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In recent years, people are more and more interested in time series modeling and its application in prediction. This paper mainly
discusses a financial time series image algorithm based on wavelet analysis and data fusion. In this research, we conducted an in-
depth study on the scale decomposition sequence and wavelet transform sequence in different scale domains of wavelet transform
according to the scale change rule based on wavelet transform. We use wavelet neural network with different input neurons and
hidden neurons to predict, respectively. Finally, the prediction results are integrated into the final prediction results based on the
original time series by using wavelet reconstruction technology. Using RBF algorithm in neural network and SPSS Clementine,
the wavelet transform sequences on five scales are modeled. Each network model has three layers: one input layer, one hidden
layer, and one output layer, and each output layer has only one output element. In order to compare the prediction effect of the
model proposed in this study, the ordinary RBF network is used to model and predict the log yield itself. When the input
sample is 5, the minimum mean square error is obtained when the hidden layer is 6, and the mean square error is 1.6349. The
mean square error of the training phase is 0.0209, and the validation error is 1.6141. The results show that the prediction results
of the wavelet prediction method combined with the RBF network prediction method are better than those of wavelet prediction
or RBF network prediction.

1. Introduction

As a new research achievement in recent years, wavelet anal-
ysis has been widely used because of its local amplification
and multiresolution analysis characteristics. However, due
to the superficial understanding of wavelet analysis method,
it has not made full use of its powerful function. However,
in the future, the wavelet toolkit can only be used to improve
the results of MATLAB.

For stock price trend prediction, the commonly used
techniques are moving average method and index smooth-
ing method or other conventional technical index analysis
methods. However, the stock price financial data is a typ-
ical nonstationary time series, with a peak thick tail; the
traditional forecasting method is obviously not suitable.
Moreover, due to the influence of various accidental fac-

tors, the data of stock market are often random. Moreover,
it is difficult to analyze the long-term trend of China’s
stock market due to its short-term establishment and
imperfect aspects. With the introduction of wavelet analy-
sis theory into the financial field, it is found that wavelet
transform is effective in extracting useful information from
noisy data.

For lossless coding, a novel method based on wavelet
is proposed to improve the coefficient independence of
hyperspectral images. The regression wavelet analysis
(RWA) proposed by Amrani et al. use multiple regressions
to exploit the relationship between wavelet transform com-
ponents. It is based on the previous nonlinear scheme, and
their scheme estimates each coefficient from neighbor
coefficients. Specifically, RWA performs pyramid estima-
tion in the wavelet domain, thereby reducing the residual
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and the statistical relationship representing energy com-
pared with the existing wavelet-based scheme. They pro-
posed three regression models to solve problems related
to estimation accuracy, component scalability, and compu-
tational complexity. Other suitable regression models can
be designed for other goals. Their research process lacks
data [1]. Arneodo et al. use continuous wavelet transform
to formalize multifractals into fractal functions. They
reported on the latest application results of the so-called
Wavelet Transform Modulus Maximum (WTMM) method
to fully developed turbulence data and DNA sequences. As
a summary, they briefly introduced some ongoing work
that may become a guide for future research. Their
research has no practical significance [2]. Bousefsaf et al.
use a low-cost webcam to record and analyze pulse wave
signals to extract amplitude information and evaluate par-
ticipants’ vasomotor activity. They used continuous wave-
let transform to analyze the photoplethysmographic
signal obtained from the webcam. After a brief but intense
physical exercise, they used an approved contact probe to
evaluate a group of 12 healthy subjects to evaluate the per-
formance of the proposed filtration technology. During
rest, skin vasodilation can be observed. Their research
lacks comparative experiments [3]. Alcala et al. believe
that because the Fourier method assumes that the energy
is distributed in the entire given window. They used wave-
let analysis techniques to divide the rocket data set col-
lected during the polar midlevel summer echo event,
which was characterized by the Norwegian sounding sys-
tem radar. They found that edges can be isolated in space
or juxtaposed with turbulence, and similarly, turbulence
areas without steep edges can be found. Their research
method lacks innovation [4]. Chen uses continuous wave-
let analysis to study the dynamic relationship between
American health development and economic growth. His
discovery reconciled the long-term anticyclicality of lon-
gevity with the procyclicality of longevity related to the
business cycle in the long run. In addition, he also identi-
fied four causal relationships between health progress and
economic growth: income view, health view, feedback
view, and neutrality assumption. His research sample is
too small [5, 6].

