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Abstract

Time series are always preoccupied with maintaining their stability to make precise forecasts about the
future. So, a plethora of statistical models are emerged, by some focusing on mean stability and others on
variance stability. Neural networks formation that resemble the structure of the nervous system in humans
subsequently followed this. Now, in order to break down the time series into its constituent parts, our hybrid
model will integrate the time series’ structure. the neural network performs the sub-network prediction
procedure after receiving the divided sub-series. These predictions are then concatenated to provide the
original network prediction. Time series data display a wide range of patterns. It is frequently helpful to
dissect a time series into its trend, seasonality, cyclic variation, and irregular components in order to identify
underlying patterns. The time series model is in charge of classifying the data series into four patterns such
as: seasonality, trend, dispersion, and the remainder which are expressed in the model by S, T, D, and R
respectively. By this work, we will introduce a hybrid model called STDR-MNN that combines a time series
with a neural network. The four segmented series are sent to the MNN neural network, which uses them
to forecast each segmented series individually. Finally, we will use the MATLAB2022A program to test a
realistic application on the generated hybrid model in order to gauge its effectiveness with Real data.

Keywords: Modular neural network; Remainder; Seasonality; Trend; Dispersion;
STRD-decomposition; STRD-MNN hybrid model.
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1. Introduction

Common techniques for deriving components from a time series are frequently employed to enhance
comprehension of time series, but they may also be applied to raise prediction accuracy in the future. When
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a time series is broken down into its constituent parts, we are left with three parts: the trend cycle component,
the seasonal component, and the residual component, which is made up of the other parts of the time series.

Regarding the trend component, where a trend is any long-term rise or decrease in the data; a trend need
not follow a linear pattern. When a trend changes from a rising to a declining trend and then back to the
seasonal component, it is sometimes referred to as a "change." When a time series is impacted by seasonal
variables like the day of the week or the season, this is known as a seasonal pattern. Where Seasonality is
always fixed and has a set periodicity.

Inspired by meteorology and astronomy, nineteenth-century economics proposed breaking down time se-
ries into unobservable components [1]. During that period, a great deal of study was conducted to identify
the "cycles" that allowed economic crises to be predicted and explained. Poynting suggested using price
averaging in 1884 as a means of removing seasonal and trend changes |2|. Later, other researchers developed
this strategy, such as Copeland, who made the first attempt to extract the seasonal component [3], Persons,
who identified the trend, cycle, seasonal, and irregular components of a time series, and suggested an algo-
rithm for estimating them (the kin-joining method) [4], the enumeration technique II was created based on
the Macauley method, and several of its versions, including X-11, X-11-ARIMA, X-12, X-12-ARIMA, X13,
X-13ARIMA-SEATS, and TRAMO-SEATS, are still in widespread use today. An extensive analysis of these
techniques [5], Next, Grzegorz introduced the Seasonal-Trend-Dispersion Decomposition model in 2015, cre-
ating a hybrid of additive and double decomposition by including dispersion in the double decomposition
[6].

One kind of neural network that may be separated into several independent modules or subsystems
operating on the input space is a modular neural network. These modules each focus on a distinct region of
the input space, and by combining their unique answers, they are able to handle challenging computational
problems. Additionally, modules that have acquired a function can be applied in other parts of the network
[7], and each function is divided into smaller procedures that may be carried out independently in different
modules without interfering with one another [8], followed by several later research, including the 2021 study
by Wei et al. In order to create a transparent neural network architecture, the MNN-CH is a novel modular
neural network that is built utilizing a hierarchy of investigated classes and certain patterns enforced in
the associated modules [9], a modular input structured neural network architecture for large-scale neural
network realization was presented by Elamparithy et al. in 2022 [10], Younes and Charles 2023 proposed
a semi-supervised approach based on modular learning to classify dorsal septal instability [11], The neural
network (NN) technique was introduced by Hongjun and others in the same year as an alternative to the
computationally demanding Model Predictive Control (MPC) in modular transformer control. Dimensional
[12].

2. STRD-Decomposition

The decomposition equation for time series is given in the form [5]:

e =T+ S+ Ry (1)
Tt :StXTtXRt (2)

Where z; is data series, T; trend, S; seasonal, and R; remainder Assume that {:vt}ii | is a seasonal time
series for a time period with n observations. Assuming that % = K that means the series’ length are longer
than the seasonal time by twice as much. As a succession of progressively occurring seasonal sequences, the
time series can be expressed as:

{{xi,j}?zl}; = {{$17j}?:1 Aragti o {xk,j}?:1} (3)

So that j,4, and t = j + (i — 1) n are the index of time within the identified seasonal pattern, the running
number of the seasonal cycle, and the global time index, respectively.
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Therefore, the decomposition equation for seasonality, trend, and dispersion which is known by the
abbreviation STD was proposed by Dudek where D; represents the value of the dispersion component as
follows [6]:

xt:St ><Dt+Tt (4)

In the same study, he also proposed a development of this equation by adding the remainders, which he
defined by the abbreviation STDR, which are given by the equation:
2 =5 x Dy + Ty + Ry (5)

Where S; represent the average of S;.

