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Efficient energy management is accomplished by ensuring sustainable production of power
and usage with minimized energy wastage. Electricity prosumption refers to electricity production and consumption. The forecasting of electricity prosumption is a complex problem as it is to model non-linear phenomenon. A deep neural network provides
powerful algorithms for tackling tasks like time-series forecasting. However, there are
still challenges in memory and computation for long sequence time series. The transformer network, specifically the informer model, was proposed to forecast electricity prosumption in various prediction horizons. The experiments were performed based on real
datasets obtained from LUT University. In most cases, the forecasting error of the proposed method achieved much better accuracy compared with the naive methods in various
prediction horizons, and the performance was relatively consistent with the growth of the
forecasting prediction horizon.
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1
1.1

INTRODUCTION
Background

Fossil fuels are still the primary source of energy in the world today. Only approximately
11% of the world’s direct energy comes from renewable sources in 2019 [1]. Hydrocarbons or their derivatives, such as coal, oil, and natural gas, are fossil fuels. [2]. Fossil fuels
take a very long time to generate, and the resources that have been existed are consumed
far more quickly than new fossil fuels are produced. On the other hand, carbon fuels
emit greenhouse gases, which can cause climate change, including global warming. As
a result, people’s reliance on the environment is jeopardized. Therefore, in recent years,
renewable energy attracted a great deal of attention worldwide.
European countries have an ambitious strategy to control the global warming catastrophe
by 2050, as part of the European Green Deal, to solve this problem [3]. One of the projects
is to expand the use of renewable energy, which has many advantages, such as reducing
greenhouse gas emissions, oil and gas dependence, and alternate supply sources [4]. The
use of renewable energy sources is increasing. Renewable energy refers to the energy
that might recover in nature, like geothermal energy, wind power, tidal energy, and solar
energy [2]. Finland is one of the influential countries in the usage of renewable energy,
especially in bio-energy [5]. The critical objective in uplifting renewable energy is to
decrease ozone-depleting substance releases and move away from the energy framework
that depends on petroleum products. Understanding and analyzing historical information
about energy consumption and production is a driving force for efficient energy usage,
sustainable production and helps protect the environment [6].
Although renewable energy is the most viable alternative to natural gas since it is clean,
green, and naturally replenished in a vast geographical region, it also brings unplanned
uncertainty. This threatens the reliability and stability of energy systems, especially with
the large-scale deployment of renewable energy [7]. Renewable energy, in general, is
highly unpredictable, unreliable, and random.
Renewable energy characteristics are sure to raise the price of manufacturing electricity [8]. On the opposite hand, a significant number of power electronics require the usage
of renewable energy, which decreases the rotational inertia of the power system and reduces the system’s stability margin. Therefore, to beat related uncertainties contributing
to the electricity and energy systems’ preparation, management, and operation, renewable
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energy prediction plays a vital role [9]. However, accurate renewable energy prediction
remains difficult because of the alternating, disordered, and arbitrary renewable energy
sources. Numerous algorithms were published within the literature to provide accurate
energy forecasts with a short prediction horizon [10].
A new electricity prosumption forecasting method based on the transformer architecture
can be developed [11]. The transformer does not process data in an organized sequence
manner, compared with series-aligned models. It forms the entire data series instead and
uses mechanisms of self-attention to analyze the sequence’s dependencies. The complex
dynamics of time series data that are difficult for sequencing models can be modeled by
transformer-based models. In this thesis work, electricity consumption and production
forecasting demonstrate that a transformer network can be effectively applied for predicting tasks.

1.2

Objectives and delimitations

The main objective of this thesis is to study the transformer network to improve the accuracy and reliability of forecasting electricity prosumption. In addition, this research is
carried out on short-term electricity consumption and production forecasts with external
variables such as a day of the week, the month of the year, and calendar dates. To increase accuracy, consideration of external variables and original data must be included.
This thesis aims to propose a solution that utilizes the existing transformer architecture to
forecast electricity consumption and production for a short-term prediction. Therefore, it
is necessary to do the following:

• Investigate how to utilize a transformer network for forecasting electricity consumption and production.
• Build a predictive model using historical data and external factors that include experimenting with the historical data and different parameters for a better prediction.
• Test the proposed system with test data.
• Analyse and interpret the results.

9

1.3

Structure of the thesis

This subsection provides information about the overall thesis structure. Chapter 1 outlines
the research, what problems this research is trying to solve, what constraints this research
faced, what followed the research methodology. Chapter 2 describes some relevant studies
that have been done in the research area and what results were obtained. This chapter
is vital as it explains why certain assumptions and decisions were made in this work.
Chapter 3 describes the building of a model that has been chosen and the implementation
of the model. Chapter 4 explains preparing data for training and testing, the transformer
network, and the experiments and results. Chapter 5 considers related discussion and
suggests future work. Finally, the last chapter, Chapter 6, covers a brief conclusion of the
comprehensive study.
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2

ELECTRICITY PROSUMPTION FORECASTING

Over the past decades, forecasting electricity consumption and production has been widely
studied for different horizons [12]. Significant research effort has been attracted, in particular, to the short-term horizon, where the aim was often to increase the effectiveness
of forecasting through the efficient use of modeling techniques. Historical consumption
and production of electricity data are time series that are influenced by various external time-variant variables, such as environmental factors, human activities, temporal and
seasonal characteristics, making forecasts a problematic task. Electricity consumption
and production prediction can be classified into three standard classes based on the time
horizon. These are short-term, typically between one hour and one week, medium-term,
usually between one week and one year, and long-term, longer than one year [6]. After
the establishment of competitive energy markets, short-term forecasts, in particular, have
become highly relevant and have achieved a high level of success in recent years [13]. The
time horizon variations have significance for the models and methods applied and for the
available and selected input data. The most reliable forecasts rely on finding the correct
model type and deciding the critical external variables required [13]. Some forecasting
techniques have been proposed for forecasting electricity consumption and production
over the years, and only the most relevant ones are reviewed in this section.

2.1

Statistical Models for Forecasting of Electricity Prosumption

The statistical models are mathematical models that represent a set of statistical assumptions relating to sample data generation. A statistical approach often means the ideal
form of data generating [14]. The statistical approach is typically defined as a mathematical relation between variables. For making forecasting, many statistical models were
developed. Some of the models are Linear Regression, Autoregressive Moving Average,
and Exponential Smoothing.

2.1.1

Linear Regression

Linear regression is a statistical approach that explains the dependence on at least two
variables: the independent input variable and linear regression output dependent variable [15]. The number of independent variables can vary. Linear regression is called
simple or uni-variate if only one such independent variable is obtained as input and mul-
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tivariate if two or more input variables are often called features [15]. It is among the
oldest techniques for problems with short-term electricity forecasting. In 1966, the first
implemented multiple linear regression to find a relationship between the weather and
electricity load [16]. As a cost function, mean squared error (MSE) is typically used.
The critical principle of linear regression is to minimize this function by adjusting the
parameters in the model to achieve the best approximation possible [17].

2.1.2

Autoregressive Moving Average

The fundamental concept of the autoregressive (AR) model is to express the series’ current
value, dt , as a linear combination of previous data and then to predict future load values
using the model. A model called kth -order AR, AR(k) is defined as [18]
dt = c +

k
X

ρi dt−1 + εt

(1)

i=1

where c is constant, ρ1 , ρ2 . . . ρk are undefined AR coefficients, εt denotes random white
noise. The model’s order tells how many lagging values of the past are disturbed. Hence,
based on past activities, the AR model can predict future actions. The AR model is used to
indicate whether there is any relationship among the present dt values and their previous
values, where dt is often disturbed by the random noise εt . AR systems were used for
many years in several areas, such as economics, electricity consumption forecasting, and
optical signal processing.
Linear regression that degenerates present values in contradiction to the random white
noise of previous values is a moving average (MA) model which imitates the activities
of the MA scheme. It is also possible to treat the MA model as a model where the time
series is assumed to be a MA random noise series εt [19]. It is possible to describe the
MA model of order m, MA(m) as
dt = µ + εt + α1 εt−1 + ... + αm εt−m

(2)

where µ is mean of the series, α1 , . . . , αp are parameters, c is a constant, and the random
variable εt is white noise.
When load observations become usable, the noise series could be approximated by the
forecast errors or the residuals of the model. The concept of invertibility exists between
the MA process and the AR (∞) method, i.e., it is possible to invert the moving average
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model into an autoregressive form [20].
In the 1951 study of P.Whittle [21], the autoregressive moving average (ARMA) model
was described and popularized by G. Box and G. Jenkins in 1970 [22]. ARMA models
reflect a mixture of AR and MA models. In the ARMA, the present value is specified
linearly, with its previous values present, and past noise values. The model ARMA(k,m)
is mathematically expressed as [18] [20]
dt = εt +

k
X

ρi dt−i +

i=1

m
X

αi εt−i .

(3)

i=1

ARMA models have become a popular choice because of their relative simplicity and
usefulness and have been commonly used in load forecasting analysis [23]. The above
mentioned model’s AR, MA, or ARMA were used for stationary sequential data. However, the autoregressive integrated moving average (ARIMA) model commonly used a
time series model that applied Box-Jenkins methodology as well as to non-stationary
time series data [12]. These models estimate potential time series values based on of a
linear combination of their corresponding values and disruptions. There are three types of
parameters in the ARIMA Box-Jenkins models: the autoregressive parameters, the moving average parameters, and the number of n differences carried out to (1- L), where L
denotes a lag operator [23]. The model ARIMA(k,n, m) is mathematically written as
1 −

k
X

!
ρi Li

i=1

[1 − L]n dt =

1 +

m
X

!
ρj Lj

εt

(4)

j=1

where k represents the autoregressive order, m denotes the average moving, and n denotes
many variations that render the initial time series stationary.
A seasonal ARIMA (SARIMA) model extends the ARIMA model by taking seasonality
into account. These models are defined as (k, n, m) x (P , D, Q)m where (k, n, m) is like
ARIMA model, while (P , D, Q)m represents the autoregressive, integration, and moving
average seasonal components where m is the seasonality period [20].

2.1.3

Exponential Smoothing

The exponential smoothing approach takes the previous values directly into account when
making the predictions. Making the current values more essential and the older values less
relevant when predicting the next value assigns a greater weight to the newer values and

13
lower weight than older values [24]. Exponential smoothing does not use an autoregressive variable compared to the previously mentioned ARIMA model, making it simpler to
measure. Three different exponential smoothing techniques are commonly available: single, double, and triple exponential smoothing. The single exponential smoothing model
involves a small approximation and is used when there is neither a cyclical change in the
data pattern nor the historical data trend [20]. Triple exponential smoothing is an extension of Exponential Smoothing that explicitly adds support for seasonality to the time
series.

