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ABSTRACT

TIME SERIES PREDICTION OF SOLAR POWER GENERATION USING
TREND DECOMPOSITION

Kavakçı, Gürcan

M.S., Department of Computer Engineering

Supervisor: Assoc. Prof. Dr. Şeyda Ertekin

February 2021, 66 pages

Accurate predictions are desirable in time series data due to the widespread usage of

them in various domains. Each information in the data represents the characteristics

of the time series. Making forecasting on data that has trend information is a compli-

cated process. In this thesis, new methods are proposed to make better estimates on

time series data which have trend information. In the first part of the study, features

such as mean and trend were extracted from the history of the existing data by feature

extraction methods and added to the data set as features. When machine learning

algorithms were tested with this extended data set, better results were obtained com-

pared to existing methods. In the second part of the study, trend decomposition was

applied to the data. More stable data obtained after the decomposition was tested

with the existing models, and then the final estimation was achieved by combining

the decomposed trend data with the prediction results of the stable data. Higher per-

formance results were observed than what was achieved by using the plain data and

also the data with extended features. Then, in the third part of the study, linear es-

timation method was used to make predictions on the trend data as well. The final

results were obtained by combining the predicted results of both the stable time series
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data and the trend. At each step, we demonstrate superior or competitive prediction

performance than the previous step and the existing method in five different machine

learning algorithms. Proposed methods are applied to the renewable energy domain

and used in the forecasting of solar power generation in Turkey.

Keywords: Time Series Prediction, Trend Decomposition, Solar Power Generation

Forecasting, Machine Learning Algorithms
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ÖZ

TREND AYRIŞTIRMASI KULLANARAK GÜNEŞ ENERJİSİ ÜRETİMİNİN
ZAMAN SERİSİ TAHMİNİ

Kavakçı, Gürcan

Yüksek Lisans, Bilgisayar Mühendisliği Bölümü

Tez Yöneticisi: Doç. Dr. Şeyda Ertekin

Şubat 2021 , 66 sayfa

Zaman serisi verileri çeşitli alanlarda yaygın olarak kullanıldıkları için doğru tah-

minlenmeleri önemlidir. Verilerdeki her bilgi, zaman serilerinin özelliklerini temsil

eder. Trend bilgisine sahip veriler üzerinde tahmin yapmak karmaşık bir süreçtir. Bu

tezde, trend bilgisine sahip zaman serisi verileri üzerinde daha iyi tahminler yapa-

bilmek için yeni yöntemler önerilmiştir. Çalışmanın ilk bölümünde, özellik çıkarma

yöntemleri ile mevcut verilerin geçmişinden ortalama ve eğilim gibi özellikler çıka-

rılmış ve özellik olarak veri setine eklenmiştir. Genişletilmiş bu veri seti ile makine

öğrenimi algoritmaları test edildiğinde, mevcut yöntemlere göre daha iyi sonuçlar

elde edilmiştir. Çalışmanın ikinci bölümünde verilere trend ayrıştırması uygulanmış-

tır. Ayrışmadan sonra elde edilen daha kararlı veriler, mevcut modellerle test edilmiş

ve ardından ayrıştırılmış trend verileri ile kararlı verilerin tahmin sonuçları birleştiri-

lerek nihai tahmin gerçekleştirilmiştir. Düz veriler ve ayrıca genişletilmiş özelliklere

sahip veriler kullanılarak elde edilen sonuçlardan daha yüksek performans sonuçları

gözlemlenmiştir. Daha sonra çalışmanın üçüncü bölümünde, trend verileri üzerinde

de tahminlerde bulunmak için doğrusal tahmin yöntemi kullanılmıştır. Nihai sonuç-
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lar, hem kararlı zaman serisi verilerinin hem de trendin tahmin edilen sonuçları ile

birleştirilerek elde edilmiştir. Her adımda, beş farklı makine öğrenimi algoritmasında

önceki adımdan ve mevcut yöntemden daha üstün veya rekabetçi tahmin performansı

sergiliyoruz. Önerilen yöntemler yenilenebilir enerji alanına uygulanmıştır ve Tür-

kiye’de güneş enerjisi üretiminin tahmin edilmesinde kullanılmıştır.

