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Abstrak

Peramalan beban jangka pendek adalah proses penting dalam memastikan operasi sistem tenaga listrik yang
optimal dan andal yang sangat penting dalam mempertahankan ekonomi berteknologi tinggi. Berbagai pendekatan
dan metode telah diterapkan dalam peramalan beban listrik suatu sistem termasuk metode statistik, seperti regresi
otomatis dan metode pembelajaran mesin, seperti mesin vektor dukungan, dan juga metodologi deep learning
sebagai metodologi recurrent neural network yang mendapatkan popularitas dalam peramalan beban listrik saat
ini. Dalam studi ini, Transformer sebagai metodologi deep learning digunakan untuk meramalkan beban listrik
per jam di Area Bali. Skenario tiga hari lookback dan sepuluh hari periode perkiraan digunakan untuk
mengevaluasi kinerjamodel Transformer. Studi ini menyarankan bahwa meskipun hari look back yang lebih tinggi
akan memberikan model yang lebih rumit karena meningkatnya jumlah parameter yang terlibat, kinerja prediksi
keseluruhan terbaik diberikan oleh model transformator dengan periode lookback 1 hari. Ketiga model dalam
penelitian ini juga cenderung me@ki kinerja prediksi yang rendah dalam memprediksi beban listrik pada akhir
pekan atau hari libur. Penelitian di masa yang akan datang dengan menggunakan model transformer multivariat
disarankan untuk meningkatkan kinerja prediksi model transformer dalam memprediksi beban listrik di wilayah
Bali.

Kata kunci: beban listrik, transformator, deret waktu, pembelajaran mesin

Abstract

Short term load forecasting is a crucial process in ensuring optimal and reliable operation of electric power system
which is critical in sustaining highly technological economies. Various approaches and methods have been
;}fememed in forecasting electricity load of a system including statistical methods such as auto regression and
machine learning methods such as support vector machine and also deep learning methodology as recurrent
neural network methodology which gain popularity in electricity load forecasting nowadays. In this paper,
Transformer as a deep learning methodology is usedmfbremsl hourly electricity load in Bali Area. Three
lookback days scenario and ten days of forecast period are used to evaluate the performance of the Transformer
models. This study suggest that although higher lookback days will give more complicated model due to increasing
number of parameters involved, the best overall prediction performance are given by transformer model with 1
day of lookback period. The three model in this study also tend to have low prediction perf@anre in predicting
electricity load for weekend or holiday period. Future study using multivariate transformer model is suggested to
improve the prediction performance of the transformer model in predicting electricity load in Bali area.

Keywords: electricity load, transformer, time series, machine learning

1. PENDAHULUAN increase [4], but electrical energy generation,
transmission, and distribution remain complex and
expensive. Consequently, good grid management is
crucial for reducing the cost of energy production and
increasing the a]el'illi()l] capacity to satisfy the rising
demand for electric energy [5]. Consequently,
effective grid management necessitates good load

Electricity is critical to sustaining highly
technologically advanced industrialization in all
economies [1]-[3]. In this modern era, electricity is
essential to nearly all activities. As the years' pass, the
global demand and consumption of electrical energy




demand planning, an adequate maintenance schedule
for generating, transmission, and distribution lines,
and efficient load distribution via supply lines.
Therefore, effective load forecasting will go a long
way toward optimizing the planning process in the
power generation industries [5], [6].

Numerous approaches and algorithms have been
implemented for clcctr load forecasting. In
general, these approaches can be categorized into two
primary groups, ie., (i) statistical models and (ii)
machine learning models [7], [8]. There icvcrill
popular statistical models that were used for
electricity load forecasting, such as seasonal
autoregressive [9], threshold autoregressive [10],
ARIMA [11], SARIMA [12], ete. In c:()ntr; to the
extensive use of statistical approaches, machine
learning (ML) techniques have gained favor due to
their efficacy, precision, and adaptability. In recent
years, the availability of data (as a result of
digitization) and the affordability of essential
computer resources have made machine learning
approaches an unavoidable option in this respect [13].

There are several ML techniques that has been
implemented for clcclricila()ild forecasting. In 2010,
Li et al. utilized several ML techniques to forecast
annual residential energy demand in China. They
found that support vector machine (SVM) model
gives the best performance compared to other ML
methods [14]. In 2013, Jain et al. also applied SVM
lcchniqucsm investigate the temporal and spatial
effects on the model perf()rmaa:e. The results show
the capability of the model in forecasting the energy
demand of residential floors on an hourly scale [15].
In 2018, Ruiz-Abellén et al. predict the multivariate
short-term electrical consumption by using regression
tree methods. By adding calendar variables and
temperatures, they obtained the best results from
Random Forest method with short time of
computational process[16].