In this study, wavelet transform depends on the law of
scale changes. The different scale domains of wavelet
transform correspond to the scale decomposition sequence
and wavelet transform sequence. The wavelet neural net-
work containing different input neurons and hidden neu-
rons is used to make predictions. Finally, the separately
predicted results are then combined with wavelet recon-
struction technology into the final prediction results based
on the original time series. Using the RBF algorithm in the
neural network and using SPSS Clementine to model
wavelet transform sequences on 5 scales, each network
model has three layers, namely, an input layer, a hidden
layer, and an output layer, and each output layer has only
one output element. In order to compare the forecasting
effect of the model proposed in this study, at the same
time, the ordinary RBF network is used to model and pre-
dict the logarithmic return itself.

2. Financial Time Series Image Algorithm

2.1. RBF Neural Network Algorithm. The i neuron in the hid-
den layer of the RBF neural network algorithm is
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Among them, θ is the threshold of the neural network [7,
8]. The output is
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The relationship between b1 and C is b1 = 0:8326/C, and
the output of the hidden layer neuron becomes

gq
i = exp −0:83262 × w11 − Xqk k
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Δω is the corresponding weight; the output is

yq = 〠
n

i=1
ri ×w2i: ð4Þ

The complete process structure is shown in Figure 1.

2.2. Wavelet Analysis. In order to avoid excessive network
data from affecting the convergence speed of the network
and to improve the generalization ability of wavelet neural
networks, the original data is normalized so that the corre-
sponding mapping of the processed data is in the range of
[0,1] [9]. The normalized data can not only eliminate the
dimension but also simplify the calculation, while the proc-
essed data still retain the characteristics of the original data
[10, 11]. There are two main normalization methods:

The max-min normalization method [12]: this kind of
wavelet is similar to the RBF network, but the scale parameter
and displacement parameter of the wavelet network can be
set according to the time-frequency localization characteris-
tics of the wavelet [13, 14].

Xgvh ið Þ = X ið Þ −min Xð Þ
max Xð Þ −min Xð Þ , ð5Þ

where XgvhðiÞ is the ith value after normalization [1].
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0-1 mean normalization method:

Xgvh =
X ið Þ − X̂

σx
: ð6Þ

XðiÞ is the ith value in the original data X [2, 5].
The input vector of wavelet neural network is standard-

ized by the maximum-minimum normalization method,
and then, the model is fitted [15, 16]. In order to accurately
analyze the characteristics of the original data sequence, after
the network training prediction is completed, we need to
reverse-normalize the predicted value [17, 18]. The calcula-
tion formulas are

X ið Þ = Xgvh max Xð Þ −min Xð Þð Þ +min Xð Þ,
X ið Þ = Xgvh ið Þσx + �X:

ð7Þ

The denormalized data is in the same dimension as the
original data, and analyzing it can more accurately extract
the features and laws contained in the relevant data [19].
Data normalization and denormalization are realized using
the MATLAB command map min-max [20, 21].

2.3. Wavelet-RBF Network Prediction. There are many
decomposition methods for wavelet decomposition, as long
as the direct sum of the set of subspaces can cover theV space
without overlapping each other. Wavelet decomposition is
actually just a special case of wavelet packet decomposition
[22]. The diverse and flexible decomposition characteristics
of wavelet provide the possibility to select the optimal
decomposition according to different purposes [23, 24]. For
the convenience of discussion, here, we no longer use V
and W to denote subspaces but unify them as Unj, where j
is the scale and n is the number of the subspace in a certain

scale, then

Un,j−1 =U2n,j ⊕U2n+1,j: ð8Þ

The corresponding sequence satisfies:

xn,j−1 kð Þ = x2n,j kð Þ + x2n+1,j kð Þ: ð9Þ

The traditional method is based on some additivity
cost functions that can measure concentration, such as
maximum entropy. However, these cost functions are of
great significance in data compression and other research
fields, and they are useless for the decomposition of this
research for the purpose of prediction. What this research
needs is a wavelet packet decomposition method that can
achieve the highest prediction accuracy. For this reason,
we must first consider the judgment method of prediction
accuracy [25]. There are many indicators to judge the pre-
diction accuracy. This paper selects the mean square error
(MSE), which reflects the deviation variance of the pre-
dicted value from the actual value, which is more suitable
for the application of this article. Its definition is shown in
the following formula:

MSE = 1
N
〠
N

k=1
x kð Þ − x∧ kð Þ½ �2: ð10Þ

Among them, x̂ðkÞ is the predicted value. This research
creates a relatively fast optimal decomposition search algo-
rithm, which uses neural networks to predict xn,j−1ðkÞ,
x2n,jðkÞ, and x2n+1,jðkÞ, respectively.

In this case,

MSE >MSE′: ð11Þ

Among them, MSE is the actual error.
It shows that decomposition can improve the predic-

tion accuracy and the decomposition is effective, and
further considers the decomposition of x2n,jðkÞ and x2n+1,j
ðkÞ in the same way; on the contrary, it shows that the
neural network has been able to directly grasp the fluctu-
ation law of the sequence xn,j−1ðkÞ, and its prediction
accuracy is no longer sensitive to the decomposition. Fur-
ther decomposition can only make the prediction accuracy
fluctuate within a small range. Therefore, once the decom-
position cannot further improve the prediction accuracy,
the decomposition can be stopped, and this sequence can
be directly retained as one of the optimal decomposition
sequences of the wavelet packet. Therefore, by using this
top-down search algorithm to compare the magnitude of
MSE and MSE′, the optimal wavelet decomposition with
the highest prediction accuracy, that is, the smallest
MSE, can be gradually obtained [26, 27].

Initialize weights
and thresholds

Input vector and
desired output

Calculate neural
network error

Error meets the
requirements ?

Weight
correction

Output
Y

N

Figure 1: Complete process structure.
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3. Financial Time Series Image
Algorithm Experiment

3.1. Neural Network Learning

Step 1. First, use the function prestd to normalize the input
data.

Step 2. Establish a network net =new ff (min max (input), [1,
7], tansig, purelin, traingdx); the learning algorithm used for
weight update is tradingdx.

Step 3. Determine the number of training of the network
which is 1000; the training target is 0001.

Step 4. Train the network net = train (net, input, output).

Step 5. Network training is completed when the number of
network training or training target reaches the preset value.

Use the trained neural network to simulate and predict the
data for a total of 18 days, num − = sim (net, input test);
yuce = poststd (num, meant_test, stdt_test); input test is the
preprocessed test set data network input; yuce is the final out-
put prediction result.

Neural networks are used for time series modeling, and
time needs to be embedded in the network structure. The com-
monly used method is time delay, which can be implemented
in the input layer of the network. The nonlinear system model
f : R″→ RP is used for prediction. When p is 1, it is a single-
step prediction. The normalized RBF network can be used as
this nonlinear systemmodel, and its parameters can be learned
through input samples with the ability to predict.

3.2. Establishment of RBF Model. The parameters related to
the prediction effect in the actual application of the RBF net-
work are the size of the training set, the number of input
nodes, the number of output nodes, the number of hidden
nodes, the center of the hidden layer, the weight w, the width
parameter, etc., among which the number and center of the
hidden layer have a greater impact on the performance of
the network; the following describes the selection of parame-
ters. The data is divided into a training sample set and a val-
idation sample set. The 138 days before the closing price of
the 50th Shanghai Stock Exchange and 198 hours before
the time-sharing closing price are used as the training sample
set, and the next 35 days and 50 hours are, respectively, used
as the validation sample set. The error of the training sample
is called the fitting error, and the error of the validation sam-
ple is called the prediction error. For the daily chart consider-
ing input nodes 5 and 3, the actual closing price training
samples should be 133 and 135 groups, respectively. For the
time-sharing chart considering input nodes 8 and 5, the
actual training samples are 190 and 193, respectively. At the
same time, the classical technical analysis wave theory of
stocks points out that a complete upcycle consists of 5 waves
and a downcycle consists of 3 waves. The 5-3 rule exists in
large numbers. Therefore, when the RBF model is estab-
lished, there are 5 daily charts. The RBF model with 8 input

points or 5 input points and one output point on the input
point and 3 input points and the hour chart examine its
performance.

