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Abstract - This paper proposes a new methodological approach for extracting typical data profiles from time series of power
transformer maintenance databases with the aim of preventing future faults. The proposed approach operates in two stages.
First, the model formalizes the date variable as a time series and then analyzes the data to identify interdependencies between
them. Rio Tinto Alcan's dissolved gas data from transformer TO001 show that H2, CH4, C2H4, C2H6, CO, CO2, and N2 are
dependent, while C2H2 and O2 are independent. In the second step, to capture short- and long-term trends, seasonalities, and
dependencies in the data on the one hand and to extract non-linear trends and seasonalities for variable forecasting on the other,
an ARIMA (Autoregressive Integrated Moving Average) + GES (Generalized Exponential Smoothing) model in combination is
applied to the data series. The hybrid ARIMA (2, 1, 1) + GES (0.1, 0.1, 1) model, with a weighting of 0.5, produced errors of
0.27 and 4.5%, respectively, in terms of Mean Absolute Scaled Error (MASE) and Mean Symmetric Absolute Percentage Error
(SMAPE). The ARIMA model taken individually gave MASE equals 0.55 and SMAPE equals 8.9%. Similarly, the proposed model
is better than the naive model because the MASE is less than 1 (0.27%). The data series was subjected to other forecasting
models, and it was found that the model proposed in this article is more accurate given the error results obtained since the
smaller the error, the more accurate the forecasting model.

Keywords - Smoothing, Autoregression, Seasonality, Trend, Forecasting.

1. Introduction network was used to predict faults present in the transformer

In the electrical energy production chain, the transformer by generating decision rules. In 2023, lightning failure data
is one of the most important components, and its failure would ~ Was used to Predict transformer failures in the works [4]. A
have a major impact on the country's economy and its  Single-class hybrid Vector Deep Data Description (SVDD)
consumers. On September 20, 2022, the Logbaba transformer ~ that uses the Synthetic Minority Oversampling (SMOTE)
station in Douala, Cameroon, caught fire, depriving the Technique to manage data misbalance between the minority
industrial zone of electricity. In December 2013, a similar ~ and majority class tags is used. The Maximum Relevance
disaster occurred in New Jersey, USA, where around 12,000  Minimum Redundancy (MRMR) is used as a feature selection
people lost their source of electrical power due to a faultinthe ~ technique to improve model accuracy. This model was
transformer [1]. Likewise incident took place in Stamford, in ~ compared to five benchmark models. to prevent and classify
the USA, in which a transformer caught fire, depriving over power transformer failures, the work [5] used different failure
1000 people of light for days. In view of the above, it becomes classification techniques based on dissolved gas analysis data,
imperative to adopt new attitudes to prevent future failures of ~ mainly logistic regression, multiclass jungle, multiclass
power transformers. The ana|y5is of data from power decision tree, and artificial neural network. The application
transformers is today the subject of much research. Thus, to ~ can diagnose power electrical transformer failures based on
detect and predict transformer faults, the work [3] designed a  the parts per million of the various gases generated in the oil.
hybrid system to control maintenance. the system uses a ~ Work [6] has developed a criterion for the dimensioning
genetic algorithm and a neural network. The genetic algorittm  transformers in railway systems based on the moving average
was used to cluster gas entry concentrations, and the neural of apparent power.
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The results obtained with this method were compared
with reference designs obtained using standard thermal
criteria. This comparison reveals that moving-average
methods facilitate the evaluation of designs with an
uncertainty of accuracy. Peimankar et al. (2018) developed
three approaches to the multi-objective ensemble for
predicting dissolved gas contents in electrical power
transformers: ~ MOPSO-based  ensemble  time-series
forecasting, NSGA-I1-based ensemble time-series forecasting,
and SPEA-I1-based ensemble time-series forecasting.