Recently, deep leaming (l:@d as a sub-
technique of ML, was frequently for various
energy-forecasting tasks because of its ability to
model nonlinearity [17]. Singh et al. identified three
primary chzlruclerisei that influenced the emergence
of deep leaming algorithms for short-term load
forecasting tasks, which are its adaptability to be
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scaled on massive data, its capacity to do
unsupervised feature learning, and its tendency for
generalization [18]. Several review studies reported
that among DL techniques, recurrent neural network
(RNN) based methods give better performance than
other deep algorithms [19]-[21]. Unfortunately, there
are several drawbacks of RNN-based methods, such
as the problem of gradient disappearance during time
series processing [22] and the difficulty of processing
in parallel mode, leading to time cm]sumpt123].
To solve those drawbacks, the transformer method
has been proposed by Vaswani et al. This method
enables a parallel process for sequence type of input
[24]. However, despite its advantage, implementing
the transformer in electricity load forecasting is still
Very rare.

This study aim to implement time series-based
Transformer method in electricity load forecasting.
We used per hour electricity load data in Bali,
Indonesia, for period of March 2020 until August
2021. The transformer prediction model was
developed by Vill')m the transformer block and head
attention number. The performance of the model was
evaluated calculating  several validation
parameters, such as correlation coefficient (CC), root
mean square of error (RMSE), and mean absolute
percentage of error (MAPE).

2. MATERIAL AND METHODS

2.1. Data Set

The data set used in this study is per hour
electricity load data in Bali, Indonesia, for period of
M 2020 until August 2021, as presented in Figure
1. We splitted the data set into train, validation and
test set with splitting scheme was illustrated in Figure
2. To develop the forecasting model, we utilized three
look back values, i.e. 1,3 and 7 days, and evaluate the
contribution of the look back on the model
perf()rmmt. Here, the look back data was used as
features to predict the clccly load of the next time.
Hence, we tranformed the time series data of
electricity load into set of feature and target.
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Figure 1. Time sedes plotting of electrcity load
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Figure 2. The scheme of data set splitting into train, validation,
and test set

22. Transformer Model

The transformer model [24] was initially
introduced for machine translation, but due to its great
performance, it was rapidly implemented into other
fields, including image generation, audio, text
summarization, and music. The transformer does not
employ recurrent or convolution but instead models
with an attention module . The transformer utilizes the
encoder-decoder technique. The input is initially
entered into the encoder, and the output is then
generated based on the encoded input and the prior
outputs in the decoder.

Encoders are stacked in the part of the encoder.
The number of encoders in a stack is a free parameter,
which 1s typically six layers. A stack of decoders
equal to the number of levels in the encoder is utilized
in the decoder. Each encoding layer has its own
parameters; these layers do not share a common
weight. The transformer, unlike recurrent networks,
has no difficulty with vanishing gradient and can
reach any point in the past regardless of the distance
between words. This technique permits the
transformer to identify long-term dependencies. In
addition, unlike recurrent networks, the transformer
does not require sequential computing and can
()peran in complete parallel at high rates.

The vanilla Transformer [Vaswani et al., 2017]
follows the encoder-decoder structure of m()B)f the
competitive neural sequence models. Each encoder
and decoder consists of several identical building
blocks. Each encoder block consists of a multi-head
self-attention module and a position-wise feed-
lk)rn'd network (FFN), while each decoder block 1s
put between the multi-head self-attention module and
the position-wise feed-forward network (FFN).

The self-attention module applied by using the
scale dot-product attention with Query-Key-Value
(QKV) as f(gulatcd as:

13

i aK’
Attention(Q, K, V) = softmax (\/T_K)V (1

where Dnepresent the key dimension. Transformer
employs multi-head attention (MHA) with H distinct
sets of learned projections instead of single attention
function formulated as follows:

MultiHeadAttention(Q, K, V) =
= Concat(head,, ..., head, )W° (2)
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where  head; = Att@tion(QW, KwE, vwY).
Then, MHA is linked to feed-forward network that is
fully connected module as follows:

FFN(H') = ReLU(H'W" + b")W? + b* (3)

where H' means the output from the previous layer,
WL W2 b! b? are trainable parameters.

In this study, the transformer model was
developed by optimizing two architecture parameters,
transformer block, and head attention number. Both
parameters were considered hyperparameters that
were optimized by using a manual tuning approach.
A total of six transformer models were developed that
were derived from the combination of two
transformer block values (1 and 2) and three head
number values (1,2, and 3). Besides both parameters,
other hypammeters of the transformer model were
set to fix, as presented in Table 1.

Table 1. The Fix Hyperparameter of Transformer Model

Hyperparameter Value
Head size 128
Convolution layer (FF) 4
Act. func. in FF relu
Hidden node in FC 128
Act. func. in FC relu

Leaming rate 1x10*
Epoch 200
Patience callback 10

2.3. Model Validation

To validate the model, we used Transformer
model to predict maximum 10 days of the test set.
However, the prediction did not performed in one
batch using all the test. Instead, we conducted the
prediction hour by hour by utilizing the predicted
value for the next hour prediction. Hence, we
consider the accumulation of error to investigate the
ability of the m()deg(wercome the issue. Also, this
approach represent e prediction power of the mocm
and point out the limitation of model applicability in
the term of time series data. Validation parameters
that were calculated to evaluate the model
arf()rm;mce consists of correlation coefficient (CC),
root mean square of error (RMSE), and mean absolute
percentage of error (MAPE). The calculation of those
parameters are formulated as follows:

cC = TiLa(xf -XT)(xf -XP) (@)

Iz o —xay? s, o 59|

N (xa_xP
RMSE = 'E::l(“: X ) (5)

xf-xp
X

MAPE = SXFN ©)

where X{ represent actual electricity load at time t,
X% represent the average value of actual electricity




load, Xf represent predicted electricity load at time ¢,
XP refifhent the average value of predicted electricity
load, and N i1s total number of data.