Anahtar Kelimeler: Zaman Serisi Tahminleme, Trend Ayrıştırma, Güneş Enerjisi Üre-

tim Tahmini, Makine Öğrenimi Algoritmaları
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CHAPTER 1

INTRODUCTION

Renewable energy became more popular than ever because of its widely usage. Solar

power generation has started to be used frequently by large and small businesses and

home users. Variable factors in solar energy generation cause different generation

capacities over time. Even if solar panels are installed in the same place, location,

weather conditions, time zone, and amount of daylight cause different amounts of en-

ergy generation. Electricity produced from solar energy is sold to the market by both

small and large operators. Operators have to decide when to sell and store electricity

due to the variable market policy. Besides, small producers and consumers (pro-

sumers) want to know how much energy they will produce in the short term because

of the constant need for energy usage. Therefore, small and large producers need to

estimate how much energy they will produce in the next period. In this way, they

know how much energy they need to produce from fossil fuel or how much energy

they should procure if solar energy is not enough. It is not easy to make a standard

estimate, as inputs that influence generation are very variable. Hence, created models

with machine learning algorithms are used for accurate forecasts in the market.

In the solar power domain, there are time series obtained with timestamp and various

solar data. Time series is the observation of events occurring within and associating

with a fixed period with a time stamp. Time series analysis is the analysis of these

events that occur within the period for both prediction and historical cause and con-

sequence relation. Thanks to the developing technology, large amounts of time series

data are continuously produced and stored in many areas. Movement information

from many sensors in spacecraft in space technology, hourly and daily market data in

the economy, data collected from devices connected to patients in the health sector,
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sales prices in trade, generation and consumption values in the energy sector, appli-

cation usage activities of computer users are examples of time series data type. Time

series prediction aims to make predictions in these areas. For example, it tries to pre-

dict which page computer users will visit in the next step from the application usage

history. Extraordinary situations and dangers are tried to be predicted from the sensor

data in spacecraft. In the energy sector, the amount of energy that will be demanded

in the near future and will be supplied at the same time is tried to be predicted. In

the economy, it is tried to predict the monetary policies to be presented in the future

according to the market situation. Making accurate predictions in each area is vital to

making important decisions in that area.

1.1 Problem Definition

It is possible to make highly accurate predictions when we have a sufficient amount

of data and when the data has a specific pattern for a long time. However, it becomes

difficult to make highly accurate prediction if the data format does not show a specific

pattern and changes continuously. The main problem with solar prediction is that the

power output is directly dependent on natural environmental factors in the relevant

time period. For example, solar energy has a specific pattern throughout the year.

Solar power generation increases in summer and decreases in winter. Simultaneously,

if weather forecast data are also provided, solar energy generation is more accurately

predicted.

Due to the nature of machine learning models, the models use the data structure

learned from old data to make predictions. For accurate estimation, the characteristics

of the old data and the data to be estimated must be similar. However, generation of

solar power is very erratic due to it is direct dependence on weather conditions, sea-

sonal changes, location, time of day, and positioning of solar panels. Thus forecasting

methods can not produce uniformly efficient results for all regions.

Due to the increasing number of installed solar energy generation facilities, the gen-

eration amount increases day by day. Although solar power generation shows ups and

downs seasonally, it has an increasing trend. For this reason, differences occur in the
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same period of consecutive years. Even if the data structure is determined seasonally,

the increasing trend of solar power generation disrupts the determined structure and

prevents high-accuracy predictions since current models do not take this upward trend

into account.