Too many or too few hidden nodes will lead to the weak-
ening of the RBF generalization ability. Similarly, choosing
different hidden layer centers will also cause the same prob-
lem. This study will use the RBF optimization algorithm for
the number of hidden nodes and the selection of hidden layer
centers.

3.3. Modeling of Wavelet Transform Sequence. The basic
method of this research is to use the law that wavelet trans-
form depends on the scale change, and the different scale
domains of wavelet transform correspond to the scale decom-
position sequence and the wavelet transform sequence, and
the wavelet neural network containing different input neurons
and hidden neurons is used to perform, respectively. Forecast
and finally combine the results of the respective predictions
using wavelet reconstruction technology into the final predic-
tion results based on the original time series. Using the RBF
algorithm in the neural network and using SPSS Clementine
to model the wavelet transform sequence on 5 scales, each net-
work model has three layers, namely, an input layer, a hidden
layer, and an output layer, and each output layer has only one
output element. In order to compare the forecasting effects of
the models proposed in this article, we also use ordinary RBF
networks to model and predict the logarithmic rate of return
itself. The specific modeling steps are as follows:

(1) Setting input and output fields: each model has 10
input fields; that is, the lag 1 to 10 periods of each
wavelet transform sequence are taken as the input
fields of the model, and the current value of the wave-
let transform is used as the output field

(2) Use the maximumminimum specification method to
normalize the input variables

(3) Set the training set

(4) Set modeling parameters

(a) Modeling method: the method of modeling is rapid
modeling; in SPSS Climentine12, the method of rapid
modeling is BP algorithm

(b) Number of training: since the training samples in this
article are only 2030, the amount of data is limited,
but the prevention of overtraining of the amount of
data must be considered, so the setting of the preven-
tion of overtraining parameters is relatively high,
80%. That is, every time you model, 20% of the data
is not added to the neural network learning process

(5) Validate the model with the data of the CSI 300 Index
closing price return rate for a total of 18 trading days.
Combine the predicted value of each wavelet trans-
formation sequence with the predicted value of the
scale transformation sequence obtained using the
ARMA model, and construct the prediction of the
original sequence through wavelet reconstruction
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(6) Input the data of the verification set into the neural
network model of the return rate sequence to obtain
the predicted value using the ordinary RBF neural
network modeling. Evaluate the degree of fit and
compare it with the degree of fit of the unobtained
prediction in (5)

Since the logarithmic return rate of the daily closing price
of the Shanghai and Shenzhen 300 Index has great volatility,
we choose wavelets with orthogonal and symmetric charac-
teristics to eliminate redundancy and deviation; in order to
separate periodicity and trend, the decomposition layer is
now the number which is relatively high. Based on the above
considerations, this research selects sym4 wavelet for 5-layer
decomposition.

3.4. Wavelet Analysis Combined with Neural Network
Prediction. The learning process consists of forward propaga-
tion of information and back propagation of errors. In the
process of forward propagation, the input information is
processed from the input layer through the hidden layer
and then transmitted to the output layer. The state of neu-
rons in the first layer only affects the state of neurons in the
next layer. If the desired output result is not obtained in the
output layer, it will switch to back propagation and return
the error signal along the original connection channel. By
modifying the weights of neurons in each layer, the error
mean square is minimized. The three-layer network can real-
ize any nonlinear mapping between input and output.

The wavelet decomposition divides the frequency space
V occupied by the original sequence. Assuming that a wave-
let is used to decompose the original index sequence into
three scales, the principle of the wavelet-RBF neural network
prediction method is shown in Figure 2.

Among them, d1, d2, and d3 are the high-frequency
part (i.e., the detail part) of the sequence at each scale,
respectively, and a3 is the low-frequency part (i.e., the
approximate part) of the sequence. However, since the
Mallat decomposition algorithm of wavelet requires two
extractions, the length of the subsequence obtained from
each decomposition will be halved relative to the parent
sequence of the previous layer. Therefore, it is necessary
to reconstruct the subsequence to have the same length
as the original sequence for our forecast needs. In this
way, the wavelet-RBF neural network prediction method
can be divided into 4 steps:

(i) Perform wavelet decomposition on the original
index sequence

(ii) Using wavelet coefficients to reconstruct the decom-
posed subsequences to make them the same length
as the original sequence

(iii) Using the RBF neural network to model and predict
wavelet subsequences

(iv) Reconstruct the predicted value of each subsequence
to generate the final predicted value of the Shanghai
Stock Exchange Composite Index sequence.