3. RESULT AND DISCUSSIONS

3.1. Model Fitting

Table 2 shows model architecture which give
the best performance in terms of correlation
coefficient, RMSE, and MAPE for different lookback
period. From Table 2, we can see that the higher the
number of lookback, the more complicated the model
in terms of number of transformer block and head
number. This is also align with the parameter number
involved in the model where the higher the look b§Z)
period more numbers of parameter involved in the
model.

In the nffel fitting process, we monitor the
value of loss-value for train and m]ati()n dataset.
From Figure 3 we can see how loss-value for train and
validation dataset progress starting very high value in
the first stage of model fitting and gets lower as the
model fitting continues. We can also see how the loss-
value for test and validation datasets are close to each
other at the end of model fitting process which
indicate a good model fitting process. In addition to
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that, although the Epoch number set in the model
fitting is 200, the model fitting process stopped at
Epoch number of around 160 due to patience callback
parameter which is set at value of 10. The resulted
time series plot of electricity load for training,
validation, and test dataset is given in Figure 4.

Table 2. Model Architecture

Look  Transformer Head Val Parameter
hack block number  score number

1 2 1 0007 5.139

3 1 2 0006 11274

7 2 3 0007 27,155

L PP
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Figure 3. Leaming curve of the best transformer architecture for
look back 1 day
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Figure 4. Time series plot of electricity load forecasting for transformer with look back 1 day

32. Model Evaluation

After the best model for each lookback day are
obtained, the model then tested against the test dataset
to evaluate how each model performs for each
lookback days and prediction length. Figure 5 shows
the plot of electricity load forecasting using
transformer model for ten days forecasting period for
each lookback days number. As we can see from
Figure 5, qualitatively we can see that although all
three lookback setting performs poorly for the first
forecasting day, lookback day 3 gives the best fitting
performance for the ten days prediction period.
Lookback 1 in general fails to predict the electricity
load at the high ‘ajc region while on the other hand
lookback 3 fails to predict the e]eaicity load at the
1()wca'illue region. Lookback 7, on the other hand,
fails to predict the electricity load both in the higher

and lower load region. Upon further evaluation we
can see that all electricity load forecasting model fail
to predict electricity load for weekend or holiday
period.

Table 3 provide the quantitative performance for
all three lookback models for ten days of prediction
period. From Table 3 we can see that all three
lookback model gives poor prediction performance
for the first prediction day in terms of RMSE and
MAPE wvalue while still give good correlation
coefficient value. Even though it is expected to have
high fitting performance for prediction length of one
day, high vertical error for the first day for all three
lookback day model indicates that the model perform
poorly in predicting electrical model for
weekend/holiday period due to lower than average
electricity load at those time period. This indication is
also emphasized by low prediction performance for




all three model for seventh and eighth day of
prediction period which also weekend period
(Saturday and Sund Overall, the model for
lookback day 1 gives the best performance in terms
of CC, RMSE, and MAPE followed by lookback day
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days. Lookback day 7 model gives the lowest
performance of all three models. This may suggest
that in electricity load forecasting, more complicated
model and higher number of parameters cannot
guarantee a better prediction performance.

3 model, especially for prediction length of 3 and 5

Figure 5. The comparison of time series plot of electricity load forecasting

Table 3. Quantitative Performance of Transformer Models
Prediction Length

Look back

1 3 5 10
cC
1 0.969 0.971 0982 0.965
3 0.983 0.972 0971 0.957
7 0.959 0.907 0934 0.903
RMSE
1 26.235 17.642 17.532 23536
3 23.912 19086 18.979 20.360
7 38.473 28021 27.742 27 655
MAPE
1 3.768 2.330 2.560 3016
3 371 2.897 2898 3112
7 5.847 4.304 4.365 4.141

4. wNCLUSION

Machine learning methodology such as support
vector machine and deep lcamin@lh(x]()logy such
as recurrent neural network has been widely
implemented in short term electricity load
forecasting. In this study, Transformer methodology
as one of deep learning methodology is used to
forecast hourly electricity load in Bali area. This
study uses three lookback scenarios and ten days of
prediction time to evaluate the performance of the
transformer models. This study found that higher
lookback period will require more complex
transformer model architecture due to incrcmg
number of parameters involved. However, the
complexity of the model does not necessarily increase
the performance of electricity load prediction. This
study found that transformer model with 1 day of
lookback period gives the best overall forecasting
performance while on the contrary transformer model
with 7 days of lookback period gives the worst overall
forecasting performance. Future study using
multivariate Eud of univariate transformer model
is suggested to improve the prediction accuracy of
transformer model in electricity load forecasting.
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