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Short-term traffic flow prediction based on

cuckoo search-wavelet neural network

Haibo Lv, Yuheng Kang, and Zhou Shen∗

Abstract

The nonlinear fluctuation and uncertainty that characterize urban traf-
fic flow are well-known. An Improved Cuckoo Search-Wavelet Neural Net-
work (ICS-WNN) prediction model for urban traffic flow is suggested in
order to increase the accuracy of traffic flow predictions. After the original
traffic flow data have been cleaned up and normalized, the traffic flow pre-
diction network model is built by optimizing the wavelet neural network
weights and wavelet shrinkage and translation factors based on the adap-
tive step size and discovery probability of the cuckoo algorithm, and then
adding the neural network momentum factor. The traffic flow prediction
network model is built in two stages. The results of the experimental
simulations demonstrate that the ICS-WNN prediction algorithm has a
better fit and accuracy than numerous common optimization prediction
techniques, which is encouraging.

1 Introduction

China’s urbanization is progressing at a rapid pace, and at the same time, traffic
congestion in cities is becoming more and more severe [1, 2]. As the country’s
economy continues to grow at its current pace, the progress of urbanization will
become increasingly visible [3–7]. In addition, because the urban traffic system
is open, real-time, and complex, with uncertainty and non-linear characteristics,
it cannot be solved by relying solely on road widening, new roads, and traffic
restrictions to alleviate traffic congestion caused by the contradiction between
traffic demand and traffic supply [8–11]. An efficient and dependable traffic flow
forecast system can provide an effective basis for the best scheduling and travel
of traffic vehicles, as well as help to reduce congestion on the roads [12–15].

Many different approaches of predicting traffic flow have been developed by
both domestic and international researchers [16–23]. For example, the combined
model of the ARMA model and the Kalman filter model has higher prediction
accuracy when compared to the ARMA model and the Kalman filter model
alone; combining deep belief network model (DBN) and support vector machine
(SVM) for traffic flow prediction, using DBN to learn traffic flow and extract
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data feature values, and using support vector machine model for traffic flow
prediction; combining deep belief network model (DBN) and support vector
machine (SVM) for traffic flow prediction, using DBN to The state vector and
distance metric are combined to form the K-nearest neighbor prediction model,
which reflects traffic flow more accurately than the k-neighbor model that only
considers the time dimension; the wavelet neural network prediction algorithm
based on the particle swarm algorithm, which uses the variable acceleration fac-
tor to make the particle swarm algorithm converge to the glo algorithm; and the
wavelet neural network prediction algorithm based on the particle swarm algo-
rithm, which uses the variable acceleration factor to make the particle [24–30].
In this study, we used the genetic algorithm to optimize the parameters of the
wavelet neural network prediction model, taking advantage of the global opti-
mization and adaptive random search characteristics of the genetic algorithm to
optimize the parameters of the WNN; cereal bird search algorithm; optimized
BP neural network prediction algorithm; traffic flow sequence for phase space
reconstruction after network learning; and finally, the CS algorithm. The out-
comes of the predictions are more accurate since they reflect the changing trend
of traffic flow.

This research proposes, based on the CS-WNN short-time traffic flow pre-
diction model, an enhanced cuckoo search method for optimizing the wavelet
neural network prediction model, which can be used to predict traffic flow in real
time. During the later stages of the development process, the cuckoo search al-
gorithm will have the disadvantages of a poor search speed and a low prediction
accuracy. This algorithm’s step size and discovery probability Pa are dynami-
cally modified according to the number of iterations and adaptations performed
in order to optimize the basic cuckoo algorithm. Improved convolutional neural
networks are used to initialize the parameters of wavelet neural networks, and
the neural network momentum term is included to prevent convergence jitter
and speed up network convergence, which is then used to construct the predic-
tion model for traffic flow forecasting. When compared to many more prominent
traffic flow prediction models, the simulation results show that the prediction
model described in this study has a better fit and higher accuracy.