In addition, these methods were compared to four
different techniques, namely Autoregressive Integrated
Moving Average (ARIMA), Simple Exponential Smoothing
(SES), Persistence Model (PER) and Weighted Ensemble
Method (WENS), which assigns a normalized weight to the
ensemble data. It is important to note that the model proposed
in this study also has certain limitations. For example, the
main application of machine learning techniques to time series
forecasting tasks is to select the most appropriate lags in the
time series as inputs for the forecasting models [7].

In 2011, the Artificial Neural Network (ANN) classifier
and exponentially weighted moving averages were used in an
asset management framework for a power company's power
transformers. After training the ANN, control limits were
established using the EWMA (Exponentially Weighted
Moving Average graph) method. This graph was generated
from the error data of the validation set, giving a weight of 0.9
and multiples of 3 of the standard deviation.

However, given the complexity of the practical
implementation of the proposed model, a simple approach to
maintenance scheduling using asset prioritization diagrams is
also proposed as an alternative to support decision-making [8].
In 2016, as part of the analysis of water consumption based on
meter data, a regression based on a series of kilns and moving
averages was used to extract typical consumption profiles [9].
In 2022, to detect anomalies in vehicle charging stations, data-
driven thermal modeling was based on the combination of an
absolute error measure and an exponential moving average
filter.

This enabled anomalies to be detected more reliably than
more advanced measures such as the Mahalanobis distance;
other types of filters, such as the simple moving average, work
very similarly to the exponential moving average, provided
their parameters are set appropriately [10]. This method has
proved accurate and reliable on simulation data but requires
further work to verify its capabilities in a more realistic
scenario. To monitor and prevent the lifetime of power
transformers, work [11] has adopted the weighted moving
average. Indeed, the Weighted Moving Average, whose trend
is taken over the year, is not affected by short-term
fluctuations, unlike the exponential Weighted Moving
Average, and it is easier to use the MMP model than
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regression models in the programming phase. In 2019 to
assess failure rates from transformer data, Moving Averages
are used to present trends in failure rates for different
transformer types and sizes. This work provides a context for
the application of dynamic failure data to Reliability Centered
Maintenance (RCM) principles and beyond. It shows that
equipment age and maintenance affect component failure
despite the non-exhaustive database [12]. The above review
shows that time series analysis is widely used for fault
prediction. Thus, power transformer failure prediction is the
subject of much attention in the scientific community today.

This paper proposes a new hybrid weighted regression
approach based on the exponential smoothing technique and
the ARIMA regression model. This approach begins with
formatting maintenance time data into chronological data
using one-hot encoding. The ARIMA model combines
autoregressive  (AR-  Autoregressive), integrated  (I-
Integrated), and moving average (MA- Moving Average)
processes [13, 14]. Exponential smoothing here, which is of
three orders: Simple, Double, and Generalized [15], takes
account of trends and seasonal patterns in the data by using a
smoothing constant that weights the most recent observations
against the older ones. As for the ARIMA regression model, it
also takes into account seasonal differences, trends, and the
effects of recent data history to provide more accurate and
comprehensive forecasts.

By combining the ARIMA model of a certain rank with
the generalized exponential smoothing model and with a
weighting of order less than unity, it is possible to minimize
information loss while providing accurate trends and forecasts
for the data. Dissolved gas data from Rio Tinto Alcan's TO001
transformer were used as an application. Following a review
of exponential smoothing and ARIMA fitting techniques in
Section 2, the proposed regression approach is presented in
Section 3. Finally, the results of our method applied to a
dissolved gas database are compared with other methods
presented in Section 4, followed by a discussion.

2. Materials and Methods

The methods and materials presented here are those used
in the proposed approach. These are mainly moving-average-
based adjustment techniques. Here, we present some of the
techniques commonly used in adjustment and forecasting
models.