4. Financial Time Series Image
Algorithm Analysis

4.1. Prediction of Each Subsequence Wavelet Decomposition.
The selected 18-day data and time-sharing data are normal-
ized after wavelet filtering is performed to remove the noise
data. Considering that the stock market pays more attention
to the trend transformation of the index, it is then input into
the RBF network for training and testing. After denormaliza-
tion, 40 predicted values of each subsequence are obtained.
The predicted value results are shown in Table 1 below. It
should be noted that the optimal value of spread of each sub-
sequence is obtained through repeated tests of the MATLAB
program based on the mean square error (MSE) and the
smoothness of the curve. The wavelet decomposition of the
predicted value of each subsequence is reconstructed to
obtain a total of 40 Shanghai Composite Index predicted by
the wavelet-RBF network model. The actual value and the
predicted value are shown in Figure 3.

4.2. RBF Network Model Analysis. Use sym4 wavelet to
decompose the original data signal (256 data at the daily clos-
ing price of the Shanghai Composite Index) into 3 scales, and
use wavelet coefficients to reconstruct a single branch to
obtain a low-frequency subsequence a and the same length
as the original sequence The wavelet decomposition results
of high-frequency subsequences d1, d2, d3 and signals are
shown in Figure 4. The number of input nodes and hidden
nodes is shown in Table 2. Generally speaking, using wavelet
network of the RBF algorithm to predict stock price, the
result is quite satisfactory. Through the above results, it is
found that the increase of embedding dimension does not
cause the decrease of network prediction error. No matter
how many times the network is iterated, from the error eval-
uation index, when the embedding dimension D = 2, the net-
work prediction result is the most ideal. It shows that when
using history to predict the future, it is not that the more his-
torical data, the more accurate the prediction of the future;
that is, the current stock price is only closely related to the
daily closing price of the last two days. It may also be a prob-
lem with the algorithm itself. When the embedding dimen-
sion is increased, it is prone to poor convergence
performance when the quantum wavelet analysis is training
high-dimensional problems, and the convergence to the best
point cannot be guaranteed. When the input sample is 3, the
mean square error is the lowest when the hidden layer is 6,
and the network generalization performance is the best when
the hidden layer nodes are 131, 92, 29, 13, 117, and 68, and
the mean square error is 0.2028. The mean square error in
the training phase is 0.0198, and the validity error is 0.2028.

According to the predicted values obtained by the three
models, the respective prediction accuracy MSEs are
calculated, and the results are shown in Table 3. It can be seen
that wavelet decomposition and wavelet packet decomposi-
tion have significantly improved the prediction accuracy of
the Shanghai Composite Index series. Therefore, the RBF
network model based on wavelet decomposition and the
RBF network model based on wavelet packet decomposition
are both suitable for short-term stock price time series. For
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prediction, especially for wavelet packet decomposition,
because the optimal decomposition subsequence set that
minimizes MSE is selected, the MSE of the original sequence
is also significantly reduced, and the prediction effect is very
good. In addition, since there are many points with large fluc-
tuations in the data we selected, comparing Table 2 can see
that the RBF network model is not very effective in predicting

these skyrocketing points. However, the wavelet-BF network
model and wavelet packet-RBF the network model still gives
a better fit to them. However, in the process of using RBF
algorithm and wavelet analysis to optimize wavelet parame-
ters for security forecasting, when reaching an almost equiv-
alent error target, wavelet analysis has an advantage in time.
Of course, the results obtained here are based on all the

Original
sequence

Wavelet
decomposition

Neural
networks

Neural
networks

Wavelet
reconstruction

Predictive
value

d1
d2 d3 d4 d5

Neural
networks

Neural
networks

Figure 2: Complete process structure.