2.1.4

Naive Forecasting Methods

A naive method is essentially a model that is a common choice for solving the same or
similar task. Experimenting with them is usually simple and inexpensive. A point of
reference in forecast results is provided by establishing a naive methods. It serves as the
starting point for all other modeling strategies applied to the problem. The usefulness
of far more sophisticated forecasting methods is shown using naive methods [25]. The
technique can be fixed or dropped if a model performs at or below the naive techniques.
In this study, three naive methods models are considered. These are simple naive forecast,
average method forecast, and seasonal naive forecast. Here, clearly set the value of the last
observations of the context window for all forecasts in simple naive forecasts. For several
financial time series, this approach performs very well [26]. When data follows a random
walk, a simple naive forecast is the best option. Mathematically can be represented as
shown in Eq. 5.
ST +n = Sn
(5)
Where ST +n is the forecast value, and Sn is the last observation of a context window.
The average approach assumes that all future values are equal to the average value of the
context window. The context window values are added up, calculate the average, and use
as the next value. Of course, it will not be the same, but it will be close. There are several
cases where this approach fits well as a forecasting tool.
Savg =

T
1X
Si ;
T i=1

(6)

ST +n = Savg
where ST +n is the forecast value, and Savg is the average value of the context window.
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The seasonal naive method accounts for seasonality by setting each prediction equal to
the last observed value of the same season. For example, the forecast value for Monday
will be equal to the previous week’s observed value of the same day. The forecast for time
T + h is represented as follows [26]:
ST +h = ST +h − km

(7)

where k is the smallest integer greater than (h − 1)/m and m is the seasonal length.

2.2

Machine Learning Approaches to Forecasting of Electricity

Statistical models are constrained and, in some cases, lead to unsatisfactory solutions.
These models contribute many solutions in which a large number of computational possibilities and specific non-linear data patterns are challenging. Therefore, machine learningrelated approaches provide a promising and attractive option [12].
Linear regression is a method of modeling the relationship between variables. This is
achieved from the viewpoint of Machine Learning to guarantee generalization, allowing
the model the potential to forecast outputs for inputs it has not seen before. The representation of a simple linear regression model is written as
Y = W0 + W1 × X

(8)

where W0 and W1 are weights, X is the input feature, and Y is the output. Models of
electricity forecasts are based on selecting suitable machine learning approaches and the
usage of relevant input variables. Short-term models of energy use, activities, households,
and some long-term consumption have been observed. For example, the author studied
linear regression to forecast Italian electricity consumption using a 1970-2009 dataset
[27].
Support vector machine (SVM) is a linearly separable simple algorithm. The model is
commonly used for classification tasks. However, SVM is used for regression tasks as
well. It can overcome linear and non-linear applications and perform well. The algorithm
separates the data into different classes by creating a hyperplane. The equation defining
the decision surface separating the classes is a hyperplane in the form W T ∗ X + b = 0.
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It can be represented as follows
W T ∗ X + b >= 0 . . . d1 = +1

(9)

W T ∗ X + b < 0 . . . d2 = −1

(10)

where W is a weight vector, X is an input vector, b is bias. The margin of separation for
weight vector W and bias b is the separation among the hyperplane and the nearest data
point. The optimal hyperplane has the same hyperplane on which the separation margin is
maximized. Distance between two hyperplanes ||W2 || . Therefore, to maximize the margin
necessary ||W || should be minimized [28].
For building service systems, including air conditioning systems, lighting systems, control
systems, and other devices, SVM is applied to forecast the energy load. According to the
hour, this methodology trains 24 individual regression methods and then integrates their
forecasts to determine each system’s output [29]. Finally, based on forecasts of each
subsystem, the overall energy load in the studied building is determined. Testing findings
demonstrate that, with reasonable accuracy, this approach can estimate the energy load of
the air conditioning system, lighting system, and power system [29].
The human nervous system inspires the design of an artificial neural network (ANN) .
ANN has an input, hidden (more than one could be available), and output layers. The
task of the hidden units is to modify the computation and remove variables that would not
have a strong output effect [30]. ANN can determine relevant output by recognizing only
applicable information from the inputs and throwing out the redundant data. Activation
functions are used to captures the nonlinear behavior of inputs and convert the input into
an output. Feedforward neural network (FFNN) is considered one of the simplest type of
ANNs, where data flows in only one forward direction from input to output. It does not
have a feedback loop [31]. The mapping of ANN input X to the output Z is defined as

Zi =

Nj
X

Xkj−1 Wk,i + bk

(11)

k=1

where Xkj−1 is input from k-th neuron in the j-th layer, Wk,i is the weight of a connection
between a neuron and all the neurons in the previous layers, and bk is the bias to a neuron,
Nj is the number of neurons in the layer. The activation function is applied for summation
Zi to produce output Yi = f (Zi ). The sigmoid function as shown in Eq. 12 is the most
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commonly used activation function
f (Zi ) =

1
1 + e−Zi

(12)

Support vector regression (SVR) is classified as supervised learning that is used to forecast
discrete values. The same concept as SVMs is used for SVR. The fundamental principle
behind SVR is to find a line that is the best fit. Unlike most other regression methods that
attempt to minimize the error between the actual and expected value, the SVR attempts fit
the best line within a target value. The interval between the hyperplane and the boundary
line is the target value. It has high generalization ability with high forecast accuracy.
However, SVR is not suitable for large datasets [32].
SVR integrated with FFNN was proposed to forecast electricity generation [33]. The
researcher concludes that the proposed method performs better than SVR for one-day
forecasts. However, the result between the proposed approaches and SVR does not match
the difference using the data with an interval of one hour and 15 minutes. Another author
proposed SVR integrated with the ANN approach in [34], to forecast power consumption
of university. The experimental findings indicate that the forecasting model based on the
proposed method provided better efficiency than the model based on SVR. The principal
component analysis obtained better accuracy than factor analysis. In addition to usual
time and weather details, the consideration of working hours and class schedules produced
better results, especially for educational buildings.
Most of the implemented features need to be defined by a domain expert in standard machine learning methods to reduce the evidence’s sophistication and create patterns more
effectively for working with learning algorithms. Besides, traditional machine learning
algorithms are usually not suitable for a large amount of data; on the contrary, deep learning algorithms achieve a better result with large datasets [35].

2.3

Deep Learning Approaches to Forecasting of Electricity

This section introduces deep learning (DL) methods, which contribute to enhancing the
accuracy of electricity forecasting. Five commonly used deep neural network (DNN) approaches for forecasting time series data are introduced. These are stacked auto-encoder
(SAE), recurrent neural network (RNN), convolutional neural network (CNN), attention
mechanism, and deep belief network (DBN). The fundamental frameworks and related
studies of the DNN approaches are as follows.
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2.3.1

Stacked Auto-Encoder

A single auto-encoder (AE) is a neural network that consists of two types of layers which
are an encoder and decoder as shown in Figure 1 [36]. They work by squeezing the input
into a latent-space representation and recreating the output from the representation [37].
The main applications of AE are dimensionality reduction and data de-noising. AE can
be applied for data projection using appropriate dimensionality [38]. Using a regular
back-propagation (BP) algorithm with random weight initialization, the single AE can
be easily trained [37]. However, selecting the dimension of the latent representation can
be more difficult for a specific application. In an unsupervised learning algorithm, each
layer is pre-trained, learning a nonlinear transformation of its input (the output of the
previous layer) that catches the primary variations in its information. This unsupervised
pre-training sets the scene for a final training process in which the deep architecture with
gradient-based optimization is fine-tuned with respect to a supervised training criterion
[39].

Figure 1. Stacked Auto-Encoder Architecture [36].

In the study [40], the author proposed the establishment of a multi-layer deep neural
network based on SAEs for wind power forecasting. In short-term multi-step forward
wind power forecasting, the simulation findings convincingly proved the efficiency of the
proposed SAE-BP model. In most cases, the forecasting error of the proposed method
achieved better accuracy compared with the BP and SVM methods, and the performance
was relatively consistent with the growth in forecasting. The proposed model solution
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showed better performance relative to BP and SVM by comparing mean absolute percentage error (MAPE). The researchers concluded that under various time steps, SAE-BP
achieved better accuracy than SVM on average.

2.3.2

Deep Belief Network

Algorithms that produce outcomes using probability and unsupervised learning are DBNs.
They are composed of latent binary variables and that they contain both undirected and
directed layers. Representation of DBN is shown in Figure 2 [41]; the network is a sort of
a stack of restricted Boltzmann machines (RBMs), where all nodes on the previous and
subsequent layers are connected to the nodes on each layer. In contrast to RBMs, however,
which could be a deep belief network, nodes do not communicate laterally within their
layer. Different layers link a network of symmetrical weights. Within the top layers, the
connections are undirected, and associative memory is made from their relations. At the
lower levels, links are directed. The nodes inside the hidden layer perform two functions;
they serve as a hidden layer for nodes that precede them and as visible layers for active
nodes.

Figure 2. Representation of Deep Belief Network [41].

DBN integrated with SVR was proposed in [42]. In the report, the authors aimed to
boost the efficiency of DBN through the collaboration of ensemble methods with load
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forecasting and established SVR. To use their proposed technique, the authors used three
energy load demand datasets and three regression datasets. The findings reveal that the
DL ensemble outperformed SVR, FFNN, DBN, and ensemble neural network (NN) by
integrating DBN with SVR. The proposed approach integrated DBN and SVR showed a
better performance than SVR and FFNN for the predicted results of load demand.

2.3.3

Convolutional Neural Network

CNN is one of the commonly used DL models. In general, CNN is categorized as onedimensional (1D)-CNN, two-dimensional (2D)-CNN, and three-dimensional (3D)-CNN
based on the dimension of kernel slides [43]. 2D-CNN is widely used for image classification. In 1D-CNN, its kernel slides one dimension and is used for time series data such
as audio, text data. Similarly, in 3D-CNN, its kernel slides three dimensions and it is often
used to classify medical data and extract features. The main computation takes place in
the first layer, the convolutional layer, as shown in Figure 3. Data is convolved using the
kernel in this layer. The second layer is the activation layer with a widely used rectified
linear unit (ReLu) activation function. The rectification function helps to increase nonlinearity in the CNN. The third layer is the pooling layer. Its main task is to downsample
the features [44].

Figure 3. 1D deep convolutional neural network (CNN) structure [44].
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In [45], CNN is used in short-term forecasting with k-means clustering. On a large dataset,
the K-means algorithm is used to construct clusters for CNN training. For the experiment
of the study, the author selected August 2014 for summer data and December 2014 for
winter data to apply the method. The result in this study shows significant improvement
in the root mean square error (RMSE) of the proposed model CNN with k-means in the
summer data experiment and the winter data experiment. They applied a neural network
to both experiments for summer data and winter data which does not show comparable
accuracy with the proposed approach. The author implemented CNN only on the previous
datasets to compare the results with the proposed method. CNN result shows lower accuracy in terms of RMSE in both seasons. The author determines that CNN with clustering
methods performs better than other methods.
In another study, using the CNN method in the presence of sky images as the input value
[46], the author created an approach for estimating photovoltaic output capacity. The
pictures taken from the sky could assess, on the basis of this theory, the cloud coverage
of the sun’s location. Three different conditions, namely, bright, partially cloudy, and
cloudy, were classified into data sets. RMSE was applied for the evaluation of the data
sets on the top of two buildings with photovoltaic panels. The results of the three different
conditions are compared, during the bright day it produces better energy in both buildings.
In another research [47], the researchers used 3D-CNN to forecast 10-min direct normal
irradiance (DNI), which performs a convolution on both the spatial and temporal dimensions. The model was obtained reasonable accuracy forecast capacity for all conditions.
The algorithm used CNN for identification compared with these regression models and
forecasts the 5-min situation to be either clear or occluded. Their work experimented
with various CNN architectures and depths and determined that with high accuracy, an
18-layer-ResNet, which is a deep CNN with residual connectivity, performed the best.