2.1. Moving Averages

This tool is an indicator reflecting the average valuation
of a stock over a given period. Moving averages are very
simple in principle, do not a priori require the use of
sophisticated concepts or models, and are particularly flexible
in application. By definition, a moving average is equal to the
weighted sum of values of X corresponding to dates
surrounding t. A moving average of order m;+my+1 is written
as:
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m; =0, my, >0, 6;eR

And 6 the vector of dimension (m; + m; + 1, 1) whose
coordinates are the coefficients of the moving average:
0_m,
9—m1+1

g =
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The different types of moving averages and their
properties have been extensively detailed in works [16, 17,
18]. Here, we present some of them and their composites,
which we consider relevant.

2.2. The ARIMA Model

The ARIMA class of models was introduced to
reconstruct the behavior of processes subject to random
shocks over time. They combine three types of temporal
processes: autoregressive (AR-AutoRegressive), integrated (I-
Integrated), and moving average (MA-Moving Average).

The contribution of each is specified by the notation
ARIMA(p,d,q), where p is the order of the AR(p)
autoregressive process, d is the degree of integration of an I(d)
process, and q is the order of the MA(q) moving average [14].
As a result, several research studies have used these models to
identify a suitable autoregressive integrated moving average
model and a suitable state-space model for a time series such
as [19], with results showing that these models consistently
provide more accurate forecasts than other approaches and
that the improvements in accuracy are significant.

2.2.1. Autoregressive Processes (AR)

For an autoregressive process, each value in the series is
a linear combination of the previous values in the series. An
autoregressive process in which the value of the series at time
t, Xi, depends on the p previous values within a random
perturbation ¢ is said to be of order p and denoted AR(p). The
process is thus written:

Xe= p+e+ X BiXia (2)

B is the Autoregression coefficient and expresses the
strength of the linear link between two successive values. An
autoregressive process can be said to have a "memory" in the
sense that each value is correlated with the set of values
preceding it.
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2.2.2. Integrated Processes (1)

The mean of the ARIMA model series is constant over
time, as is the variance (stationary). To eliminate any
tendency, it is important to differentiate, i.e. to replace the
original series with the series of adjacent differences. A time
series that needs to be differentiated to achieve stationarity is
considered to be an integrated version of a stationary series
(hence the term Integrated). An integrated 1(1) process of
order 1 is written as : ARIMA(0,1,0) :

Xe=pu+Xeqte (3)

The second-order models work on difference differences
and no longer on raw differences. The second difference of X
at time t is defined by:
Xe = Xe-1) — Keoy = Xep) > X —2X, 1 +
Xi—2 (4)
ARIMA (0,2,0) will obey the following predictive equation:
Xe—=2Xe 1+ X o=ute (5)

Where the random disturbance &t is white noise, and [ is
the model constant, and represents the mean difference in X.
If wis 0, the series is stationary.

2.2.3. Moving Average (MA)

Moving average models suggest that the series fluctuates
around a mean value. We then consider that the best estimate
is represented by the weighted average of a certain number of
previous values (which is the principle of moving average
procedures used for data smoothing).In effect, this amounts to
considering that the estimate is equal to the true average, to
which we add a weighted sum of the errors that have marred
the previous values:

Xe=u+016_1+0,6_,+
Os&i_3 ... +&; (6)

Typically, each observation is characterized by a random
error component (g) and a linear combination of past random
errors. 61, 6, and 6 are the moving average coefficients of the
model [20, 21].

2.3. Exponential Smoothing

Introduced by Holt in 1958 and Winters in 1960 and
popularized by Brown's book (1963), smoothing methods
constitute the set of empirical forecasting techniques which
give more or less importance to the past values of a time series.
As in the moving-average method, each piece of data is
successively smoothed, starting from the initial value.
Exponential smoothing gives past observations a weight that
decreases exponentially with their age. There are many
different smoothing techniques, some of which are described
below.

2.3.1. Simple Exponential Smoothing (SES)
This method is used to forecast a time series when there
is no trend or seasonal pattern, but the mean of the time series
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X: evolves slowly over time. The weighting is exponential so
that more recent observations are given greater weight than
older ones. This method is mainly applied to short-term
forecasts, i.e. generally for periods not exceeding one month
[22, 20].