2 Traffic flow data preprocessing

2.1 Wavelet denoising

As mentioned above, noise infiltrates the signal acquisition process to varying
degrees, and the presence of noise frequently obscures the information that
should be conveyed by the signals themselves. The purpose of signal denoising is
to highlight and enhance the signal itself while suppressing the effect of noise on
it. To reduce data noise in the traffic flow samples that were used in this paper,
wavelet transforms were applied to reduce the data noise. Generally speaking,
wavelet denoising is divided into three steps: (1) wavelet decomposition of the
original signal to obtain the high-frequency part and low-frequency part of the
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signal; (2) threshold processing of the noise in the high-frequency part of the
signal; and (3) wavelet reconstruction with the processed wavelet coefficients to
obtain the denoised signal It is proposed in this paper to apply heuristic wavelet
thresholding denoising, and the wavelet transform with two decomposition layers
is used to denoise the traffic flow data by employing the sym3 wavelet in the
wavelet toolbox to perform the denoising.

2.2 Normalization

The traffic data collection device captures a huge number of traffic data samples
of varying sizes, and in order to more simply and correctly converge to the ideal
solution, the data set must be normalized before it can be used [31–33]. In this
study, we normalize the original data by employing the mapminmax function,
which is defined as The data is standardized in order to speed up the model
convergence process and increase the accuracy of the final model. By default,
mapminmax is normalized to the interval [-1,1], and the computation equation
is written as follows:

y =
(ymax − ymin)× (x− xmin)

xmax − xmin
+ ymin (1)

where y is the normalized processed data, ymax = 1, ymin = −1; x is the current
original data to be normalized; xmax and xmin are the maximum and minimum
values of the original data to be processed in the data sample, respectively.

After the processed data are trained by the network and the prediction
model, the prediction results are normalized using the mapminmax(’reverse’,’y’,’ps’)
function, and the normalized data y is normalized according to the given data
normalization processing mapping ps, to obtain the normal real traffic flow pre-
diction data.

3 Traffic flow prediction model

3.1 Introduction to Wavelet Neural Network

Wavelet neural networks are organic combinations that follow the structure of a
neural network and replace the activation function in the network with a wavelet
function, i.e., a neural network based on the BPN topology, with the wavelet ba-
sis function as the transfer function of nodes in the hidden layer, and the signal
propagates forward, while the error propagates backwards. How to combine the
advantages of wavelet transform and neural network has always been a hot topic
of discussion among scholars. Wavelet transform has time-frequency local char-
acteristics, while neural networks have self-learning, self-adaptive, robustness,
fault tolerance, and generalization ability. When compared to traditional neural
networks, the wavelet neural network overcomes structural design blindness and
has a greater learning ability, faster convergence speed, and higher prediction
accuracy than the traditional neural network.
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It is possible to partition the WNN structure into three layers: an input
layer, a hidden layer, and a final output layer. Consider the following scenario:
there are M nodes in the input layer, n nodes in the hidden layer, and N nodes in
the output layer So far, there is no scientific or universal formula for determining
the number of nodes in the hidden layer; instead, the number of nodes in the
hidden layer can only be determined by using the trial-and-error method, which
is as follows:

n =
√
M +N + a (2)

The number of nodes in the hidden layer ranges between 3 and 12, and the
specific value must be compared to network training in order to determine which
has the best prediction impact.

As shown in Figure 2, the connection weights between the input layer and the
hidden layer are denoted by Wij , the connection weights between the hidden
layer and the output layer are denoted by Wjk, and the wavelet function is
denoted by Φ(x). The excitation function of the neuron used for this paper is
the Morlet wavelet, and its mathematical expression is given by

ϕ(x) = cos(1.75x) exp
(

−x2/2
)

(3)

Wavelet neural network hidden layer output formula

P (j) = ϕ











M
∑

i=1

Wijxi − bj



 /aj






j = 1, 2, · · ·n (4)

where P (j) is the jth output of the hidden layer; aj is the scaling factor of
the wavelet basis function; and bj is the translation factor of the wavelet basis
function in equation.