2.3.4

Recurrent Neural Networks

RNN is the technique most commonly used for sequential data. It uses sequence models such as speech recognition, music generation, classification of emotions, a study of
DNA sequences, machine translation, and recognition of name entities [48]. It generates
sequential data and predictive outcomes. A FFNN transfers information in one direction
only. It does not have a memory of prior knowledge, so anticipating what is coming next
may be limited. It considers the latest input and what it has observed from the previous
inputs as it makes a decision.
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Initially, RNNs were struggling from drawbacks in learning long-range dependencies on
the data because of the infinite look-back window due to problems with exploding and
vanishing gradients [49]. This can, intuitively, be seen in the memory state as a form of
resonance. Long short-term memory networks (LSTMs) were then built by optimizing
gradient flow to overcome these limitations. The hidden layers of LSTMs have cells with
three gates: an input gate, an output gate, and a forget gate. The flow of information
needed to forecast the output is regulated by these gates [50].The forget gate determines
what data is not important to stay in the cell state. The input gate determines which values
can use sigmoid to update. It is mixed with a tanh layer to generate an update to the state.
By integrating the decisions of cells, the cell state makes it feasible for the data to flow
through the cell. Depending on the cell state, the output gate generates a filtered data
output. Gated recurrent units (GRUs) are similar to LSTMs since the short-term memory
issue in RNN models are also discussed. It uses hidden states instead of a "cell state"
to control information, and rather than three gates, it has reset and update gates. The
reset and update gates monitor how many and what data to maintain, similar to the gates
inside LSTMs [51]. GRU and LSTM can be able to remember long sequence information.
However, they require a great number of resources and time to train due to their recurrent
processing.

Figure 4. Recurrent Neural Network (RNN), Long-Short Term Memory (LSTM) & Gated Recurrent Unit (GRU) architectures [50].

In [52], the author proposed two approaches, regular LSTM, and LSTM-based sequenceto-sequence, for forecasting of building energy loads. They are introduced with one hour
and one-minute resolution on the usage dataset of residential load that is qualified and
checked. The standard LSTM proved fruitful in a single-hour response in this analysis
but struggled in a one-minute response. In the literature, the LSTM-based sequence-tosequence approach achieved better forecasting results in both datasets.
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In [53], the author proposed a hybrid deep learning model that combines the attention
mechanism with multiple LSTM models for the short-term photovoltaic power prediction model. A detailed comparative analysis was performed to evaluate the proposed
attention-long short-term memory network (ALSTM) system with available approaches,
namely Persistent Model, autoregressive integrated moving average with exogenous variable (ARIMAX), multi-layer perceptron (MLP), and LSTM models in all four seasons
with separate error metrics, and different horizons. LSTM and ALSTM showed significant benefits over the other approaches over a time horizon of more than 15 minutes.
Using t-statistics and p values furthermore, the author illustrates the improvement of ALSTM over conventional LSTM.

2.3.5

Attention Mechanism

The attention mechanism was first introduced in natural language processing (NLP) and
is now actively researched in this field [11]. The emergence of attention mechanisms
has also contributed to developments in long-term dependency training [11]. Although
other algorithms, such as RNNs or CNNs, attention was originally used, it was found to
do very well on its own. Attention units may simply be stacked to construct encoders
in combination with feed-forward layers. Attention Mechanisms are like a simulation
of a human vision mechanism; when an object is sensed by the human sight system, it
usually does not search the whole scene end to end. However, instead of concentrate on
a particular section according to the demands of the situation. When a person discovers
that in a certain section of a scene, the subject they would like to pay attention to usually
appears, they can recognize the subject how it looks in that section in the future and
begin to concentrate their attention on that section portion. The mapping of queries and
a set of key-value pairs to output can be represented as an attention function. When Key,
Query, and Value sources come from one source, then the attention mechanism is the
self-attention mechanism [54]. The attention function computed as
Attention(Query, source) =

n
X

similarity(Query, Key) × V alue.

(13)

i=1

Attention can be computed in three stages. At the first stage, calculate the similarity
between the query and each key to obtain weight, as shown in Eq. 14. Some of the widely
used similarity functions are dot product and splice. The second stage is commonly used
a softmax function to normalize the weights as shown in Eq. 15. The third stage, these
weights used in accordance with the matching value to find the last attention result as
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Figure 5. A representation of an attention model [44].

shown in Eq. 16 [55].
f (Q, Ki ) = QT Ki
exp(f (Q, Ki ))
Wi = sof tmax(f (Q, Ki )) = P
i exp(f (Q, Ki ))
X
Attention(Q, K, V ) =
Wi Vi

(14)
(15)
(16)

where f (Q, Ki ) is similarity function, Wi are the weights, Vi are values, Q is query, and
Ki denotes Keys

2.4

Summary

The previous study discussed three groups of existing electricity forecasting approaches
using electricity consumption and production data. These are statistical models, machine
learning approaches, and DL. However, due to an overwhelming number of computational
possibilities contributing to many solutions, certain non-linear data patterns are challenging. Methods based on DL primarily establish the model of sequence-to-sequence prediction by using LSTM and its alternatives, achieving profitable results. Existing techniques
still struggle to predict long sequence time series with adequate accuracy, despite significant improvement. Typical methods, especially DL techniques, remain a model of
sequence to sequence prediction that has its limitations. While they can achieve accurate
forecast for one step forward, they frequently suffer from a cumulative dynamic decoding
error. Along with the increase in the expected sequence length, the prediction accuracy
decreases. Because of the infinite look-back window problems with exploding and vanishing gradients, they suffered from learning long-range dependencies on the data.
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In this study, to overcome the limitation of long sequence time series forecasting, a new
time series forecasting approaches based on transformer network architecture was proposed [56]. The transformer has no problem of vanishing a gradient, like recurrent networks, and can link any point in the previous regardless of the distance between terms.
This role helps long-term dependencies to be discovered by the transformer. The transformer does not depend on linear processing; like recurrent networks, they can be operated
at high speeds entirely in parallel [57].
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3

TRANSFORMER NETWORKS FOR SHORT-TERM
FORECASTING OF ELECTRICITY PROSUMPTION

3.1

An overview of Transformer Models

A transformer network is constructed with a self-attention mechanism, encoders, and decoders, shown in Figure 6 [11]. Transformer network architecture helps avoid recurrence
and relies entirely on an attention mechanism to develop global dependencies among input and output. The transformer uses an encoder-decoder method. The input is initially
inserted into the encoder, and the output is generated according to the encoded input and
previous outputs in the decoder after encoding [55].

Figure 6. Transformer Model Architecture [11].
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3.1.1

Encoder Stacks

A stack of Nx equal layers forms the encoder. There are two sub-layers on each layer.
These are self-attention mechanisms with multiple heads and position-wise, fully connected feed-forward network [58]. Self-attention is an attention mechanism relating to
different positions of a single sequence to compute a representation of the same sequence.
Both of the two sub-layers are accompanied by the normalization of the layer [11]. Multihead attention is a module for attention mechanisms that run through an attention mechanism several times in parallel. Then the individual outputs of attention are concatenated
and transformed in a linear way into the expected dimension. Intuitively, multiple attention heads allow various sections of the sequence to be handled differently [59]. It can be
represented as shown in Figure 7 [60].

(a) Multi-Head Attention

(b) Scaled Dot Product Attention

Figure 7. Multi-Head Attention comprises several attentions layers running in parallel [60].

headi = Attention(QWiQ , KWiK , V WiV ) × W

(17)

M ultiHead(Q, K, V ) = [head1 , ..., headh ]Wo

(18)

where Q denotes for queries, K denotes for keys, and V denotes for values. W are all
learnable parameter matrices.
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Dot-product attention is most often used in the task of attention. Because it can be implemented using highly optimized matrix multiplication code, dot-product attention is both
quicker and more space-efficient. Scaled dot-product attention is an attention mechanism
where nk is the scale factor of the dot products. The dot products expand higher in terms
of magnitude, the Softmax function moving into regions with incredibly small gradients.
Therefore scaling the dot items by nk prevents the Softmax function from moving to an
extremely small gradient. The attention is calculated as
QK T
Attention(Q, K, V ) = sof tmax( √ )V
nk

(19)

where- Q and K are nk -dimensional vectors whose components are independent random
variables with mean 0 and variance 1, then compute their dot product.
Unlike batch normalization, layer normalization performs parameter normalization directly from the hidden layer neurons’ summed inputs. There are no new relationships
across training examples as a result of the normalization. The parameters of layer normalization for all hidden units in just the same layer. It can be calculated in the following
way:
H
1 X l
a
µl =
(20)
H i=1 i
v
u
H
u1 X
l
t
(ali − µl )2
(21)
α =
H
where H represents the number of hidden nodes in a layer, ali represents normalized
accumulated inputs to the ith hidden nodes in lth layer, µl represents the mean of the
accumulated inputs in each layer, and αl represents the variance of the accumulated inputs
in each layer. Layer normalization uses the same normalizing terms µ and α, for all hidden
units in a layer, but different training examples use different normalization terms. Unlike
batch normalization, layer normalization has no restriction on the length of the mini-batch
and may be used in a completely online environment with batch sizes as small as 1 [61].
The residual connection is happening when the initial positional input embedding added
with an output sequence of multi-headed attention. The output of a residual connection
is added to a layer normalization. For further processing, the normalized residual output
is predicted into a FFNN. The FFNN consists of two linear layers separated by a ReLU
activation. The output of that is then normalized and applied to the input of the FFNN
[11].
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3.1.2

Decoder Stacks

The decoder consists of a stack of similar layers of Nx . The decoder adds a third sub-layer
in addition to the two sub-layers of the encoder in each layer, which executes multi-head
attention over the encoder stack output. Layer normalization is applied across each of
the sub-layers of the decoder, just as it is in the encoder [62]. There is an additional
self-attention sub-layer in the decoder stack to prevent positions from attending corresponding positions. Combined with the assumption that the output embeddings are offset
by one position, this masking implies that the position i forecasts can only depend on the
observed outputs at positions smaller than i [63].