1.2 Problem Solution

Considering that solar generation shows typical behavior patterns with time-varying,

seasonal and trend patterns and working on stable data is the strength of existing

models, instead of training the models with the increasing trend of the data, it is

crucial shaping existing data to a stable form. Because mathematical and statistical

models forecast the possible generation based on past statistics. For this, unstable

data can be divided into two components as trend and seasonal. Thus, two stable

data are obtained from unstable data. Since trend data does not contain any seasonal

variations, the future value of trend data is predicted with high accuracy by using

different methods suitable for linear estimation. Due to seasonal data being stable,

the future value of seasonal data is predicted with high accuracy by using various

machine learning algorithms suitable for nonlinear estimation. Thus, a final highly

accurate forecast is obtained by combining two predicted results.

1.3 Motivation & Objectives

Prediction methods of solar photovoltaic power plant generations have been investi-

gated by many studies in order to find those that are prone to this domain. Previous

research and literature reviews have shown that various machine learning algorithms,

such as ANN [1], SVR [2], Random Forest [3], KNN [4] and LGBM [5], have been

used to predict solar energy. In these studies, various data have been studied with

existing algorithms or hybrid models. These algorithms work with the data as it is, or

they try to add new features into the data, but they do not incorporate the trend feature

of the data properly.

Since solar power generation data is time series data, this problem is a time series
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problem. Time series are divided into two categories as linear and nonlinear data.

While better results are obtained by linear estimation methods on linear data, non-

linear methods are not efficient in such data. On the contrary, complex data is not

predicted sufficiently accurate by linear methods.

It is observed from the literature survey that there is a need for improved models for

solar power prediction. In this thesis, a solution is sought to the trend problem. In

this problem, we propose different ways of incorporating trend features of data to

the machine learning algorithms. Therefore, trend data and current seasonal data are

separated to avoid this problem. It is aimed to predict trend data in linear form by

linear estimation methods and seasonal data by nonlinear methods. In this way, the

strengths of each method are used for both data structures.

By solving the trend problem, a day-ahead forecast will be more accurate. Thus,

consumers and producers will use more accurate predictions to predict a day-ahead

generation and make more accurate forward-looking decisions. For example, small

producers will check whether sufficient generation will be provided the next day and

plan to produce or purchase energy from different sources. Besides, major manufac-

turers will be able to decide how much storage capacity they will need for the next

day based on the next day’s forecasting.

In addition, in solar power community, system operators need accurate predictions for

correct system operations such as monitoring, maintenance, dispatching, and also for

generation scheduling. They can compare actual and predicted solar power generation

to see if there is any problem with the system, or they can plan for future supply. They

can be prepared for the load demand without overestimating or underestimating the

generation of distributed sources.

1.4 The Outline of The Thesis

In the first part of the thesis, the problem is defined, and the solution is proposed.

Work motivation is mentioned, and the objective proposal is summarized. In Chapter

2, the time series concept and its patterns are explained. Inner features of time series

like trend and seasonality are described. In addition, the chapter discusses the usage
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area of time series. In chapter 3, previous studies and their limits about solar power

generation and forecasting are presented. Chapter 4 discusses the content of the data

set and how it is collected. Besides, how the data set prepared to be used in the exper-

iments is explained. In chapter 5 proposed model is mentioned. Also, intermediate

methods that contribute to the final solution are discussed. The MAE and RMSE per-

formance results of the developed models are presented with the existing models and

intermediate models. As a result, conclusions are given in Chapter 6.
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CHAPTER 2

TIME SERIES

Time series are discussed in this section. In the first part, information about the time

series is explained. In the second part, time series data structure is mentioned. Finally,

data set examples and their properties are summarized.

2.1 Introduction to Time Series

Time series is a collection of statistical data usually collected at regular intervals.

In the time series data, each row of data is ordered according to time. Hence, each

data has a definite relationship with the time it is obtained, as shown in Table 2.1.

Measurements in time series can be taken as hourly, daily, monthly, yearly or any

regular interval. If a future value is unknown until a certain date, new data at the

related time is estimated with time series [6]. The data pattern is an important factor in

understanding what kind of time series the data was in the past because it is expected

to behave same in the future. The pattern of data is used to select an appropriate

prediction method.