The values of the four components of the decomposition can be calculated as follows: The average amount
of the seasonal sequence i-th is found according to Eq.(6), while the specific measure of diversity is defined
according to Eq.(7):

1 n
zi= Zlgcm (6)
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T; = (w55 — ) (7)
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J

And seasonal component which is known as using an average seasonal pattern S; as follows:

k
> S (8)
j=1
Thus, we obtain the four components of the decomposed series with the following equations:

Ti = {{jiv"wji}}?:l (9)
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Se={{S;---. it} (11)
n-times

Rt:(IZt—thDt—ﬂ (12)

3. Modular neural networks [13, 14]

A Modular neural network is usually represented by (MNN) is an artificial neural network that is made
up of many separate neural networks that are overseen by different middlemen. As discrete building pieces,
each autonomous neural network functions as a module, completing a specific subtask of the overall task
the network is intended to complete with the help of distinct inputs. As a result, modules that are already
proficient in one task may be applied to other tasks inside the network. Sub-operations within an individual
function can be carried out independently in different modules without interfering with one another. It has
been noted that the majority of well-known artificial neural networks lack any forced conventional structure.
There is an issue with convergence with these networks. Mathematically, a modular neural network is a
collection of linked units denoted by a set of seven-tuples.

N ={I,C,r,P,0,d} (13)
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Where I represents the number of inputs, C' represents the number of classes divided by the number of units
in the input unit, while r is the representation of the median, P is the permutation function, O represents
the output layers of the model, and finally d represents the decision unit of the model. The MNN is divided
into three subsections. This would form the basis for MNN models:

1.

Problem division: The first main task is to divide the problem into parts. We mentioned that problem
complexity is a major problem in using ANN and thus modules are required to solve this complexity
problem. The first method commonly used in these systems is to delegate different modules to different
types of inputs. Using this approach each ANN or module has a reasonably small complexity that it
deals with. The other mechanism is to have all the different modules solve the same problem. In this
mechanism there is of course no division of the problem.

Modules: Each of the modules in this approach is an independent ANN. This ANN has its own training
procedures and training is performed independently of all other procedures and modules.

Integration: The last function that an integrator must perform is integration. In this mechanism the
responses of different units are considered. It is on the basis of the outputs that the different modules
create the decision regarding the final system output.

The training algorithm for MNN consists of two stages:

e The first stage: training the input layers, which includes choosing the training set from the original

training set for each i = 1,2,...,C — 1, and training all sub-models on the test set using the BPA
backpropagation algorithm.

e The second stage: training the decision network, which includes calculating the r value for each of

the first layers of the input vector k, building the training set from the decision network, and finally
training the decision network on the decision network training set using BPA. Where the value of r and
the value of the decision network training set 7'Sy can be calculated by Eqs.(14) and (15), respectively.

r’“:@(y’f,ylf,---,y’f) (14)
TSy ={(*d) k=1,2,... ¢} (15)

4. STRD-MNN hybrid model

STRD-MNN is a hybrid approach that enhances prediction performance by fusing the MNN neural
network with the STRD model. Below are the steps for making this algorithm in detail:

1.
2.

3.

Entering a data series.

Utilizing STRD, divide the original series into four substrings after setting the analysis period, they
are seasonality, trend, remainders, and dispersion.

Each of the four series’ subseries’ data is split into a training set and a test set, and the prediction
step is established before to the start of training. The MNN neural network is trained with the same
parameters on the four subseries that were collected in step 2.

Compute the absolute error (MAE) and root mean square error (RMSE) by adding the subseries
prediction results to the original data prediction results using Eq.(5).

1 & .
MAFE = % '_E - |€t - €t| (16)
1 & ~
RMSE = | — E‘l (e — &) (17)

Where €; represents the predicted value, e; is the real value at that moment ¢, and m the quantity of
data included in the test set.
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5. Modify the settings to determine the best MNN time step and decomposition frequency so that the
indexes can.
6. It is possible to forecast the original series using the model that has the best indices on the test set.

The suggested hybrid model’s algorithm diagram is shown below.

start
J’ :

/ Enter the data series /

v

Add an STRD decomposition
model

I Seasonal series I I Trend series I I Dispersion series I I Remainder series I
Relative error Testing set Training set

I Set the tme step Iﬁl The first step to predict MINN I

I Choose the best model I

Prediction of the original time > / End
series .