3.1.3

Positional Encoding

Since the fundamental model ignores recurrence and convolution, injected some information about the relative or absolute positioning of the tokens in the series to allow the
model to use the sequence’s order and accomplished this by using positional encodings on
the input embeddings at the bottoms of the encoder and decoder stacks. The fundamental
Transformer model implemented absolute positional encoding to represent positions using sine for even positions and cosine functions for odd positions as shown in Eq. 22 and
Eq. 23 [63] [11]
P E(pos,2i) = sin(pos/100002i/dmodel )
(22)
P E(pos,2i+1) = cos(pos/100002i/dmodel )

(23)

where pos denotes the location and i denotes the dimension. That is, each positional
encoding dimension corresponds to a sine-cosine function. The wavelengths are set in a
geometric progression from 2π to 10000 times 2π.
Few modifications to the original model are made to fit the transformer model for any
custom time series, as seen in Figure 8. First, the model’s NLP-related embedding layers
are eliminated, and the value of a time series is provided to the model as input. Moreover,
the soft-max layer is replaced by the MSE function, which is used as a cost function
according to Eq. 24:
N
1 X r
(yj − yjg )2
(24)
MSE =
N j=1
where yjr is the real output, yjg is the generated output by the model [39].
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Figure 8. An architecture of customized transformer neural network [64].

3.2

Implementation of Transformer Network

This section expands on the literature review by explaining the paradigm used in this study
in more detail. Transformer networks tend to be appropriate for predicting electricity
production and consumption, as discussed in Sections 2.3.5 and 3.1. As a consequence,
it is just normal to rely on the most up-to-date transformer network. The model chosen
is Informer: Beyond Efficient Transformer for Long Sequence Time-Series Forecasting,
first published in [56].
Many improvements are happening in the transformer network, especially for improving
the time and space complexity of the fundamental architecture. In the first self-attention
transformer network the time and space were quadratic which are the bottlenecks for using a long sequence. Several methods for optimizing self-attention performance have
been suggested [65]. Introducing sparsity into attention layers by making each token attend to just a subset of tokens in the entire series is a common strategy. This lowers the
√
attention mechanism’s total complexity to O(n n) [66]. However, as seen in [67], this
solution suffers from a significant performance drop with minimal productivity improvements, a 2% performance drop with just a 20% speed increase. More recent times, the Reformer [68] reduced the self-attention complexity to O(nlog(n)) using locally-sensitive
hashing. However, the Reformer’s productivity benefits are only noticeable on sequences
longer than 2048. Furthermore, the Reformer’s multi-round hashing strategy raises con-
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current operations, undermining their performance gains even further. Linformer [54] has
recently claimed a linear complexity of O(n), but the projection matrix cannot be set for
real-world long sequence input, which has the potential to degrade to O(n2 ).
Most real-world implementations, such as energy consumption, actually require the forecasting of long sequence time-series. Long sequence time series prediction requires a
model with a strong predictive ability or the ability to convey accurate long-range dependence bonding among inputs and outputs. The informer model [56], a modern, effective
transformer-based model for long sequence time-series forecasting, has been established
in recent studies. The informer tackles many serious problems with the transformer network that prevents it from becoming specifically applicable to LSTF, including quadratic
computation time, heavy memory consumption, and the inherent limitations of encoderdecoder architectures [56]. Therefore, the informer increases the potential of the prediction capacity of the transformer model.

3.3

Structure of Informer Model

Informer helps to boost self-attention mechanism, minimize memory consumption, and
increase reasoning speed [56]. The transformer encoder layer and the (mask) transformer
decoder layer is also used by Informer. In one forward step, the decoder can accurately
predict long sequences. This feature boosts inference speed when predicting long sequences. The Informer study utilizes a probabilistic attention mechanism to predict long
series. Learning embedding-related time features are also used in Informer. As a result,
the model is able to produce a useful task-based time representation [56].
The Informer model improves the fundamental architecture as shown in Figure 9, in three
main parts to address the limitation for long sequence forecasting. These are ProbSparse
self-attention mechanism, self-attention distillation operation and generative style Decoder.

3.3.1

ProbSparse self-attention mechanism

The first improvement is replacing canonical self-attention using ProbSparse self-attention
mechanism that helps to improve the time and space complexity. The informer uses probabilistic attention to reduce the time complexity of self-attention. This probabilistic attention model has an O(n log(n)) complexity compared with the traditional O(n2 ) [55].

31
Only a few keys and values play a significant role in attention score in traditional selfattention. This means that the vast majority of computed dot products are useless and do
T
√
not affect attention scores. As a policy Sof tmax( (QK)
)εRL×L of each row, only the
d
row with a large deviation from the uniform distribution is left, and the other rows are
discarded [56]. Therefore, instead of concentrating on all queries, ProbSparse enables
each key K to rely on the main queries Q. This enables the model to manage expensive
operations with just a portion of the query/value tensor calculation. The ProbSparse approach, in particular, has a factor that can specify predictions. This variable determines
how much the attention calculations are reduced [56].

Figure 9. Informer architecture [56].
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3.3.2

Self-attention Distillation Operation

The encoder is intended to derive the long-range dependencies of long sequence inputs in
n
∈
a reliable manner. The nth series input S n has been transformed into a matrix Sfeed_en
RLx ×dmodel after the input representation.
The encoder’s feature map has redundant variations of value V as a result of the ProbSparse Self-attention process. The informer performs the distillation operation in the
following layer to select the stronger ones with dominant features and generate a centered
self-attention feature map. The n-heads weights matrix of Attention blocks reduces the
input’s temporal dimension considerably. The Informer model implemented distillation
operation to forward i-layer to i + 1 layer as shown in Eq. 25 [56].
n
Si+1
= M axP ool(ELU (Conv1d([Sin ]AB )))

(25)

where [·]AB includes the ProbSparse self attention and the necessary functions in the
attention block, and Conv1d(·) uses the ELU(·) activation function to execute a 1-D convolution layers filtering (kernel size=3) on the time dimension. After stacking a layer,
connect a max-pooling layer with strides 2 and down-sample S n into its half piece, reducing the overall memory consumption to O((2 − ε)n log(n)), where ε is a very small
number [56].
Exponential linear unit (ELU) are used an activation function to reach mean zero instead
of batch normalization, since learning can be sped up by centering the activations at zero.
The bias change in ReLUs is what slows down the learning process. Learning causes for
bias change in the following layers for those with mean activation greater than zero. As
a result, ELU is a good replacement for ReLU because it reduces bias change by moving
the mean activation towards zero [69].

Figure 10. ELU activation function [70].
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3.3.3

Generative Style Decoder

The decoder is made up of a stack of similar Nx layers. In addition to the two sub-layers
in each encoder layer, the decoder introduces a third sub-layer that performs multi-head
attention over the encoder stack output [57]. Similar to the encoder, layer normalization
is applied to each of the sub-layers. It is made up of two separate multi-head attention
layers stacked on top of each other. On the other hand, generative inference is used to
compensate for the speed reduction in long forecasting. The following vectors are fed
into the decoder [56]:
n
n
Si+1
= Concat(Stoken
, S0n ) ∈ R(Ltoken +Ly )×dmodel

(26)

n
∈ RLtoken ×dmodel is the start token, S0n ∈ RLy ×dmodel is a target sequence.
where Stoken

Setting masked dot products to negative infinity in ProbSparse self-attention computation simulates masked multi-head attention. It avoids auto-regression by preventing each
position from attending to incoming positions [11].

3.4

Hyper-parameters of Informer Model

Hyper-parameters are properties that control the training process. Those variables define
the network configuration and variables that decide how the network is trained [71]. Before training, the model hyper-parameters are set. Hyper-parameters are vital since they
directly impact the training’s activity and the model’s output. The performance of DL
architectures that influence the trained model requires the selection of appropriate hyperparameters. For instance, if the learning rate is too low, the model may ignore important
trends in the data; on the other hand, if it is too high, collisions will occur [72].
The learning rate, patience during early-stopping, the maximum number of epochs, dropout,
and batch size are some of the popular hyper-parameters to most deep learning models [73] [74]. Additional parameters in the informer model include an encoder layer, a
decoder layer, the number of heads, and the sampling factor. The learning rate controls
how the network learns at every iteration. The patience specifies the overall number of
epochs that can be completed without the training improving. The maximum number of
epochs determines how many iterations can be performed before the training is terminated. The learning rate and verification patience must be selected in parallel so that the
training can be learned conveniently and efficiently [75]. The sampling factor controls the
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information bandwidth of ProbSparse self-attention [56]. The aim of early stopping is to
avoid overfitting the model. It is achieved by keeping track of the loss on both training and
validation data throughout the training process. At each epoch, all training and validation
loss should decrease. If the model overfits, however, validation loss does not decrease
while training loss continues to decreasing [76]. Setting the maximum number of epochs
high enough would force the network to stop due to a lack of patience. The early stopping technique is applied in the study that allows you to set an extremely large number of
training epochs and then stop training when the model’s output on the validation dataset
stops improving. Another strategy for preventing the model from overfitting is a dropout.
While training, it removes a certain number of nodes randomly, preventing the algorithm
from memorizing the training data but instead just being a generalized model.
The hyper-parameters were implemented during the forecasting of electricity prosumption
experiments using the proposed Informer model. These hyper-parameters can be tuned
to obtain good forecasting results. In this study, the model contains a 2-layer stack in the
encoder and a 1-layer decoder. It uses an Adam optimizer, and its learning rate starts from
0.0001, but in every two epochs, it decreases by ten times, and the dropout set to be 0.05.
The total number of epochs is 6 with proper early stopping with the patience of 2. The
sampling factor 5 as recommended, and the batch size is 32. The result of experiments in
Sections 4.5.3, 4.6.3, and 4.7 was obtained based on those hyper-parameters.
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4
4.1

EXPERIMENTS AND RESULTS
Experimental Setup

In this part, the experiments for the transformer network using historical electricity consumption and production and the parameters applied in the experiment are explained. The
performance assessment approach used in the tests is also explained. The outcomes of the
experiments are listed and analyzed in Section 4.5 and 4.6.