2.2 Time Series Data Structure

Time series consist of a combination of one or more data with a characteristic struc-

ture. These characteristics are;

• Trend

• Seasonality
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Table 2.1: Structure of Time Series

Time Observation

time 1 observation in time 1

time 2 observation in time 2

time 3 observation in time 3

time 4 observation in time 4

time 5 observation in time 5

• Noise

The trend is the perception of an increase or decrease in the data that is observed

continuously. The trend is not a mandatory characteristic of data. It is typical for the

trend to decrease in one part of the data and increase in the other part. For example,

it is observed that the daily mobile shopping volume increases due to the widespread

usage of technology [7]. Likewise, an increasing trend occurs in the total amount of

energy generation since the number of installed solar panels increases day by day.

While electricity usage decreases in summer, it has an increasing trend in winter due

to the necessity for heating.

Seasonality is a pattern that repeats over a period of time. It is not a mandatory

characteristic of data like trend. For example, the increase in electricity usage in the

winter, the decrease in the summer, and the continuation of this cycle every year show

that electricity usage has an annual pattern. Likewise, another example is that user

visits to a website increases in the morning but decreases at night. In this example,

it is seen a daily repeating pattern. Patterns in time series can be seconds, minutes,

or even years, depending on the frequency of data collection. Hence seasonality is

significant in predicting the future value of the time series.

Noise is such of anomaly caused by unpredictable factors that remain when the trend

and seasonality parts are removed from data. For example, even if gold prices rise ev-

ery year during the summer months, in some specific cases, such as economic crises,

8



the fact that gold prices fall during that summer can be considered as noise.

The observed data can be explained with these three structures as follows:

O(t) = S(t) + T (t) +N(t) (2.1)

where O(t) is observed data; S(t), T(t), N(t) are seasonality, trend and noise in time t,

respectively. These structures are usually analyzed in time series forecasting.

Time series data are classified as univariate and multivariate. In the univariate dataset,

there is only data observed at the related time. In the multivariate dataset, there is

ancillary information obtained simultaneously with the observed data. For example,

solar energy generation values on their own are univariate data. This dataset includes

time and observed data. However, a multivariate dataset is obtained by including other

data that contribute directly or indirectly to the observed data at the same time. For

example, to obtain multivariate data, weather information, cloud rate, rain rate and

power generation locations are added to the data in addition to the solar generation

value. Univariate datasets are more straightforward to visualize than multivariate

ones.

2.3 Time Series as Examples

We provide here four well-described datasets in order to describe seasonality, trend

and noise, and to visualize.

2.3.1 Minimum Daily Temperatures Data

The dataset shown in Figure 2.1 is from Australia. This dataset, consisting of 3650

measurements, is a smooth seasonality data and no noticeable trend. It is a proper

dataset to use in research. It has high resolution and a uniform seasonality [8].
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Figure 2.1: Minimum Daily Temperatures Data

2.3.2 Sunspot Data

Sunspot dataset is astronomy data measured monthly in 235 years between 1749-

1983. As can be seen from Figure 2.2, it has seasonality, but there are many noise

data [8].
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Figure 2.2: Sunspot Data

2.3.3 Daily Female Births Data

It is the daily number of girls born in California in 1959 with 365 measurements. The

dataset does not contain a significant trend or seasonality, as in Figure 2.3. In this
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dataset, forecasting is more complicated than other datasets [8].
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Figure 2.3: Daily Female Births Data

2.3.4 Shampoo Sales Data

It is monthly shampoo sales data for three years. It has a total of 36 observations in 3

years. As can be seen from Figure 2.4, it is a data set with an increasing trend. It also

includes some seasonalities in it [8].
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Figure 2.4: Shampoo Sales Data
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CHAPTER 3

RELATED WORK

In solar power generation, forecasting using time series has become topic. In this

domain, in order to improve predictions, machine learning algorithms are used com-

monly. Therefore, many researchers around the world have a number of approaches

corresponding with this problem in the literature [9] [10] [11][12]. Physical models,

statistical models, adaptive and trained models, and combined forecasting models are

traditional methods for solar power generation estimations [13] [14] [15] [16].