The following is the output Yp(k) of the output layer of the wavelet neural
network as calculated by

Yp(k) =

n
∑

j=1

WjkP (j) k = 12, · · ·N (5)

By employing the gradient descent method, it is possible to get the best
possible correction for the wavelet basis function coefficients and network con-
nection weights in the wavelet neural network. The correction process is as
follows:

1. The error between the wavelet neural network output prediction Yp(k) and
the actual result Yr(k) is

ek = Yp(k)− Yr(k) (6)

2. The weights Wij of the connection between the input layer-implicit layer,
the weights Wjk of the connection between the implicit layer-output layer,
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the scaling factor aj of the wavelet function and the translation factor bj
of the wavelet function are adjusted according to the prediction error ek:

W
(d+1)
ij = W d

ij +∆W
(d+1)
ij

W
(d+1)
jk = W d

jk +∆W
(d+1)
jk

a
(d+1)
j = adj +∆a

(d+1)
j

b
(d+1)
j = bdj +∆b

(d+1)
j

(7)

In the equations above, the term with the superscript d represents the
connection weights or coefficients of the wavelet basis function for the dth
training; the term with the superscript (d + 1) represents the connection
weights or coefficients of the wavelet basis function for the d+1th train-

ing; ∆W
(d+1)
ij represents the connection weights correction term between

the d+1st training input layer and the hidden layer; ∆W
(d+1)
jk represents

the d+1st connection weight correction term between the training hidden

layer and the output layer; ∆a
(d+1)
j denotes the scaling factor correction

term of the d+1th training wavelet function; ∆a
(d+1)
j denotes the transla-

tion factor correction term of the d+1th training wavelet function. Each
correction term is calculated based on the network error ek as follows,
where η is the learning rate:

∆W
(d+1)
ij = −η · e/∂W (d)

ij

∆W
(d+1)
jk = −η · ∂e/∂W (d)

jk

∆a
(d+1)
j = −η · ∂e/∂a(d)j

∆b
(d+1)
j = −η · ∂e/∂b(d)j

(8)

Considering the influence of the d− 1st weight on the dth weight, the mo-
mentum term is added to the neural network to effectively suppress the
network from trapping in local minima. After adding the momentum term,
the formulae for calculating each connection weight and wavelet function
coefficients in the first iteration training network still use the above equa-
tions, and when the number of training is greater than or equal to 2,
each network connection weight and wavelet basis function coefficients are
calculated using

W
(d+1)
ij = W d

ij +∆W
(d+1)
ij + α

(

W d
ij −W

(d−1)
ij

)

,

W
(d+1)
jk = W d

jk +∆W
(d+1)
jk + α

(

W d
jk −W

(d−1)
jk

)

a
(d+1)
j = adj +∆a

(d+1)
j + α

(

adj − a
(d−1)
j

)

,

b
(d+1)
j = bdj +∆b

(d+1)
j + α

(

bdj − b
(d−1)
j

)

(9)

5



3.2 Introduction to cuckoo search and improvement

3.2.1 Cuckoo search

The cuckoo search algorithm is an algorithm that efficiently solves optimization
problems by simulating the parasitic brood of certain species of cuckoos. The
cuckoo search algorithm requires setting three ideal states:

1. Only one cuckoo egg is laid per cuckoo at a time and the eggs are placed
randomly in a nest;

2. The nest with the best cuckoo egg will be kept to the next generation;

3. The number of nests is fixed, and the probability that a cuckoo egg is
found in a nest is Pa, taking values in the range (0,1).

It can be understood that nest=egg=solution, the process of cuckoo search-
ing for nests to lay eggs is the process of searching for solutions, and the quality
of the nest represents the good or bad solution.