4.2

Overview of Dataset

The dataset for the thesis has been previously collected from the campus of LappeenrantaLahti University of Technology (LUT University). In this study, datasets that contain
20299 records for electricity consumption and 45625 records for solar power generation
are used to develop predictive models. The data is made up of time series with a onehour sampling interval. The electricity consumption and solar generation time series are
the target values. Input time series can be categorized into three parts which are weather
data, calendar data, and radiation data. The Finnish Meteorological Institute provided
the weather data time series of the Lappeenranta airport, which is located 6 kilometers
from LUT University [77]. Figure 11 represent weather variables such as cloud amount,
pressure, relative humidity, air temperature, dewpoint temperature, horizontal visibility,
wind direction, gust speed, and wind speed are the nine(9) sub-time series in the weather
time series. For predicting electricity consumption and solar power generation, all of
these measurements are used.
The reciprocal relationship between energy consumption and temperature can be seen,
with increases in one occurring alongside decrease in the other. This backs up the market
assumption that as the temperature drops, energy demand by heaters and other devices
will rise. On the other side, during very high temperature there is the need of energy for
air conditioning, Still, at the same time, there is a high probability of higher production
of energy. The values of humidity and cloud cover seem to follow the same trend as the
normal energy consumption. The visibility and wind speed factor does not seem to have
any effect on energy consumption, because visibility and wind speed is most certainly an
outdoor factor, its rise or decrease is unlikely to have an impact on energy consumption
within the LUT building. The correlation among the variables is shown in Figure 12.
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Figure 11. Weather Data.
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Figure 12. Electricity Consumption Variables Correlation Heat Map.
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Electricity consumption has a massive societal factor that is influenced by human behavior. The social factor is one of the main causes for the daily and weekly trends of
electricity consumption. Consumer behavior may also illustrate the differences in electricity consumption profiles between weekdays and weekends and between day and night.
Certain calendar data were used as input variables to enable the forecast models to account for electricity consumption fluctuations that are tied to individual days, seasons,
and times of the day. Inputs included the hour of the day, the day of the week, the weekend, and the month of the year. The influence of social factors on electricity consumption
is shown in Figure 13. Calendar data features of data sets are cyclical. Months, days,

(a) Pattern of weekdays

(b) Pattern of a day

Figure 13. Electricity Consumption with Calendar data.

weekdays, hours, minutes, and seconds are among the most important time characteristics [26]. When working with cyclical features, one of the most important considerations
is how to encode the values in such a way that the deep learning algorithm understands
that the features appear in loops. This is particularly concerning in deep learning implementations, as it may have a direct impact on the algorithm’s convergence rate. The sine
and cosine functions were used to convert the calendar data into cyclical time series in
order to express the cyclical existence of the data. This type of transition helps to make
better use of the calendar data. The hour of the day is used to reflect the duration of the
day. The minimum and maximum values are 0 and 23, respectively. To reflect the weekly
loop, the day of the week is used. The minimum and maximum values are 0 and 6, respectively. The day of the year is used to reflect the duration of the year. The minimal and
maximum values are 1 and 366, respectively. A calendar data converted to a minimum
and the maximum values of time as follows [77]:
Tsin = sin(2π

T − Tmin
)
Tmax − Tmin

(27)
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Tcos = cos(2π

T − Tmin
).
Tmax − Tmin

(28)

There are six(6) calendar data time series in both datasets. The calendar data are removed
the month of the year, which reflects the duration of a year, similar to the day of the year.
The day of the year was chosen because it depicts the year’s fluctuation more accurately
with 366 distinct values rather than the month’s 12 values. In addition to weather and
calendar data, forecasting of solar power generation use radiation data. The radiation
data was collected from Kotka Station, the closest station from Lappeenranta that collects
radiation data [77]. The diffuse radiation, global radiation, and sunlight period are three
sub-time series in the radiation data.

4.3

Data Preprocessing

The method of cleaning and transforming raw data before processing and interpretation is
known as data preprocessing. Before processing, it is crucial to reformatting data, making
data corrections, and merging data sets to enrich data. Real data is often pre-processed in
order to conform it to correct time series analysis. Detecting missed values, eliminating
outliers, and preparing for seasonal fluctuations are also examples of pre-processing [78].

4.3.1

Filling Missing Values

A common issue in the forecasting of time-series data is the presence of missing values.
Because of defective equipment, missing information, or an error that cannot be rectified
until later, observation cannot be taken at a specific time [79]. If one or more observations
were missing, it would be possible to approximate the missing values. Through more
reliable forecasting, a greater interpretation of the essence of the data can be gained by
providing projections of missing values [78].
Pandas is one of the data-centric python packages and makes importation and investigating data much more manageable. Pandas forward fill function is used to fill the missing
value in the datasets by propagating the last valid observation forward. If a long sequence of rows has null values, then an alternative decided to drop all the rows with a null
value [80].
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4.3.2

Feature Scaling

Feature scaling is the process of changing data for different sizes to standardize the variables present in the data in a fixed range. Normalization and standardization are the most
common scaling methods. Normalization is used when the values require to be bound
between two numbers, typically [0,1] or [-1,1]; normalization can be computed as shown
in Eq. 29 [81].
X − Xmin
Xnew =
(29)
Xmax − Xmin
Where Xmax and Xmin are the maximum and the minimum values of the feature X,
respectively
Another scaling method is standardization, in which the values are centered around the
mean with a unit standard deviation. Consequently, the attribute’s mean becomes zero after standardization, and the resulting distribution has a unit standard deviation [82]. Normalization has a bounding radius, but standardization does not. Standardization does not
have an impact on data contain outliers. The standardization scaling technique is a good
choice if the data follows a Gaussian distribution [81]. Therefore, the standardization
method of scaling is applied in this experiment to train the informer model. Standardization is calculated as follows:
X −µ
(30)
Snew =
σ
where µ is the mean of the feature values X and σ is the standard deviation of the feature
values.

4.3.3

Data Splitting

Weather data and calendar data are used as input during the forecasting of electricity consumption. Forecasting of solar power generation requires weather data, calendar data, and
radiation data as input. The dataset is then prepared into samples containing a multivariate
input matrix and an output uni-variate vector related to every time step. These samples
are split into three subsets before the data fed to the informer model. In the first subset,
60% of the samples are chosen for training, the following 20% of the samples become the
validation set, and the last 20% of the samples are for testing the model performance.
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4.4

Performance Evaluation

There are many popular error metrics to measure the performance of the trained model.
[83]. However, to evaluate the performance of the informer model and to compare it with
other models, four metrics are implemented. These are mean absolute error (MAE), MSE,
RMSE, and mean arctangent absolute percentage error (MAAPE).
The MAE is a widely used metric for calculating the arithmetic average of differences
between estimates and real values. MAE is a scale-dependent variable. Since it is based
on real values, all positive and negative deviations from the real value are equally taken
into account [84]. MAE can be calculated as follows:
PL
i

MAE =

|Ya − Ye |
L

(31)

where L is the length of the prediction, Ya actual value, and Ye is the estimated value.
The MSE is the mean of the squares of errors or the difference between the actual and
estimated values. It is related to the square of error loss for the predicted value. The
difference between actual and predicted is due to chance or a lack of information that
would enable an accurate prediction to be generated. The MSE is a non-negative metric
for determining the consistency of a trained model [84]. If the MSE value is close to zero,
it indicates that the trained model is of higher quality. MSE can be calculated as follows
PL
MSE =

i

(Ya − Ye )2
L

(32)

where L is the length of the prediction, Ya actual value, and Ye is the estimated value.
The only problem with MSE is that the loss order is higher than the order of data. The loss
function, MSE has an order of 2, but data is of order 1. As a result, this can not directly
correlate data to the error. Therefore, the root of MSE, which is the RMSE. RMSE can be
calculated as follows:
s
PL
2
i (Ya − Ye )
RMSE =
.
(33)
L
The scale-dependent metrics MAE, MSE, and RMSE have difficulty comparing the outcomes of two separate sets of data. Therefore, additional metrics MAPE are used. Because of its scale independence and interpretability, the MAPE is one of the most com-
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monly used measurements of prediction accuracy. MAPE can be calculated as follows:
L

MAPE =

1 X |Ya − Ye |
× 100
L i
Ya

(34)

where L is the length of the prediction, Ya actual value, and Ye is the estimated value.
MAPE, on the other hand, has the drawback of producing infinite or unknown values with
real values that are zero or close to zero. MAAPE is an alternative statistical approach to
solve the problem of numbers close to zero or zero, by applying the Arc Tangent of the
MAPE to avoid infinity when finding numbers closer to zero, in a fundamental way by
treating the ratio as an angle rather than a slope [85]. Since its values are expressed in
radians, the MAAPE is therefore scale-free. However, MAAPE is not resilient to these
big errors. Some other drawback of MAAPE is that, regardless of the predicted value, if
the real value is zero, the resulting Arctangent Absolute Percentage Error value is always
π
. Mathematically, MAAPE can be computed as shown in Eq. 35 [85].
2
L

1X
|Ya − Ye |
MAAPE =
arctan
× 100
L i
Ya

(35)

Where L is the length of the prediction, Ya actual value, and Ye is the estimated value.

4.5

Experiment for Forecasting of Electricity Consumption

The experiment in this section related to a forecasting of electricity consumption and its
parameters. The electricity consumption dataset contains weather data, calendar data, and
energy consumed. The historical data of LUT electricity consumption gathered between
2017 − 09 − 29 and 2020 − 03 − 14. Figure 14 illustrates the electricity consumed in LUT
with respect to dates.
In this experiment determine optimal window size with respect to a prediction horizon,
sample 3h, 6h, 12h, 24h, 48h, 72h, and 168h prediction horizon forecasting results of an
informer model presented, observe how the model behaves by doing multiple training and
finally comparison the result of an informer model with the result of baseline models.
List of parameters used for a forecasting of electricity consumption experiment as shown
in Table 2.
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Figure 14. Electricity Consumption.
Table 2. Parameters used in the experiment.
Parameters
Window size
Horizon
Learning rate
Encoder layer
Decoder layer
Sampling Factor
Dropout
Batch size
Epochs
Patience
Number of heads
Input Variables

4.5.1

Parameter values
24h,48h,72h,96h,120h,144h,168h
3h,6h,12h,24h,48h,72h,168h
0.0001
2
1
5
0.05
32
6
2
8
16

Description of Electricity Consumption Experiment

The Informer model uses multivariate input to predict electricity consumption and production. A single target time series is used as the output. The data has been structured based
on two parameters, which are inherent to time series forecasting. These are the window
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size and the prediction horizon. The window size refers to how many backward time-steps
measures are taken into account when forecasting. The prediction horizon is the number
of time steps that are predicted by referring to the window size time steps. Analyzing the
relationship between window size and prediction horizon improves the efficiency of forecasting. Furthermore, an experiment was performed to see how the window size varies
depending on the forecast horizon and determine the optimal window size for each prediction horizon. The informer model is trained to forecast electricity consumption based
on selected optimal window size in the next step. Finally, the result of the informer model
is compared with the result of the baseline models.