Vi=aX;+ (1 - )Y 7
The parameter o is a smoothing factor between 0 and 1.

In other words, Y; can be seen as a weighted average between
the current value X:and the previous smoothed value Y;.1.

2.3.2. Double Exponential Smoothing (DES)

Simple exponential smoothing does not give good results
when the raw data show a trend or trends. The smoothed
values are systematically underestimated or overestimated,
depending on the direction of the trend. The purpose of double
exponential smoothing methods is to smooth the level of the
data (i.e. eliminate random variations) and to smooth the trend,
i.e. eliminate the effect of the trend on the smoothed values.
There are two methods of double exponential smoothing:
Holt's method extended by Winters and Brown's method [22].

Vi=aX,+ (1 —a)(Yeq +Teq) 3

T, =p, =Y )+ (1 =BTy €)
The data begins at time t = 0; again, X: is the raw data
series. At least Xo and X; are available. The term Y is the series
of smoothed values, and Tt is the trend estimated. The choice
of the initial value X, is a matter of practice; we can take as a
starting point an average of a number of previous past values.
Starting from period t, a forecast for period t + m is given by:
Predyrm = Yo +mTe (10)
The level (Y,) is predicted by the value of the levelled data
at the end of each period. The trend (Ty) is predicted by the
average levelized increase at the end of the period
(Dhamodharavadhani and Rathipriya, 2019).

2.3.3. Generalized Exponential Smoothing (GES)
Generalized exponential smoothing is an even more
flexible method that takes into account both trends and
seasons in the time series. It uses several parameters that can
be adjusted to suit the specific characteristics of the time
series, such as trend, seasonality, level changes and error
effects. The generalized exponential smoothing equation and
the trend at time t can be estimated as follows:
Vi1 = a’Yty +(A-a)(Y; +Tp) (11)
Te =B, —Y)+ (1= B)Ti (12)
Where:
a and f3 are the smoothing constants € 0, 1]
y is the shape parameter (y > 0)
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2.4. Model Evaluation

To optimize the forecast, whether it is a moving average,
exponential smoothing, or another form of forecasting, it is
imperative to calculate and evaluate MAE, MASE, MSE,
RMSE, and SMAPE [23] for a time series with n observations.
Let us denote by y; the historical observation at the given time
and by y, the forecast.

The Symmetrical Mean Absolute Percentage Error
(SMAPE) is an alternative to the Mean Absolute Percentage
Error (MAPE) when there are zero or near-zero values in the
actual observations. SMAPE is self-limiting, reducing the
influence of zero or near-zero observations. SMAPE is the
forecast minus the actuals divided by the sum of the forecast
and actuals as expressed in this formula:

2 i~
SMAPE =237, il
n lyil+|ypl

(13)
Mean Absolute Error (MAE) Corresponds to the mean
absolute difference between the model-adjusted values
(forecast in the model one step ahead) and the observed
historical data. It measures the mean of the residuals in the data
set.
1
MAE = ~31|yi — ¥y (14)
Mean Absolute Scaled Error (MASE) is the error
measure used for model accuracy. It is the MASE divided by
the MASE of the naive model.

The naive model predicts the value at a time point t as
the previous historical value. Scaling according to this error
means you can assess the quality of the model compared to
the naive model. If the (MASE) is greater than 1, the model
is worse than the naive model. The lower the MASE, the
more qualitative the model is compared to the naive model.

_1 [yi=ypl
MASE = S X1 e

(15)
Where MAE” can be defined as naive forecasts for
nonseasonal time series [24].

Root Mean Squared Error (RMSE) It is on the same
scale as the observed data values.

1
RMSE = [=3% (i — ¥p)?

3. A Proposed Approach to Data Analysis

Figure 1 shows a technique for analyzing power
transformer maintenance data that combines the ARIMA
model and generalized exponential smoothing techniques with
prior pre-processing. The interest of such a technique lies in
its combined advantages in terms of speed, robustness, and
accuracy.