Table 1: Predicted value results.

a3 (spread = 8) d3 (spread = 13) d2 (spread = 6) d1 (spread = 12)
Actual value Predictive value Actual value Predictive value Actual value Predictive value Actual value Predictive value

4998.9660 4980.2382 22.620 14.4011 -8.2090 -15.6493 18.7530 -3.0045

4,939.3525 4929.1337 9.327 3.2568 -25.6261 -10.1909 35.7956 36.3852

4887.0065 4860.9668 -3.915 -7.9799 -47.3708 -19.194 25.3911 61.6584

4877.4518 4819.6352 -11.913 -16.5212 5.0004 -1 1.636 -67.1442 -67.2613

4888.6199 4872.4904 -15.445 -17.0293 77.1446 66.4869 52.8915 41.7159
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Figure 3: Actual and predicted values.
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algorithms are iteratively run 1000 times. Perhaps, for wave-
let analysis, premature phenomena appear in the iterative
process, and the possibility of falling into local extremes is
relatively high.

4.3. Wavelet-RBF Network Analysis. Combining wavelet
analysis with the RBF network for financial data forecasting,
here, we take the Shanghai and Shenzhen 300 Index return
rate as an example for detailed calculation research and com-
bine the calculation results of the Shanghai and Shenzhen
300 Index return rate for research and discussion. Using
the db7 wavelet with a decomposition level of 6 layers, the
CSI 300 Index return data s from July 10 to November 23 is
decomposed and reconstructed into approximate part a6
and detailed parts d6, d5, d4, d3, d2, and d1. Use a quadratic
polynomial to fit and predict the approximate part a6, and
use the cosine wave approximation method to fit and predict
the detail parts d6, d4, and d3. For d5, we use the symmetric
method to predict according to its graphical characteristics.
d2 and d1 were fitted and predicted with the AR model,
respectively. We use the normalization formula to approxi-
mate the data s to part a6 and detail parts d6, d5, d4, d3,

d2, and d1 and their corresponding predicted values a. Take
d6, d5, d4, d3, d2, and d1 as the input vectors and SI as the
output vector, and use the RBF network for training. For this
reason, we take spread = 10. After the RBF network is
trained, enter the predicted value and get the predicted value
of S1. At this time, the predicted value of the original time
series s we need is obtained through the inverse operation
of the normalization formula. The results of wavelet analysis
combined with the RBF neural network to predict the return
value of the Shanghai and Shenzhen 300 Index are shown in
Table 4. The daily closing price of the CSI 300 Index is shown
in Figure 5.

The use of wavelet analysis and RBF neural network to
predict the average relative error of Shanghai and Shenzhen
and Shanghai Stock Exchange, respectively, is shown in
Table 5. The daily closing price of the CSI 300 Index is shown
in Figure 6. It can be found from Figure 6 that the logarithmic
return of the daily closing price of the Shanghai and Shenz-
hen 300 Index has obvious volatility and aggregation; the
kurtosis of the sample is K > 3, the peak of the distribution;
and the sample skewness S < 0; the distribution is left skewed;
therefore, the logarithmic rate of return has a sharp peak and
thick tail. The Jarque-Bera test of the sample sequence shows
that the associated probability P value is 0, and the assump-
tion of normal E distribution is rejected. Also, according to
the comparison chart of the sample and the standard normal
score, it can be seen that the logarithmic return of the Shang-
hai and Shenzhen 300 Index is not a normal distribution.
Similarly, in the construction of the RBP network model of
the SSE 50 Index time-sharing graph, the normalized data
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Figure 4: Wavelet decomposition result of signal.

Table 2: Number of input nodes and hidden nodes.

Parameter
First wavelet

neural network
Second wavelet
neural network

Third wavelet
neural network

Fourth wavelet
neural network

Fifth wavelet
neural network

Sixth wavelet
neural network

Input
node

9 9 8 4 7 8

Hidden
node

7 6 7 7 9 8

Table 3: Calculate the respective prediction accuracy MSE results.