4.5.2

Window Size Optimization of Electricity Consumption

In order to find optimal window size for a specific prediction horizon, multiple model
training was performed with different window sizes and evaluated the MAE, the RMSE,
and the MAAPE. The experiment performed for the window size in the range between 24
and 168 hours using an interval of 24 hours for each prediction horizon. Therefore, the
window size with minimum error is selected in each prediction horizon. In this experiment, prediction horizons 3h, 6h, 12h, 24h, 48h, and 72h are considered.
The prediction horizon and window size are related in the sense that the larger the prediction horizon, the greater the effect of the window size on results. Fortunately, regardless of
the value of the forecast horizon, the most appropriate window size appears to be different.
The result of different window sizes evaluated for each prediction horizon is illustrated
by MAE, RMSE and MAAPE as shown in Figure 15.
From the observation, the prediction horizon 24h has the smallest error value in MAE,
RMSE and MAAPE when the window size is 144h. Therefore, window size 144h as an
optimal window for prediction horizon 24h is selected. Similarly, window size 144h, 96h,
48h,120h, and 120h are selected for the prediction horizon 3h, 6h, 12h, 48h, and 72h,
respectively.
The result of the experiment for prediction horizon 48h and 72h showed minimum error in
window size 120h. The prediction horizon of 24h has a larger window size compare with
the window size of the prediction horizon of 48h and 72h. Therefore, window size does
not depend on the length of the prediction horizon. The result of the window size 24h, 48h
and 120h are very close when the prediction horizon is 72h. The detail of optimization
window experiment results for electricity consumption as shown in Appendix 1.
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(a) Prediction Horizon 3h

(b) Prediction Horizon 6h

(c) Prediction Horizon 12h

(d) Prediction Horizon 24h

(e) Prediction Horizon 48h

(f) Prediction Horizon 72h

Figure 15. Evaluation of window size for prediction horizon 3h, 6h, 12h, 24h, 48h, and 72h using
MAE, RMSE and MAAPE.
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4.5.3

Experiment Result of Electricity Consumption Forecasting

Data preprocessing, window size optimization and tuning informer model hyper-parameter
discussed to improve the performance of forecasting. Based on experiment in Section
4.5.2 optimal window size for each prediction horizon is selected. According to the window length chosen, the consistency of the informer model result is verified by performing
the training five times, and the mean and standard deviation among the training results
calculated and presented in Table 3, Table 4 and Table 5.
Table 3. Five training electricity consumption MAE results.

Train-1
Train-2
Train-3
Train-4
Train-5
Mean
STD

144-3
0.78
0.58
2.01
1.48
1.31
1.23
0.56

96-6
2.97
2.07
3.16
2.61
1.60
2.48
0.64

MAE(kW )
48-12 144-24 120-48
3.86
4.91
4.49
4.26
5.00
5.90
4.02
4.61
3.72
3.95
5.00
5.42
4.17
4.05
5.18
4.05
4.80
4.94
0.16
0.23
0.84

120-72
6.40
8.01
5.00
6.62
8.18
6.84
1.30

720-168
9.53
11.50
11.23
9.23
10.80
10.53
1.07

Table 4. Five training electricity consumption RMSE results.

Train-1
Train-2
Train-3
Train-4
Train-5
Mean
STD

144-3
0.85
0.60
2.48
1.88
1.43
1.45
0.76

96-6
3.28
2.45
3.73
3.44
2.04
2.99
0.71

RMSE(kW )
48-12 144-24 120-48
4.64
6.13
6.33
5.48
6.09
7.01
4.97
5.84
4.60
5.42
5.90
6.78
4.58
5.84
6.33
5.02
5.96
6.21
0.42
0.14
0.95

120-72
8.32
9.88
6.54
8.63
10.01
8.67
1.41

720-168
13.21
14.70
14.68
12.26
14.40
13.85
1.08

The standard deviation of the error between the five training shows a slight increase when
the prediction horizon increase. For example, the MAPE for prediction horizon24h among
the five training ranges from 2.0% to 2.6%, but for prediction horizon, 72h among the five
training ranges from 2.4% to 4.0%. Therefore, the results obtained from the five trainings
are consistent and the standard deviation in all prediction horizon cases is small. But,
their forecasting error rises smoothly and slowly within the rise of the prediction horizon.
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Table 5. Five training electricity consumption MAPE results.

Train-1
Train-2
Train-3
Train-4
Train-5
Mean
STD

144-3
0.29
0.28
0.80
0.61
0.46
0.49
0.22

96-6
1.27
1.10
1.39
1.28
0.64
1.14
0.30

MAAPE(%)
48-12 144-24 120-48
1.65
2.11
2.02
1.94
2.03
3.03
1.84
2.42
2.00
1.66
2.59
2.54
1.90
2.01
2.48
1.80
2.25
2.42
0.14
0.24
0.43

120-72
3.48
3.84
2.41
3.26
4.20
3.44
0.67

720-168
4.18
5.01
3.95
4.82
4.52
4.50
0.44

Validation loss is a way of evaluating generalization (i.e., loss on undefined or unknown
data) without infecting the true test set. As a result, unless your validation set was wrongly
selected to be unrepresentative of the whole dataset, usually validation loss is lower than
the training error [86]. Validation loss may be comparable to training loss, but significantly higher. The training continues as far as the validation loss is above or identical
to the training loss. In addition, the training continues if the training loss is decreasing
without a rise in the validation loss. It is time to stop if validation loss starts to rise.
The training and validation losses of the forecast with the smallest error evaluation are
calculated with a forecast horizon of 3, 6, 12, 24, 48, 72, and 168 hours and using a
window size of 144, 96,48, 144, 120, 120, and 720 hours respectively. The model could
be more accurate and effective for different study sets when the two losses curves match
each other. The training and validation loss curves for 3h, 6h, 12h, 24h, 48h, and 72h
prediction horizon are presented in Figure 16.

48

(a) Prediction horizon 3h

(b) Prediction horizon 6h

(c) Prediction horizon 12h

(d) Prediction horizon 24h

(e) Prediction horizon 48h

(f) Prediction horizon 72h

(g) Prediction horizon 168h

Figure 16. Electricity Consumption training and validation loss curve.

Figure 17 and Figure 18 illustrate example results of electricity consumption forecasting
for different prediction horizons. In Figure 17 a) demonstrates the 24 hours prediction
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and b) demonstrates the 48 hours prediction and in Figure 18 a) demonstrates the 72
hours prediction horizon and b) demonstrates the 168 hours prediction horizon. The graph
shows how electricity consumption varies during the day as well. For example, minimal
consumption is around 23:00 p.m., and peak consumption is around 11 a.m. This indicates
forecasting of electricity consumption has strong relation with calendar data. Therefore, it
helps to assume that the informer model performs good estimation based on the different
error metrics and the closeness of the forecast against the ground truth.

(a) Prediction horizon 24h

(b) Prediction horizon 48h

Figure 17. Electricity Consumption forecasting plot for prediction horizon 24h and 48h.
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(a) Prediction horizon 72h

(b) Prediction horizon 168h

Figure 18. Electricity Consumption forecasting plot for prediction horizon 72h and 168h.

4.5.4

Baseline Models Comparison with Informer Model

In this experiment, naive forecasting methods are implemented as baseline models the
details were discussed in Section 2.1.4. The forecasting result of simple naive, average
method, seasonal naive, and informer model are compared.
For electricity consumption dataset, the seasonal naive forecasting is implemented by
subtracting seven days from the last observation of the context window and then taking
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the sequence of data with the length of the prediction horizon as prediction to find values
from the same weekday of previous week. Figure 19 illustrates the implementation of
seasonal naive baseline model using the same day from the previous week.

(a) Forecasting for prediction horizon 24h using seasonal naive

(b) Forecasting for prediction horizon 24h using informer model

Figure 19. Representation of seasonal naive and Informer Model for prediction horizon 24h.

Figure 20 represent the comparison of the informer model with the baseline models for
forecasting electricity consumption.
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(a) Baseline Models Evaluation using MAE

(b) Baseline Models Evaluation using RMSE

(c) Baseline Models Evaluation using MAPE

Figure 20. Comparison of baseline models with Informer Model.
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The graph in Figure 20 shows that in all cases informer model achieved better result compare with the baseline models. When the prediction horizon increased the error rate in
informer model increases faster but in seasonal naive the error rate remain almost constant. When the prediction horizon is 168h, informer shows small improvement compare
with seasonal naive. As indicated in Figure 20 the improvement of forecasting for long
sequence is small.
In comparison with a seasonal naive forecasting results, the informer model decreases
the RMSE approximately by 94%, 53%, 66%, 52%, 29%, 7% and 18% in horizon 3, 6,
12, 24, 48, 72 and 168 hours respectively. Similarly, in comparison with the seasonal
naive forecasting results, the informer model decreases the MAE approximately by 95%,
50%, 66%, 58%, 30.3%, 31.2% and 6% in horizon 3, 6, 12, 24, 48, 72 and 168 hours
respectively.
The baseline model and informer model compared by MAAPE. The seasonal naive achieved
3.4%, 1.6%, 3.7%, 3.5%, 2.9%, 2.9%, and 9.0% in prediction horizon 3, 6, 12, 24, 48,
72, and 168 hours respectively. But the informer model achieved 0.2%, 0.8%, 1.4%,
1.6%, 2.1%, 2.7%, and 7.1% in prediction horizon 3, 6, 12, 24, 48, 72, and 168 hours
respectively. Therefore, the informer model outperformed the naive methods.

4.6

Experiment for Forecasting of Solar Power Generation

The experiment in this section performed for forecasting of solar power generation and
its parameters. The solar power generation dataset the contains radiation data, weather
data, calendar data and solar power generation data. The historical data of solar power
generation gathered between 2014 − 12 − 31 and 2020 − 03 − 14. Figure 21 illustrates
the power-generated data records with respect to dates. The data was gathered from LUT
solar panels.
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Figure 21. Historical data overall solar power generated.

4.6.1

Description of Solar Power Generation Forecasting Experiment

In this experiment, an optimum window size determined for different prediction horizon,
and introduced the informer model’s forecasting results for the 3h, 6h, 12h, 24h, 48h,
72h, and 168h prediction horizons, observed how the model behaved by doing several
training, and finally the result of the informer model compared with the result of the
baseline models. The most of parameters are same as shown previously in Table 2. But
for solar power generation forecasting radiation variables are required that means the
input variables increase to 19 in this experiment.
The correlation heat-map of variables for forecasting solar power generation is seen in
Figure 22. Correlation heat-maps shows the relationship of solar power generation dataset
variables in a more visually format. They quickly demonstrate the variables are correlated,
to what degree, and in which direction, as well as possible multiple correlation issues.
The informer model’s success in forecasting solar power generation datasets is analyzed
and compared, including the input time series’ significance. The relationship among the
variables are shown in Figure 22.
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Figure 22. Correlation heat-map of solar power generation variables.

4.6.2

Window Size Optimization of Solar Power Generation

The window size optimization helps us to analyze the relationship between window size
and prediction horizon in order to improve the forecasting accuracy. In this study to find
optimal window size for specific prediction horizon by training with different window
sizes and evaluate the MAE, RMSE and MAAPE depending on the window size for prediction horizon 24, 48, 72, and 168 hours. The window size with smallest MAE and
RMSE is selected for each prediction horizon.
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When it comes to solar power generation prediction, the best window size attribute is
not the same with all error metrics. For instance, to 72 hours prediction horizon applied
window size 72 hours show smaller error with MAE and RMSE, but window size 144
hours produce lower error using MAAPE. In general, all the three error metrics are considered but more heavily rely on MAE and RMSE, because they put more emphasis on
the severity of the errors.
The experiment for identifying the optimal window in solar power generation forecasting for a different prediction horizon demonstrates that 24 hours window size obtain the
smaller error in most cases. That shows forecasting of solar power generation does not
have much relation with weekdays, previous day information can be sufficient. In forecasting of solar power generation, it does not have a significant influence on the performance of different prediction horizons in comparison with the electricity consumption
experiments. In most cases in the experiment shows that window size 24 hours can be
considered as a good choice.
Figure 23, Figure 24 and Figure 25 demonstrate window size 24 hours have smaller error
for 24, 48, and 72 hours prediction horizon. Figure 26 plotted to demonstrate that window
size 72 hours obtain minimum error in MAE and RMSE for 168 hours prediction horizon.
Therefore, window size does not depend on the length of the prediction horizon during
solar power generation forecasting. However, during training using different window
sizes does not show significant error differences. The detail the experiment of window
size optimization for electricity production as shown in Appendix 2.