(16)
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Fig. 1 Technique for analyzing power transformer

3.1. Algorithm Presentation

The first step is to compile a table of maintenance data for
power transformers. For this, we have a database from Rio
Tinto Alcan of Canada, in which we will exploit the GD
(dissolved gas) data of the TO001 equipment. Pre-processing
is applied to this database. The ARIMA, VARIMA, Holt-
Winter, GES, and MA models form the predictive analysis
layer. To make the series data stationary, the ARIMA model
incorporates differentiation techniques, and subsequently, an
adjustment can be applied to model the data series.
Generalized exponential smoothing is a forecasting method
that uses exponential weights to give more weight to more
recent observations. GES can model seasonal patterns, no
linear trends and no-Gaussian errors. GES can, therefore, be
used as an alternative or complement to ARIMA to model
complex series and thus have a robust predictor [2].

3.2. Differentiation Techniques

Several differentiation techniques are used to make a
series stationary. Stationarity is important because it
simplifies the statistical properties of the series, making
forecasting and analysis easier. The main differentiation
techniques used in the ARIMA model to make a series
stationary are:
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3.2.1. First-Order Differentiation

This involves taking the difference between each
observation and its previous observation. If the time series has
a trend or seasonality, first-order differentiation can help
eliminate them.

3.2.2. Seasonal Differentiation

This involves taking the difference between each
observation and the observation at the same time in the
previous season. If the time series has seasonality, the seasonal
difference can help eliminate it.

3.2.3. Additional Differentiation

If the time series is not yet stationary after initial and/or
seasonal differentiation, further differentiation may be
necessary. This involves taking the difference between each
observation and its previous observation after the first and/or
seasonal differentiation. Let V be the differentiation operator,
i.e. the operator defined by:

VXe = Xe — Xe s 17)

Forallt> 2.

The recurrence formula defines the differentiation
operator of order k.

vk, = y(vk-Dy, (18)
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Fig. 2 RIO Tinto Alcan of Canada database of dissolved gases from transformer T0001
Table 1. Data processing statistics
. . Obs with | Obs without . . Standard
Variable Observations . . Minimum Maximum Mean L
missing value| missing value deviation
H2 29 0 29 34.000 132.000 81.621 17.174
CHA4 29 0 29 5.300 57.000 31.390 9.194
C2H2 29 0 29 0.000 2.000 0.403 0.772
C2H4 29 0 29 2.700 55.000 32.059 9.679
C2H6 29 0 29 2.700 52.000 33.472 13.959
CO 29 0 29 242.000 1929.000 1207.690 244.663
CO2 29 0 29 1181.000 15092.000 9413.690 2733.602
02 29 0 29 403.000 19996.000 5198.621 4502.169
N2 29 0 29 58747.000 105155.000 70573.586 10666.770

4. Results and Discussion

In this section, we present the results obtained after data
analysis based on the generalized exponential smoothing
model with optimal coefficient, then on the multivariate
ARIMA model hybridized to the GES, and finally, a
comparison of the results obtained from the different models
will be discussed. Figure 2 shows our database with the
variables hydrogen (Hz), methane (CHJ), ethylene (C2H4), and
acetylene (C2H,). Looking at these data, we can see that the
'Date’ variable shows a somewhat non-linear succession of
dates. For the rest of the analysis, it is therefore important to
make this variable chronological.

4.1. One-Hot Encoding

It is possible to convert a non-chronological variable into
a chronological one using certain techniques. One-hot
encoding represents each category of a categorical variable as
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separate binary variables. If a categorical variable has N
unique categories, one-hot encoding will create N new binary
variables, where each variable corresponds to a specific
category. To represent a given category, a binary variable will
take the value 1 if the observation belongs to that category and
0 otherwise. Consequently, only one variable will be active (1)
for each observation, while all other variables will be inactive
(0). The main structure of the algorithm is shown below.