At the same time, the cuckoo search algorithm location update using the
relevant Levy flight random path mechanism, Levy flight to generate random
numbers should contain two steps: the choice of random direction and obey the
Levy distribution step generation, the random distribution of direction should
obey the uniform distribution, the most effective and direct way to generate
the step is to use the Mantegna algorithm to achieve a symmetric levy stable
distribution. The formula for the Levy flight to update the bird’s nest location
is defined as:

Xt+1 = Xt + α⊗ Levy(β) (10)

where Xt denotes the nesting position at generation t; Xt+1 denotes the nesting
position at generation t+ 1, α denotes the step scaling factor; Levy(β) denotes
the Levy random path, and the relationship between the Levy random path and
time t obeys the Levy distribution

levy(β) ∼ u = t−λ, 1 < λ ⩽ 3 (11)

In addition, a portion of the host birds found cuckoo eggs with probability
Pa, and the location path of abandoning the nest and building a new nest was
chosen to prefer a random swim with the calculation formula

Xi
t+1 = Xi

t + r ⊗
(

Xj
t −Xk

t
)

(12)

where Xi
t+1 is the i-th nesting position in generation t + 1, Xi

t is the i-th
nesting position in generation t, Xj

t and Xk
t are two random nesting positions

in generation t, and r is a random number obeying uniform distribution.
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3.2.2 Improved cuckoo search

The basic cuckoo search algorithm has a strong global search capability in the
early stage, but weakens the local search capability, and tends to converge to
local extremes in the later stage , leading to slower search and poor prediction
accuracy. In order to improve the prediction accuracy, this paper dynamically
adjusts the step size and discovery probability, which vary with the number of
iterations of the algorithm. The following equations are used to update the
discovery probability and step length:

Pai(t) = nPamax × exp(c)×
fi

∑n

j=1 fj
,

c =
t

T
× ln

(

Pamin

Pamax

)

,

αi(t) = n

[

αmax −
t

T
(αmax − αmin)

]

×
fi

∑n

j=1 fj
.

(13)

where Pai(t) denotes the probability that the ith nest in the tth generation is
discovered, the maximum discovery probability Pamax, the minimum discovery
probability Pamin, such that Pamax = 1, Pamin = 0.005; T denotes the maxi-
mum number of iterations, t is the current number of iterations, n is the number
of nests; αi(t) is the update step of the ith nest position in the tth generation,
αmin and αmax respectively are the maximum and minimum steps, such that
αmin = 0.05 and αmax; fi is the adaptation value of the ith nest, and fj is the
adaptation value of any one nest.

The basic steps of the ICS-WNN algorithm are as follows:

1. Import the original traffic flow data for pre-processing, and split the pro-
cessed data into training data and test data;

2. Initialize the parameters of the wavelet neural network, train the neural
network for several times, finally determine the values of the parameters
and set the maximum number of iterations of the neural network to 500;

3. Initialize the number of nests Nnest, Pa is dynamically adjusted by expo-
nentially decreasing, the maximum number of iterations Tmax is set to
150, and each nest location Wi has l (l=M×n+N×n+n+n+n, M is the
number of nodes in the input layer, n is the number of nodes in the hidden
layer, N is the number of nodes in the output layer) parameters. A linear
decreasing step strategy is used to update the location and path, and the
training is performed according to the initial values of each parameter to
calculate the prediction value and prediction error for each nest, and find
the nest location with the smallest prediction error among Nnest nests,
mark it as the best nest Wbest and keep it to the next generation;

4. In the next training, the location and path are updated for the nests in
3) other than the best nest Wbest. The error ek+1 between the predicted
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and actual values of bird nest locations is calculated by wavelet neural
network and compared with the prediction error ek of other nests in the
last training result, if ek+1 is greater than ek, the kth nest location is
retained; if ek+1 is less than ek, the kth+1st training nest location is
retained, thus finding the contemporary best nest location Wnew;

5. If the random number r>Pa, this group of bird nest locations is discarded,
and the location and path of the new nest are constructed, and the up-
date is done by using the preferred random tour. The prediction error is
calculated by wavelet neural network and compared with each prediction
error in the better bird nest location Wnew in step 4), and the bird nest
location with smaller prediction error then replaces the bird nest location
with larger prediction error, thus obtaining the contemporary better bird
nest location W’new;