(a) MAE

(b) RMSE

(c) MAAPE

Figure 23. Estimation of window size for prediction horizon 24 hours.
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(a) MAE

(b) RMSE

(c) MAAPE

Figure 24. Estimation of window size for prediction horizon 48 hours.

(a) MAE

(b) RMSE

(c) MAAPE

Figure 25. Estimation of window size for prediction horizon 72 hours.

(a) MAE

(b) RMSE

(c) MAAPE

Figure 26. Estimation of window size for prediction horizon 168 hours.
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4.6.3

Experiment Result for Solar Power Generation Forecasting

An optimal window sizes are selected according to the experiment performed in Section
4.6.2. In this experiment five training performed to verify the consistency of the informer
model for forecasting of solar power generation. Furthermore, the mean and standard
deviation among the five training results presented in Table 6, Table 7, and Table 8.
Table 6. Five training MAE results for forecasting of solar power generation.

Train-1
Train-2
Train-3
Train-4
Train-5
Mean
STD

24-3
0.16
0.18
0.15
0.14
0.28
0.18
0.06

24-6
1.81
1.51
1.20
1.04
1.31
1.37
0.29

MAE(kW )
24-12 24-24
1.34
2.37
1.19
3.05
1.45
2.54
1.22
2.27
1.39
2.77
1.37
2.60
0.29
0.31

24-48
2.73
2.28
2.56
3.08
2.76
2.68
0.29

24-72
2.91
3.63
3.03
3.28
3.83
3.34
0.39

72-168
2.91
5.81
5.69
5.41
6.26
5.81
0.31

Table 7. Five training RMSE results for forecasting of solar power generation.

Train-1
Train-2
Train-3
Train-4
Train-5
Mean
STD

24-3
0.20
0.22
0.18
0.16
0.29
0.20
0.05

24-6
2.18
1.89
1.31
1.23
1.39
1.60
0.41

RMSE(kW )
24-12 24-24 24-48
1.54
2.91
3.89
1.65
3.49
3.75
1.63
3.26
3.21
1.49
3.11
3.93
1.64
3.49
3.76
1.59
3.25
3.71
0.07
0.25
0.29

24-72
4.41
5.04
4.16
4.59
4.84
4.61
0.35

72-168
9.57
9.87
9.65
8.66
9.73
9.50
0.48

The results from five training show that it has consistency, it does not have large deviation
from the mean. The standard deviation of the error among the five training results shows
some increment, when the prediction horizon increase. Similarly, the error rate increase
gradually with respect to a prediction horizon.
For example, the RMSE for prediction horizon 24h among the five training ranges from
2.91% to 3.49%, but for prediction horizon, 168h among the five runs range from 8.66%
to 9.87%. However, the result for MAAPE seems higher because it also works with zero
true value. If there are a lot of zero values, like there are in electricity production datasets,
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Table 8. Five training MAAPE results for forecasting of solar power generation.

Train-1
Train-2
Train-3
Train-4
Train-5
Mean
STD

24-3
0.67
0.49
0.51
0.65
0.55
0.50
0.21

24-6
5.07
9.88
7.12
6.79
8.24
7.42
1.78

MAAPE(%)
24-12 24-24 24-48
38.41 38.7
39.0
27.46 38.5
42.8
55.72 35.2
43.3
62.61 40.7
43.5
49.09 36.7
45.3
46.09 37.96 42.79
13.90 2.09
2.30

24-72
43.9
46.2
47.9
50.5
46.6
47.04
2.41

72-168
41.7
47.3
46.6
56.7
47.1
47.87
5.43

it also increases. If the true value is zero value, the local MAAPE achieves its maximum
value, which is π2 , regardless of the expected value. The largest error for a small prediction
horizon 24h in RMSE is 3.49 kW and the large prediction horizon 168h maximum error
is 9.87 kW, which indicates that the length of the prediction horizon does not have a
significant impact on prediction accuracy. The performance of the informer model in all
the error metrics is represented in Table 6, Table 7, and Table 8.
Here, the training and validation loss curves for 3h, 6h, 12h, 24h, 48h, 72h, and 168h
prediction horizon for forecasting of solar power generation are presented in Figure 27.
The validation and training loss decreasing rapidly at the first iterations but after around
500 steps validation loss stops decreasing in most cases.
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(a) Prediction horizon 3h

(b) Prediction horizon 6h

(c) Prediction horizon 12h

(d) Prediction horizon 24h

(e) Prediction horizon 48h

(f) Prediction horizon 72h

(g) Prediction horizon 168h

Figure 27. Electricity Production training and validation loses curve.
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In order to avoid data overfitting, the model used early stopping and dropout mechanisms.
Figure 27 illustrates the validation loss curve start to increase after some steps, however
does not greatly diverge from the training loss curve. Therefore, the early stopping prevent
from overfitting.
For four different prediction horizons, Figure 28 and Figure 29 presented results as an
example for forecasting electricity production. The model appears to be effective in capturing specific hourly and weekly profiles, as well as the overall pattern.

(a) Prediction horizon 24h

(b) Prediction horizon 48h

Figure 28. Forecasting of solar power generation plot for prediction horizon 24h and 48h.
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(a) Prediction horizon 72h

(b) Prediction horizon 168h

Figure 29. Forecasting of solar power generation plot for prediction horizon 72h and 168h.

4.6.4

Solar Power Generation Forecasting Comparison with Baseline Models

The theoretical background of baseline models like the simple naive, average methods,
seasonal naive are discussed in Section 2.1.4. The implementations of simple naive and
average method are similar in both electricity consumption and solar power generation.
But for a seasonal naive model, forecasting of solar power generation and electricity consumption have different implementation because both have different behavior.
In this experiment, a seasonal naive baseline model implemented for electricity production data to find the predicted value, by taking the last 24 sequences of data from the
context window and then replicate to fill the total length of the prediction horizon. In this
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case, the season period of one day which is the sequence of data with length 24 is selected.
Electricity production does not much affect by behavior like weekdays. Figure 30 illustrates a sample of the implementation of a baseline model using past value 24 hours using
prediction horizon 168h. A similar experiment was done for all the prediction horizons,
which demonstrates the performance of the prediction.

(a) Simple Naive forecasting

(b) Average Method forecasting

(c) Seasonal Naive forecasting

(d) Informer forecasting

Figure 30. Forecasting of solar power generation for prediction horizon 168h and window size
72h using baseline models and informer model.

Figure 31 represent the comparison of the informer model with the baseline models for solar power generation forecasting based on MAE and RMSE. Figure 31 plotted to demonstrate that in all cases informer model produce better result compares with the baseline
models. When the prediction horizon increased the error rate in the informer model increases with some constant rate, but in seasonal naive, it shows some sort of fluctuation
that depends on the pattern of data. When the prediction horizon is 168h, the informer
shows that higher improvement compares with seasonal naive. Moreover, seasonal naive
error depends on the consistency of the data pattern. However, in real world it is not
common to find consistent data pattern.
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(a) MAE result

(b) RMSE result

Figure 31. Comparison of baseline models and informer model using MAE and RMSE for solar
power generation forecasting.

The informer model decreases the MAE by 43% from seasonal naive MAE for prediction horizon 168h. Similarly, decrease the MAE of seasonal naive 15.8% and 46.2% for
prediction horizon 24h, and 48h respectively.

4.7

ProbSparse Self-attention and Distillation Operation

The self-attention scores are distributed in a repeated sequence, with high score queries
in the head and low score queries in the tail. The ProbSparse attention was created to pick
high score queries rather than low score queries. The probability distribution constructs
a sparse Transformer for ProbSparse attention to the highest queries. The output of the
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(a) Consumption Layer=0, Head=7 24h

(b) Consumption Layer=1, Head=7 24h

(c) Production Layer=0, Head=7 24h

(d) Production Layer=1, Head=7 24h

Figure 32. ProbSparse attention and self-attention distillation operation a) Electricity consumption layer 0 and head 7 for prediction horizon 24h. b) Electricity consumption layer 1 and head 7
for prediction horizon 24h. c) Electricity production layer 0 and head 7 for prediction horizon 24h
d) Electricity production layer 1 and head 7 for prediction horizon 24h.

self-attention layer is a re-representation of data. It is calculated as a weighted aggregate
of values overall score of dot-product pairs. Best queries with complete keys inspire a
complete re-representation of leading features in the input, and that is the same as choosing the head scores from all of the dot-product pairs. Figure 32 taken as an example to
illustrate the ProbSparse attention and self-attention distillation operation in experiment
electricity consumption and production. The Prob-Sparse Self-attention process helped
the informer model reduce the time complexity by removing the useless values and keys.
Furthermore, the distilling operation was used to select the best ones with the most dominant features, which aids the informer model in reducing the length of the sequence in
each encoder layer. For example, in layer 1 the length of the sequence decreases by half
from layer 0. Figure 32 is the visualization of the ProbSparse self-attention in the experiment. It can be found that distilling, the bright areas are the important parts that are still
very important. Further details of ProbSparse self-attention and the distillation operation
are discussed in Section 3.3.
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5
5.1

DISCUSSION AND FUTURE WORK
Current Study

The findings are analyzed and discussed in this section. The forecasting reliability of the
proposed model is improved in the previous parts. The first major change to improve
the model forecasting ability by applying necessary data preprocessing for the datasets;
secondly, optimizing window size and identifying hyper-parameters selected for the task
before starting the actual training. Most of the time, there was incomplete data in datasets,
such as gaps in weather predictions and electricity consumption history. Filtering out
invalid data, such as zero or NaN values, is a part of the data preprocessing process.
In addition, the DateTime columns are re-sampled, and missing values are filled. The
missing data issue was more noticeable in some situations, and approximation was unable
to resolve it. For instance, from January 15, 2018, to January 30, 2018, two weeks of
electricity consumption and production are completely missing. The proposed solutions
leave a 2-week gap in the history of electricity consumption and production.
Analyzing and understanding the calendar data plays a vital role in developing electricity
consumption and predictive production tool. The consumption and production characteristics of electricity are dynamic, and it is not linear by nature. All through the day, since
most people are working, the average energy demand is significantly higher than at night,
when most people are sleeping. The increase in gross energy demand starts at about 5
a.m and reaches the top between 9 a.m and 15 p.m. In addition, to develop a successful
predictive model, it is necessary to analyze weather data and radiation data. Evaluate the
relationship between the variables which affect electricity consumption and production.
To improve the prediction’s performance and handle the long sequence, optimized the
window size and the hyper-parameter were tuned. The window size for each prediction
horizon based on the experiment for electricity consumption was selected. For example,
a window size 144, 96, 48, 144, 120, 120, and 720 hours are selected for a prediction
horizon 3, 6, 12, 24, 48, 72, and 168 hours respectively. According to the window size
chosen, plotted train and validation errors on a graph, as seen in Figure 16 and Figure 27,
is a standard method for analyzing the training success. This makes it easier to detect
issues with the informer model, such as overfitting. The model struggles to forecast new
values because it remembers the examples from the training set rather than achieves the
capability to generalise.