» # 1. Define the list of possible categories
» # 2. Create a matrix of zeros
» # 3. For each observation i:

# a. Find the index k corresponding to the category of
observation i

# b. Setavalue of 1 in row i and column k of the
matrix
» # 4. Return the encoded matrix
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4.2. Data Analysis

A correlation is a statistical tool used to analyze linear
relationships between different variables. It provides a
correlation matrix that measures the strength and direction of
the relationship between pairs of variables. Table 1 Above
presents a descriptive analysis of the statistical data,
highlighting their quality. Figure 3 shows that the variables O
(oxygen) and C,H, (acetylene) are independent, with
correlations between 0.01 and 0.3, values very close to unity.

Correlation matrix

On the other hand, CO; (carbon dioxide) and C;H¢ (ethane)
are highly dependent. Clearly, CO, and C;Hg are largely
influenced by butane (CHg), ethylene (C;Hi) and carbon
monoxide (CO).

4.3. Results of the Developed Hybrid Model

The hybridization principle is based on the use of an
additive ARIMA model and generalized exponential
smoothing. The model is then evaluated.
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Fig. 4 Trend and forecast curves for variables

4.3.1. Predictive Analysis Using the ARIMA Model

After several observations, we decided on the ARIMA (2,
1, 1) model. This uses two AR terms, a differentiation of order
1 and an MA term. This means it captures the linear
relationship between one observation and the two preceding
observations, differentiates the series once to make it
stationary, and also incorporates a linear dependence on the
errors of the lagged observations. The prediction results for
the different variables are shown in Figure 4. The resulting
observation shows that, despite the slight differences in
amplitude, the prediction curves are almost identical to the
original data curves, implying that the model chosen is
accurate.

4.3.2. Predictive Analysis Using Generalized Exponential
Smoothing

This technique is an extension of exponential smoothing,
enabling us to take into account more complex models and
data with different properties. Additive GES (Gaussian
Exponential Smoothing) uses exponential weights to calculate
future predictions based on past observations. These weights
are determined by specific parameters that are adapted to each
data series. After fitting alpha(a), beta(B), and gamma(y), the
generalized approach was able to model and capture various
properties of the data, such as seasonality, trend, prediction
curve, and level for all the variables in the table. What was
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retained as fitting parameter values after several trials are
alpha (a = 0.1), beta(f = 0.1), and gamma(y=1). The results
of the prediction of hydrogen (H.) and methane (CHa), gases
produced at low temperatures during the decomposition of
mineral oil, are shown in Figure 5.

To avoid underestimating or overestimating the seasonal
effect, gamma has been set to 1. This setting gives balanced
importance to trend and seasonality in the forecasts. By
adjusting the gamma parameter to other values, we can give
more or less relative importance to the seasonal component
compared with the trend. Figure 5 shows that the seasonality
curves follow the shape of the forecast curves and historical
dissolved gas data from power transformer maintenance. This
result indicates that seasonal variations have been correctly
taken into account in the forecast and that the model used is
reliable. It also suggests that seasonal trends have been well
analyzed and that the forecast is in line with the existing model.
Overall, this indicates increased confidence in the reliability and
accuracy of the forecasts. Combining the ARIMA
(AutoRegressive Integrated Moving Average) model with
Generalized Exponential Smoothing, the results obtained by
taking one of the variables in the data series, such as hydrogen
(H2), are shown in Figure 6. This prediction curve (GesAri2)
tends to follow closely that of the original data, meaning that the
prediction model is accurate to within a small margin of error.
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Fig. 6 Hybrid model forecast curve
Table 2. Measurement of forecast accuracy by generalized exponential smoothing
Measures
(a=0.1, H2 CH4 C2H2 C2H4 C2H6 CO2
p=0.lety=1)
RMSE 0.733 0.289 0.008 0.297 0.325 86.834
SMAPE 0.851 0.817 136.286 0.854 0.821 0.825
MAE 0.707 0.270 0.004 0.279 0.287 81.339
MASE 0.054 0,036 0.017 0.043 0.053 0.048
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4.3.3. Proposed Model Evaluation

The various performance indicators used to evaluate the
model were presented above, and their results are given in
Table 2. The error values shown in Table 1 indicate that the
forecast produced by the model is relatively accurate and of
good quality. The low RMSE and MAE values indicate a low
mean absolute error between actual and forecast values.
However, the relatively high SMAPE suggests a larger
relative error. The MASE of less than 1 also indicates that the
model outperforms the reference model in terms of
performance.