Figure 1: Diagram of the proposed hybrid model

5. Data analysis

5.1. Description of data

The data used in this analysis represented the monthly number (thousands) of foreign visitors in the
United Kingdom for the period from January 1986 to February 2020, with 410 views obtained from the
website https://www.kaggle.com/datasets, divided into two groups. The first group included the first
398 views, which were adopted in constructing the data. And time series analysis, while the second group
included the last 12 observations of the data series, which were left to examine the predictive performance
of the proposed hybrid model.

5.2. Analysis
First, we will draw the time series before performing any step in the analysis, as Figure.2 represents a
drawing of the logarithm data series.

oo “Time Series Piot Of monthly Number (in Thousands) of overseas visitors in UK 1-1-1986 to 31-12-2018

Pounds (in Millons) spent by overseas vistors in UK
T

Figure 2: Drawing of the data series
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Then we plot the functions ACF and PACF for 20 lags.

Sample Autocorrelation Function
I I
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Sample Autocorrelation
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Partial Autocorrelation Functions Of data

Sample Partial Autocorrelation
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Figure 3: ACF and PACF for 20 lags

Second, We divide the time series into its four parts, which are )Seasonality, Trend, Dispersion, and the
Remainder). Figure 4 represents the parts of the time series

tesidata
—— Trend-em
Seasonaktemn |

| | 1
1
0 50 100 150 200 250 00 350 400]

Figure 4: The Parts of the time series

It is noted from Figure 4 that the trend and dispersion components follow two almost straight lines
aligned with the data series, while the seasonality components and the rest follow two zigzag lines far from
the data series.

Third, each of the four components is divided into two groups, a test group and an evaluation group, to
prepare the work of the Modular neural network (MNN), so that the MNN runs multiple times to analyze
each component With 100 hidden layers. Where Table 1 represents the values of the training set
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Table 1: Training set values.

Unit Initial value Stopped value Target value
Epoch 0 9 1000
Elapsed Time - 00:00:02 -
Performance 9.59 3.09e-07 0
Gradient 26.2 7.31e-05 1e-07
Mu 0.001 le-10 le+10
Validation Checks 0 6 6

Table 2: The training algorithm.

Data Division Random
Training Levenberg-Marquardt
Performance = Mean Squared Error
calculations MEX

Where Figure 5 represents the drawing of the test set and the training and validation set, Figure.6 the
drawing of the regression values, the Mu values, and the validation test values, and Figure.7 the regression
drawing of the test set and the training and validation set.

Mean Squared Error (mse)

sssssss

Figure 5: Represents the drawing of the test set and the training and validation set

aaaaa

Figure 6: The regression values, the Mu values, and the validation test values
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Figure 7: The regression drawing of the test set and the training and validation set

Fourth, after the neural network of the four components has completed its work in obtaining output
values, the output series is drawn for the original series and the original series in addition to the sub-series.
Figure.8 represents the output series for the original series and the original series in addition to the sub-

sequences.

v
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Figure 8: The output series for the original series and the

original series in addition to the sub-sequences

Long-Deseprition
— Long-temmFNN
— : SeasonalFNN
———— RemainderFNN

Figure 9: The outputs of the four subnetworks



Nihad S. Khalaf Aljboori, Adv. Theory Nonlinear Anal. Appl. 7 (2023), 89-98. o7

Fifthly, the decomposition Eq.(5) is used to collect the outputs of the neural network to obtain a
prediction of the values of the original time series. Figure 10 represents the predictions of the STRD-MNN
hybrid model for the last 12 observations of the data series that were set as an evaluation set for the model
prediction.

real Data
data Predicted

65

2 4 6 8 10 12

Figure 10: The predictions of the STRD-MNN hybrid model for the last 12 observations of the data series

Table 3 represents the values of the last 12 observations in tens of thousands of the time series values, in
addition to the hybrid model prediction values, as well as the MAE and RMSE values.

Table 3: The last 12 observations of the time series values, Predictions of STRD-MNN hybrid model, as well
as the MAE and RMSE values.

Real Data Predictions of STRD-MNN hybrid model Predictions of STRD

1646 1636 1786
1318 1352 4027
1840 1863 3396
1824 1807 1129
2347 2297 031
2725 2706 1206
3090 3107 5034
3510 3549 11219
2593 2611 4515
2645 2617 730
2201 2186 1141
2708 2694 1443
MAE 23.666 2045.9166
RMSE 26.2726 2688.0879

6. Conclusions

The proposed STRD-MNN hybrid model proved highly efficient in terms of prediction accuracy, especially
in this type of time series that have a large sample size and high fluctuations as a result of their significant
interaction in terms of seasonality. The error rate for MAE and RMSE was very small compared with the
original STL model before merging, the amount of error was very high when compared to the hybrid model,
which confirms that the connection A time series analyzed into parts with a neural network gives results
with high accuracy and efficiency.
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