67
Transformer network, in particular, informer model tested using LUT University electricity consumption data for forecasting 3, 6, 12, 24, 48, 72, and 168 hours prediction horizon.
The model achieved MAAPE for prediction of electricity consumption in horizon 3, 6, 12,
24, 48, 72 and 168 hours was 0.2%, 0.8%, 1.4%, 1.6%, 2.1%, 2.7%, and 7.1% respectively. The informer model perform better accuracy compare with the baseline models.
The informer model decreases the RMSE by 52% from seasonal naive RMSE for prediction horizon 24h. Similarly, the informer model decreases the RMSE of seasonal naive
94%, 53%, 66%, 29%, 7% and 18% for prediction horizon 3h, 6h, 12h, 48h, 72h, and
168h respectively. In comparison with a seasonal naive forecasting solar power generation, the informer model decreases the RMSE approximately by 93.8%, 52%, 78%, 14%,
50%, 3% and 54% in horizon 3, 6, 12, 24, 48, 72 and 168 hours respectively. Similarly,
in comparison with the seasonal naive forecasting results, the informer model decreases
the MAE approximately by 94.3%, 26.8%, 64.3%, 15.8%, 46.2%, 2.25% and 43.2% in
horizon 3, 6, 12, 24, 48, 72 and 168 hours respectively.
Transformer networks, in particular the Informer model, seem to be effective models for
time series forecasting. The ProbSparse self-attention and distillation operation plays a
vital role in tackling quadratic processing time and quadratic space use in the fundamental
Transformer model. The Prob-Sparse Self-attention process removed the useless values
and keys dot product operation helps the informer model reduce time complexity. Furthermore, the distilling operation is applied to choose the superior ones with dominating
features that allow the informer model reduces the sequence’s length in every layer of the
encoder.

5.2

Future Work

Before applying the forecasting algorithms, approaches for variable selection can be explored to narrow down the number of valuable features. The feature selection strategies
are not applicable in this study in detail; instead, the entire daily electricity consumption,
production and weather data, and radiation data are used. Second, different datasets with
various properties can be used to test the informer model. The data collected from the
LUT used to perform the experiments in this study. However, solar power generation
datasets are usually heavily affected by the seasons of a year.
The transformer network model shows promising progress in forecasting time series. Especially the informer model has great potential in handling long sequence time series. So,
further study into the architecture and reliability of the model could be done.
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6

CONCLUSION

Various statistical methods, machine learning techniques, and deep learning methods of
forecasting time series data were studied from different references in this thesis. Attentionbased models have gained lots of interest among researchers for time series forecasting,
show the up-to-date and relevant model for forecasting time series data, especially forecasting electricity prosumption. Therefore, a new approach transformer network proposed to electricity prosumption forecasting by selecting the most relevant data using a
self-attention mechanism.
A transformer network, in particular, an informer model tested using LUT University
electricity consumption and production datasets for short-term forecasting with different
prediction horizons. The experimental findings indicate that the forecasting results based
on the proposed approach provided better performance than naive methods forecasting
results in various horizons. The ProbSparse self-attention and the distillation operation
play an essential role in achieving good performance by selecting high score queries. The
best queries with complete keys are inspired to complete re-representation of leading features in the input. Therefore, instead of concentrating on all queries, ProbSparse enables
each key to rely on the main queries. The informer model uses the distilling operation to
choose the superior ones with dominating features and create a centered self-attention feature map in each layer. Therefore, ProbSparse self-attention and the distillation operation
enable the informer model to handle a long sequence time series.
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Appendix 1. Electricity Consumption Forecasting Experiment
1.1

Window Size Optimization Experiment.
Table A1.1. Electricity Consumption Window Size Optimization Experiment.

Error Metrics
MAE (in kW)
RMSE (in kW)
MAPE (%)
MAE (in kW)
RMSE (in kW)
MAPE (%)
MAE (in kW)
RMSE (in kW)
MAPE (%)
MAE (in kW)
RMSE (in kW)
MAPE (%)
MAE (in kW)
RMSE (in kW)
MAPE (%)
MAE (in kW)
RMSE (in kW)
MAPE (%)
MAE (in kW)
RMSE (in kW)
MAPE (%)

Prediction Horizon
24 - 3
48 - 3
0.88
1.18
0.89
1.59
0.50
0.40
24-6
48-6
2.27
2.75
2.97
2.93
1.10
1.20
24-12
48-12
3.64
3.11
4.28
3.62
1.60
1.40
24-24
48-24
6.47
4.48
8.18
5.74
2.90
1.90
24-48
48-48
6.48
5.12
8.66
6.52
2.70
2.50
24-72
48-72
5.37
5.48
6.65
6.95
2.70
2.70
120-168 144-168
10.20
11.90
13.30
15.34
4.60
5.70

72 - 3
3.09
4.93
1.50
72-6
2.61
3.06
1.20
72-12
3.10
4.92
1.50
72-24
4.93
6.23
2.30
72-48
6.61
8.04
3.40
72-72
6.18
7.87
2.70
168-168
9.08
11.02
4.30

96 - 3
3.22
3.29
1.40
96-6
1.63
1.89
0.80
96-12
3.03
3.71
1.50
96-24
5.47
6.66
2.20
96-48
4.67
6.20
2.30
96-72
6.92
9.36
3.50
192-168
6.89
9.32
3.20

120 - 3
1.57
1.72
0.80
120-6
1.87
2.41
1.00
120-12
3.52
4.17
1.70
120-24
4.76
5.55
2.30
120-48
3.87
5.05
2.10
120-72
5.30
7.10
2.70
216-168
12.80
15.78
6.10

144 - 3
0.49
0.67
0.20
144-6
2.22
2.67
1.00
144-12
3.77
5.05
1.80
144-24
3.55
4.80
1.60
144-48
6.24
7.77
3.10
144-72
5.77
7.12
2.90
240-168
7.64
10.68
3.60

168 - 3
1.51
1.53
0.70
168-6
3.39
4.03
1.50
168-12
5.13
5.53
2.60
168-24
5.19
7.20
2.60
168-48
7.50
10.50
3.80
168-72
7.00
8.86
3.30
264-168
12.06
15.04
5.90

(continues)

Appendix 1. (continued)
1.2

Informer Model and Baseline Models result
Table A1.2. MAE result of informer model and baselines.

144 - 3
96 - 6
48 - 12
144 - 24
120 - 48
120 - 72
720 - 168

Simple
Naive
19.67
38.37
72.50
74.70
134.45
111.74
57.25

Average
Method
42.15
48.79
48.18
52.40
62.50
64.25
59.20

Seasonal
Naive
9.80
3.20
8.98
8.55
5.54
7.72
15.69

Informer
Model
0.49
1.63
3.11
3.55
3.86
5.31
14.76

Table A1.3. RMSE result of informer model and baselines.

144 - 3
96 - 6
48 - 12
72 - 24
120 - 48
120 - 72
720 - 168

Simple
Naive
25.51
56.95
89.41
93.50
138.70
118.85
80.70

Average
Method
45.17
53.15
58.09
58.45
64.60
66.50
66.40

Seasonal
Naive
11.17
4.05
10.55
10.00
7.07
7.72
23.00

Informer
Model
0.67
1.89
3.62
4.80
5.03
7.15
18.35

Table A1.4. MAAPE result of informer model and baselines.

144 - 3
96 - 6
48 - 12
72 - 24
120 - 48
120 - 72
720 - 168

Simple
Naive
7.20
14.60
33.30
34.30
63.20
53.60
21.10

Average
Method
14.30
23.60
18.50
21.30
33.10
32.40
27.60

Seasonal
Naive
3.40
1.60
3.70
3.50
2.90
2.90
9.00

Informer
Model
0.20
0.80
1.40
1.60
2.10
2.70
7.10

(continues)

Appendix 2. Solar Power Generation Forecasting Experiment.
2.1

Window Size Optimization Experiment.
Table A2.1. Electricity Production Window Size Optimization Experiment.

Error Metrics
MAE (in kW)
RMSE (in kW)
MAAPE (%)
MAE (in kW)
RMSE (in kW)
MAAPE (%)
MAE (in kW)
RMSE (in kW)
MAAPE (%)
MAE (in kW)
RMSE (in kW)
MAAPE (%)

2.2

Prediction Horizon
24-24 48-24 72-24
2.20
2.85
2.31
2.70
3.27
3.07
30.60 47.90
50.20
24-48 48-48 72-48
2.55
2.95
3.40
3.50
4.50
4.10
37.50 45.16
48.70
24-72 48-72 72-72
2.80
3.68
2.88
4.03
5.11
4.29
47.40 46.20
45.50
24-72 48-72 72-72
5.30
4.90
4.30
8.03
7.80
6.50
50.70 44.60
48.80

96-24
2.43
2.94
48.20
96-48
2.93
3.53
36.92
96-72
3.78
5.33
44.60
96-72
4.70
8.40
48.30

120-24
2.51
3.36
32.27
120-48
3.53
4.91
35.24
120-72
3.43
4.21
47.70
120-72
5.80
9.10
41.00

144-24
2.89
3.56
42.27
144-48
2.89
3.56
42.48
144-72
4.01
5.23
41.20
144-72
6.50
9.90
50.40

168-24
2.23
3.12
29.80
168-48
3.36
4.68
37.20
168-72
3.33
4.75
44.10
168-72
6.90
10.60
42.30

Informer Model and Baseline Models result
Table A2.2. MAE (in kW) result of informer model and baselines.

24 - 3
24 - 6
24 - 12
24 - 24
24 - 48
24 - 72
72 - 168

Simple
Naive
11.68
39.94
66.93
37.20
28.41
35.63
36.23

Average
Method
20.91
22.29
34.69
34.24
28.99
35.61
32.92

Seasonal
Naive
2.64
1.64
3.76
2.61
5.46
3.10
8.87

Informer
Model
0.15
1.20
1.34
2.20
2.94
3.02
5.04

(continues)

Appendix 2. (continued)
Table A2.3. RMSE (in kW) result of informer model and baselines.
Simple

Average

Seasonal

Informer

Naive

Method

Naive

Model

24 - 3

14.58

22.66

2.94

0.18

24 - 6

45.40

24.10

2.76

1.32

24 - 12

76.53

37.61

7.02

1.54

24 - 24

40.55

37.36

3.18

2.73

24 - 48

41.43

32.21

9.06

4.50

24 - 72

52.84

39.01

5.89

5.74

72 - 168

39.23

37.08

16.70

7.57

(continues)