4.4. Alternative Forecasting Approach

In order to make a rigorous comparison of our model, we
have decided to subject the data to other types of forecasting
models. For this work, the VARIMA (......), Holt-Winter,
Moving Average and triple exponential smoothing models
were used, and Figures 7-9 show the results of the predictive
analysis of the H2 (dihydrogen) variable.

Based on the use of VARIMA, ARIMA, Holt-Winters
and MA models, Table 3 below shows the predicted values of
the hydrogen(H2) variable in these models, as well as the
proposed hybrid model. Table 4 shows that the hybrid model
(ARIMA + GES) weighted with a coefficient of the order of
[1.9 - 2.06] proposed in this work has a significantly lower set
of errors than those taken individually (ARIMA, TES, Holt-
Winters) and even those taken in combination (MA-GES,
TES-GES, and MA-GES).

5. Conclusion

This paper proposes a predictive analysis strategy for
power transformer maintenance data. It is based on the
hybridization of the additive ARIMA model and generalized
exponential smoothing based on the weighting of alpha, beta
and gamma parameters. As maintenance in general, and that
of power transformers in particular, is carried out over time
and chronologically, one-hot encoding enabled us, in view of
the date observations, to have a chronological date variable,
as required for predictive analysis based on the arrima model.

The variables on which the study was based are of an
interdependent type and were identified after a Pearson
correlation matrix analysis. Of the nine dissolved gas
variables, seven are interdependent, namely H2, CH4, C2H4,
C2H6, CO, CO2 and N2, with correlation coefficients ranging
from 0.56 to 0.89. The variables thus identified were subjected
to the predictive analysis model ARIMA (2,1,1), which uses
two AR terms, a differentiation of order 1 and an MA term.

This means that it captures the linear relationship between
an observation and the two preceding observations,
differentiates the series once to make it stationary, and also
incorporates a linear dependence with the errors of the lagged
observations.



