMSE is reduced by approximately 11.34 and 1.88, respectively.
For these four datasets, it is obvious that the A8 has smaller RMSE,
regardless of which method is used. For the inconsistent improve-
ment of the model on different datasets, we assume that it is caused
by the intrinsic characteristics of the datasets. Since the other three
datasets are coming from the international highways, whereas the
A8 highway is a straight road, which all belongs to Amsterdam. A1
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FIG. 5. The RMSE on the training set and the validation set for the training process.

connects to the German border, and A2 and A4 connect to the Bel-
gian border. The traffic flow of the A8 highway does not change so
dramatically than A1, A2, and A4, which leads to the lower RMSE of
the A8 dataset.

Similarly, we analyze the MAPEs of the LSTM model and the
NiLSTM model. For the LSTM, with the increase of input length,
the MAPE shows a decreasing trend on the four datasets, in spite
of some fluctuations. Comparing the MAPEs for the two mod-
els on the four datasets, although there are some intersections in
Fig. 4, the NiLSTM achieves better performance than the LSTM as a
whole. The NiLSTM achieves great improvement on the A8 dataset
regarding the MAPE, and the MAPE is relatively small than the
other three datasets. The improvements of the MAPEs on A1, A2,
A4, and A8 dataset are 0.38, 0.42, 0.42, and 0.72, respectively.

2. Comparisons with state-of-the-art methods

We also compare the NiLSTM model with seven frequently
used state-of-the-art forecasting models. The results are listed in
Table III.

In Table III, the parameters of the models are fine-tuned by grid
search. For example, the length of the input traffic flow sequences
for A1, A2, and A8 are set to 12, whereas the length is set to 11
for A4.

From Table III, we find that the NiLSTM outperforms the con-
ventional parametric and nonparametric methods, obviously. It is
because the parametric methods are hard to deal with the non-
linear relationship inside the traffic data with limited parameters
and fixed model settings. For example, the HA is easily influenced
by unexpected incidents. The KF is prone to overshooting when
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FIG. 6. The MAPE on the training set and the validation set for the training process.

the traffic state changes dramatically, which largely decreases the
forecasting performance. The nonparametric methods, such as the
ANN, optimize the parameters during backpropagation. However,
the mean square error magnifies the effect of the non-Gaussian
noises, such as outliers. In this regard, this kind of methods could
hardly achieve superior performance for real-world cases, since the
non-Gaussian noises are inevitable under this situation. The NiL-
STM addresses this issue by equipping a correntropy metric loss,
which empowers the NiLSTM immune to the non-Gaussian noises.
The deep learning model, e.g., SAE, performs best among the con-
trol models except for the NiLSTM. The NiLSTM achieves the lowest
RMSE than other models on all the datasets, and almost outperforms

other models in MAPE, except the A1 dataset. The MAPE of the
NiLSTM is only 0.08% higher than that of the SAE.

3. Evaluation of NiLSTM with different kernel sizes

σ is a hyperparameter for the correntropy. We set the length
of the input traffic flow sequence to 12 as the above experiments to
evaluate the kernel size that affects the performance of the NiLSTM
for traffic flow forecasting.

We set the range of kernel size to {0.1, 0.2, 0.5, 1.0, 2.0, 3.0},
which follows the suggestion in Liu et al.39 Table IV exhibits the
performance of the NiLSTM with different kernel sizes on the four
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datasets. The experimental results demonstrate the robustness of
the NiLSTM model with the suggested kernel sizes. Although there
are slight differences in the forecasting performance with different
kernel sizes, this should not obscure the fact that the forecasting per-
formance of the LSTM model has been improved equipped with the
noise-immune loss.

We also draw the learning curve of the NiLSTM on the training
set and validation set. The length of the input sequence is set to 12
in this experiment. Figures 5 and 6 show the RMSE and the MAPE,
respectively. These two figures both contain four sub-figures, which
correspond to the four datasets, e.g., A1, A2, A4, and A8. Although
there are subtle differences, the errors on the training set and the
validation set decrease fast for the first 15 epochs. After that, the
decreases in the errors slow down and gradually tend to become sta-
ble. Meanwhile, the NiLSTM performs slightly better on the training
set than on the validation set, which accords to the common sense.
Overall, our model performs normally without overfitting.

Our noise-immune loss is general and can be integrated
in other network architectures and other applications, such as
biomedical computing,51–53 intelligent computing,54,55 and algebraic
immunity.56–59

IV. CONCLUSIONS

In this paper, we propose a noise-immune LSTM network for
short-term traffic flow forecasting. The conventional LSTM net-
works are sensitive to non-Gaussian noises mixed in the traffic
flow sequences, which affects the forecasting performance. The pro-
posed NiLSTM eliminates the effectiveness of non-Gaussian noises
inside the traffic flow by employing the correntropy criterion as the
loss function. Extensive experiments are designed to illustrate the
effectiveness of the NiLSTM.
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