Model MSE

RBF network 4675.43

Wavelet-RBF network 1062.17

Wavelet packet-RBP network 398.00
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is also used, and the data is divided into a training sample set
and a validation sample set as described above. Due to the
short data interval represented by the time-sharing for the
time-sharing graph, considering the input nodes 8 and 5,
the actual input samples are 190 and 193, respectively. The
network parameters are also genetically evolved according
to 500 generations of the genetic algorithm. When the input
sample is 5, the mean square error is the smallest when the
hidden layer is 6, and the network generalization perfor-
mance is the best when the hidden layer nodes are 116, 12,
4, 33, 179, and 165, and the mean square error is 1.6349,
where the training stage mean square error is 0.0209, and
the validity error is 1.6141. When the input sample is 8, the
mean square error is the smallest when the hidden layer is
4, and the network generalization performance is the best
when the hidden layer nodes are 146, 159, 11, and 150, and
the mean square error is 1.4161, where the mean square error
in the training phase is 0.0234, the validation error is 1.3926,
and the network performance is better than the network per-
formance of the sample 5 when the input sample is 8. From

the hourly forecast and simulation, an interesting problem
is also found; that is, the network performance tends to be
better when the number of hidden layer nodes is small.

For the convenience of research, we take the average rel-
ative error obtained by using wavelet analysis for prediction,

Table 4: Wavelet analysis combined with the RBF neural network to predict the return value of the Shanghai and Shenzhen 300 Index.

Date 11.24 11.27 11.28 11.29 11.3 12.1 12.4

Actual data 7150 7090 7000 6980 7065 7020 7000

Forecast data 7125.2 7183.3 7168.4 7157.5 7103.4 7078.7 7025

Date 12.5 12.6 12.7 12.8 12.11 12.12 12.13

Actual data 7150 6965 6840 6865 6930 6830 6705

Forecast data 7011.6 6985.2 6994.4 7018.3 7060.5 7061.9 7086.9
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Figure 5: Daily closing price of CSI 300 Index logarithmic return.

Table 5: Using wavelet analysis combined with the RBF neural
network to predict the average relative error of Shanghai and
Shenzhen and Shanghai Stock Exchange, respectively.

Data
Shanghai and Shenzhen

Index
Shanghai Composite

Index

Average relative
error

1.85% 3.71%
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Figure 6: Daily closing price of Shanghai and Shenzhen 300 Index.
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the average relative error obtained by directly using RBF neu-
ral network for prediction, and the average relative error
obtained by using wavelet analysis combined with RBF neu-
ral network for prediction, as shown in Table 6. The average
relative error analysis result obtained by combining wavelet
analysis and RBF neural network for prediction is shown in
Figure 7. It can be found from Table 6 that the average rela-
tive error of prediction using wavelet analysis is much smaller
than that of directly using neural network. This is because the
wavelet analysis method is used to predict, it can extract the
main trend part and detail part of the data, so the average rel-
ative error of the fitting prediction will not be very large.
Using neural networks for prediction, of course, as men-
tioned earlier, it has many advantages, but in general, this
method is not particularly mature. For example, here is the
use of RBF neural network for prediction, and spread is a
key role in the prediction results. When spread takes different
values, different predicted values will be obtained. Therefore,
it is necessary to train the network through a large number of
experiments and past experience to select a more appropriate
spread value. Training the network in different groups on the
data can also affect the predicted value of the neural network.
It can be seen that there are various factors that can have a
direct impact on the predicted value of the neural network.
Therefore, the average relative error of directly using the neu-
ral network to predict is slightly larger than that of using the
wavelet analysis method to predict. When the average rela-
tive error of the prediction by the neural network and the
average relative error of the prediction with the wavelet anal-
ysis method are both within a reasonable range, the predic-
tion of the neural network can be directly used for

calculation by MATLAB programming, and the program is
simple and easy to understand. For the prediction with wave-
let analysis method, it is necessary to decompose layer by
layer and calculate layer by layer; the calculation is more
complicated. In this case, the neural network can be given
priority for prediction. At the same time, it can be seen that
the prediction results obtained by the wavelet prediction
method combined with the RBF network prediction method
are better than those obtained by pure wavelet prediction or
pure RBF network prediction.

Table 7 shows the comparison results of RBF, WNN, and
WWNN network prediction evaluation indicators. RBF,
WNN, and WWNN network predictive analysis results are
shown in Figure 8. Based on Figure 8 and Table 7, the predic-
tion accuracy of the wavelet neural network is better than
that of the traditional RBF network. The wavelet neural net-
work based on wavelet decomposition and reconstruction
has better results than the prediction of pure wavelet neural
network. The sum of squares of network prediction, the eval-
uation indicators of error, average absolute error, mean
square error, average absolute percentage error, and square
percentage error are better than those of the RBF neural

Table 6: The average relative error obtained by using wavelet analysis combined with the RBF neural network to predict.