Moise Manyol et al / IJETT, 72(8), 312-324, 2024

Table 3. H2 variable model prediction data

H2- H2- H2- H2-Holt- | Varima- | Arima- MA- TES-
Date | H2 | opg | HZVARIMA | \piMA | MA | winters | GES GES | GES | GES
1 85.00 | 85.85 94.686 84.985 0 0 90.268 85.419 42.925 81.94
2 89.00 | 89.882 74.689 87.385 0 85.000 82.286 88.633 44941 | 77.901
3 90.00 | 90.883 87.704 88.085 88 85.440 89.294 89.484 89.441 | 78.346
4 80.00 | 80.774 75.507 85.234 86.333 85.982 78.141 83.004 83.554 | 73.491
5 80.00 | 80.766 91.445 82.531 83.333 85.409 86.106 81.648 82.049 | 66.073
6 85.00 | 85.808 83.176 81.391 81.666 84.840 84.492 83.599 83.737 | 82.844
7 90.00 | 90.85 85.416 86.953 85 84.829 88.133 88.902 87.925 | 83.055
8 80.00 | 80.74 86.267 83.575 85 85.371 83.505 82.158 82.871 | 75.866
9 90.00 | 90.83 84.489 88.752 86.666 84.806 87.662 89.793 88.751 | 88.017
10 85.00 | 85.78 87.695 82.747 85 85.348 86.736 84.262 85.388 | 80.113
11 94.00 | 94.86 85.358 93.615 89.666 85.333 90.108 94.236 92.263 | 78.599
12 86.00 | 86.77 88.891 85.204 88.333 86.306 87.831 85.987 87.552 | 74.505
13 73.00 | 73.63 87.612 83.554 84.333 86.379 80.622 78.593 78.983 | 68.131
14 72.00 | 72.62 87,856 73.783 77 85.011 80.236 73,199 74.807 | 60.213
15 74.00 | 74.63 87.774 72.681 73 83.549 81.202 73,655 73.815 | 75.465
16 34.00 | 34.22 86.786 52.059 60 82.338 60.505 43.141 47112 | 52.952
17 | 107.00 | 107.95 87.076 84.877 71.666 76.765 97.512 96.413 89.807 | 87.679
18 | 101.00 | 101.88 85.399 77.211 80.667 79.351 93.639 89.545 91.273 | 91.749
19 89.00 | 89.75 85.322 109.894 99 81.296 87.536 99.823 94.375 | 80.315
20 | 132.00 | 133.17 84.249 107.677 | 107.333 81.923 108.711 120.425 | 120.253 | 95.967
21 94.00 | 94.78 83.513 101.672 105 87.288 89.147 98.227 99.891 | 76.721
22 70.00 | 70.53 82.755 96.852 98.666 88.383 76.644 83.693 84.600 | 64.798
23 73.00 | 73.56 81.719 70.266 79 86.785 77.639 71.912 76.279 | 58.894
24 58.00 | 58.40 81.269 64.756 67 85.510 69.836 61.579 62.701 | 65.566
25 66.00 | 66.48 80.359 66.634 65.666 82.586 73.419 66.556 66.073 | 67.289
26 69.00 | 69.50 79.978 63.134 64.333 80.589 74.741 66.318 66.918 | 66.667
27 68.00 | 68.49 79.496 69.922 67.666 78.976 73.993 69.205 68.077 | 73.264
28 69.00 | 69.49 79.255 68.069 68.666 77.315 74.374 68.782 69.081 | 68.396
29 84.00 | 84.64 79.188 77.052 73.666 75.836 81.913 80.845 79.153 | 69.909
Table 4. Errors in the different models
VARIMA-H> TES-H- ARIMA-H:2 | H-Winters
Measures 2.1.1) (0.1,0.1,0.13) | (2,1,1) (0,00) (0.1, 0.1) VARIMA-GES | ARIMA-GES | MA-GES
RMSE 17.112 18.20 11.032 23.639 8.535 5.477 12.907
SMAPE 15.803 0.17 8.939 22.566 8.359 4,510 9.844
MAE 12.612 14.35 7.220 15.384 6.279 3.549 7.075
MASE 0.967 1.17 0.554 1.180 0.482 0.272 0.543

Taking only the Mean Absolute Scaled Error (MASE)
and the Mean Symmetrical Absolute Percentage Error
(SMAPE), these gave 0.553 and 8.9% respectively. The
MASE of less than 1 means that the selected model has good
relative accuracy compared with the naive reference model.
The symmetry of the percentage errors between actual and
predicted values is low (8.9%), so the model provides a better
forecast.

The smaller the error, the more accurate the model. To
optimize the accuracy of the ARIMA model, generalized
exponential smoothing with optimal coefficients a = 0.1, B =
0.1 and y=1 is used. The last GES coefficient is crucial in that
it avoids over- or underestimation of the model parameters.

The results obtained after weighted ARIMA-GES
hybridization considerably reduced the model's prediction
errors, i.e. 0.27 for MASE and 4.5% for SMAPE.

This observation shows that the predictive analysis model
proposed in this work is more accurate than that of ARIMA,
Holt-Winters, Moving Average (MA), Triple Exponential
Smoothing (TES) and many others taken individually and thus
presented in Table 4. GES taken individually may give better
results than hybrid models, but you have to know what you
want to extract from the data. Future studies should evaluate
the contribution of generalized exponential smoothing to
artificial neural network forecasting models and genetic
algorithms.
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