6. The optimal bird nest location in W’new is marked as Wbest, and if the
number of iterations or the prediction accuracy is not reached, it returns
to step 4) to continue the optimization search, and vice versa to output
the current Wbest;

7. The finalized Wbest is split into each connection weight, the scaling fac-
tor and translation factor of wavelet basis function, respectively. The
processed data are imported into the wavelet neural network and trained
in the network, and when the conditions are met, the network training
is stopped and the values of the parameters at this time are saved. The
conditions for the end of training are: reaching the maximum number of
iterations or reaching the prediction accuracy;

8. Input test data for actual traffic flow prediction. Compare the predicted
traffic flow results with the actual traffic flow and calculate the value of
each evaluation index.

4 Case studies

The experimental hardware platform is a quad-core 7th generation Core i7 pro-
cessor with 8GB DDR4 memory, and the software environment is MATLAB
R2014b. The experimental data is selected from the traffic flow data of a lane
in Stockton, San Joaquin County, California, USA, recorded from April 4, 2011
to April 15, 2011 for a total of 10 weekdays with a 15-minute interval. The traf-
fic flow data were recorded for 10 weekdays at 15-minute intervals from April 4,
2011 to April 15, 2011.

In the prediction model, the learning rate of each connection weight is 0.01,
the learning rate of the translation and scaling factors of wavelet function is
0.0015, the momentum factor is 0.4, the number of nests is 20, the Pa is dy-
namically adjusted by exponentially decreasing, and the step size is linearly
decreasing.
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In order to analyze the prediction model proposed in this paper, four eval-
uation metrics are selected to analyze the prediction results, namely mean ab-
solute percentage error (MAPE), mean absolute error (MAE), mean coefficient
of equality (EC) and root mean square error (RMSE).

In order to verify the prediction effect of the algorithm proposed in this
paper, PSO-WNN algorithm, GA-WNN algorithm, CS-BPNN algorithm, CS-
WNN algorithm and the algorithm proposed in this paper were selected to
compare the traffic flow prediction results, and the results are shown in Table
1.

Model MAPE MAE RMSE EC

ICS-WNN 5.773 10.521 12.846 0.973
CS-WNN 6.598 11.201 14.456 0.970

PSO-WNN 7.306 12.183 15.305 0.969
GA-WNN 7.850 13.055 16.131 0.967
CS-BPNN 8.898 13.889 17.404 0.965

The mean coefficients (goodness of fit) of several algorithms in the table
are above 0.95, and the higher the goodness of fit indicates that the predic-
tion effect is better, so the prediction results using these algorithms are more
meaningful. The goodness-of-fit of the proposed algorithm is 0.97386, which is
the highest goodness-of-fit value among several prediction algorithms, indicat-
ing that the prediction effect of the proposed algorithm is better than several
other mainstream prediction algorithms.

5 Conclusion

The improved cuckoo search algorithm is used to initialize the weights of each
connection of wavelet neural network with the scaling factor and translation
factor of wavelet function in order to overcome the shortcomings of the cuckoo
search algorithm such as low accuracy and slow search speed in the later stage;
then the improved cuckoo search algorithm is used to initialize the weights of
each connection of wavelet neural network with the scaling factor and trans-
lation factor of wavelet function in order to overcome the shortcomings of the
cuckoo search algorithm such While building the ICS-WNN prediction model,
it is necessary to include a momentum element in order to avoid oscillation dur-
ing the network’s training. By comparing the evaluation index values of many
prediction algorithms, it has been demonstrated that the prediction model pro-
vided in this study has higher prediction accuracy and better fitting ability
than the other prediction algorithms. Traffic flow is particularly susceptible to
the influence of the external environment, and the next work will explore the
investigation of prediction algorithms with additional input factors in order to
further increase the accuracy of traffic flow prediction.
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