Data Shanghai and Shenzhen Index Shanghai Composite Index

Wavelet prediction average relative error 1.91% 3.77%

RBF neural network predicts relative error 7.12% 8.67%

Wavelet-RBF neural network prediction relative error 1.85% 3.71%
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Figure 7: The average relative error analysis result of wavelet analysis combined with the RBF neural network for prediction.

Table 7: Comparison results of RBF, WNN, and WWNN network
prediction and evaluation indicators.

Model
Evaluation index

MAE MSE MAPE MSPE

BP 1.6956 0.7702 26. 0566 8.9771

WNN 1.1130 0.4823 11.2030 7.5455

WWNN 0.0938 0.0420 0.1735 0.0944
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network and pure wavelet neural network. It can be seen that
the WWNN network has good approximation and generali-
zation ability, although the two kinds of wavelet networks are
inferior to the BP neural network in predictive power in some
cases. But starting from the time dimension, the training time
of the wavelet network model, especially the WNN model, is
1/2 of the BP neural network model, indicating that the wave-
let transform and neural network and the wavelet network
formed by the combination of networks still have a good
development prospect in time series forecasting. The WNN
model is based on multiscale wavelet basis functions. It has
more adjustable scale parameters and translation parameters
and has stronger learning ability. However, based on the
comparison of the effects of the WNN model and the
WNN model in the time series prediction, the WNN model
performs better, because the homogeneous (single variable)
model is mainly used to predict the future exchange rate
through historical exchange rates, without taking into
account other key factors such as national interest rate, infla-
tion rate, original price, and gold price, which have an impact
on the exchange rate. Therefore, the performance of the
WNNmodel in time series forecasting cannot be determined.
It is not as powerful as theWNNmodel, and multifactor con-
sideration and analysis are needed in the later stage.

5. Conclusion

This research mainly discusses the financial time series image
algorithm based on wavelet analysis and neural network. The
parameters related to the prediction effect in the actual appli-
cation of the RBF network are the size of the training set, the
number of input nodes, the number of output nodes, the
number of hidden nodes, the center of the hidden layer, the
weight w, the width parameter, etc., among which the num-
ber and center of the hidden layer have a greater impact on
the performance of the network. Neural networks are used
for time series modeling, and time needs to be embedded in
the network structure. The commonly used method is time
delay, which can be implemented in the input layer of the
network.

The basic method of this research is to use the law
that wavelet transform depends on the scale change, and
the different scale domains of wavelet transform corre-
spond to the scale decomposition sequence and the wave-
let transform sequence, and the wavelet neural network
containing different input neurons and hidden neurons is
used to perform, respectively. Forecast and finally combine
the results of the respective predictions using wavelet
reconstruction technology into the final prediction results
based on the original time series. Using the RBF algorithm
in the neural network and using SPSS Clementine to
model wavelet transform sequences on 5 scales, each net-
work model has three layers, namely, an input layer, a
hidden layer, and an output layer, and each output layer
has only one output element. In order to compare the
forecasting effects of the models proposed in this article,
we also use ordinary RBF networks to model and predict
the logarithmic rate of return itself.

The wavelet-RBF neural network prediction method
can be divided into four steps: wavelet decomposition of
the original exponential sequence; use of wavelet coeffi-
cients to reconstruct the decomposed subsequences to
make them the same length as the original sequence; use
RBF neural network to separate the wavelet subsequences
carry out modeling and prediction; and reconstruct the
predicted value of each subsequence to generate the final
predicted value of the Shanghai Composite Index
sequence. The learning process consists of forward propa-
gation of information and back propagation of errors. In
the process of forward propagation, the input information
is processed from the input layer through the hidden layer
and then transmitted to the output layer. The state of neu-
rons in the first layer only affects the state of neurons in
the next layer. If the desired output result is not obtained
in the output layer, it will switch to back propagation and
return the error signal along the original connection chan-
nel. By modifying the weights of neurons in each layer, the
error mean square is minimized. The three-layer network
can realize any nonlinear mapping between input and
output.
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Figure 8: RBF, WNN, and WWNN network prediction analysis results.
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