Machine learning algorithms use two main groups of model-based methods. These

models are multivariate model-based methods [17] [18] [12] [19] and univariate model-

based methods [9]. Multivariate model-based methods use multiple input values to

estimate solar power prediction such as temperature, cloudiness and clearness in-

dices, solar irradiance, relative humidity, wind speed. In contrast, univariate methods

include just past values of generation. Methods that are univariate model-based can

be classified as linear and nonlinear models. Linear models are autoregressive and au-

toregressive moving average models [20]. Additionally, nonlinear models are neural

networks [21], support vector machine [22], decision tree [23], k-nearest neighbors

[23].

In statistical models, evaluations are made by establishing a correlation between the

collected time series numeric data for long-term estimates. Adaptive and trained mod-

els use artificial intelligence (AI) algorithm that is trained on historical data. A rela-

tion is set between the solar forecast information and the output produced power.

Unlike statistical models, complicated non-linear connections are created. Available

historical data are used for both statistical and trained models.
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Artificial intelligence methods learn the relationship between the output power and

the data that directly or indirectly contributes to the output power of solar power

plants. Unlike statistical algorithms, AI algorithms are more powerful because AI

algorithms create a complex and non-linear model between input and output data.

The precondition for both AI and statistical algorithms is gathering time series data

that include historical measured data and power outputs with high-quality [24] [25].

Especially, Artificial Neural Network (ANN) is a commonly used algorithm in time

series. To calculate the effect of each input on the output in machine learning models

is a powerful feature of neural networks. This feature of the neural network provides

more accurate results than standard algorithms. Also, in order to produce success-

ful results for ANN, the parameters should be well tuned [26]. ANNs depend on

resolution, scale and prediction variables commonly [27].

It is impractical and difficult to determine whether time series data are generated lin-

early or nonlinearly. Also, it is not easy to determine that one model performs better

than another model in time series data. Hence choosing the right technique for each

experiment is a challenge. A suitable method with high accuracy can be found for

any existing situation, but it is not easy to know which is best for future studies. Be-

cause changes may occur on the data, or it is also possible that the data do not have

a fixed structure. The difficulty of model selection can be alleviated by combining

more than one method. Real-world data are not always linear or nonlinear. They can

often show different variations. In such cases, neither linear nor nonlinear prediction

algorithms are suitable for the data. Because linear methods are not suitable for non-

linear data, and nonlinear methods cannot predict linear and nonlinear data with the

same accuracy.

Denton [28] showed that neural networks give better results than linear models if

there are outliers or multicollinearity in the data. Markham and Rakes [29] showed

that ANN’s performance on linear problems is dependent on sample size and noise

level. Therefore, it has shown that ANN cannot be blindly applied to all kinds of data.

Consequently, the data can be modeled with high accuracy by combining linear and

nonlinear models. There have been studies showing that there is no single method to

deal with all kinds of structures in the literature [30] [31]. The reason for this, the real-
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world data are more complex than just linear or nonlinear data. Various researches

exist in the literature to find a solution to this problem [32][33] [34]. It was shown

in [35] that using a hybrid model in time series reduces the uncertainty of the model

because of the possible unstable or changing patterns in the data.

Zhang [32] proposed a hybrid method using ANN and autoregressive integrated mov-

ing average (ARIMA). These are successful algorithms in their linear and nonlinear

domains. However, none of them is a universal solution to handle all situations. The

ARIMA method is not suitable for complex nonlinear data. ANN is not suitable for

linear problems. The hybrid system proposed by Zhang [32] consists of two stages.

In the first step, the ARIMA model is used to analyze the linear part of the data. In the

second step, the neural network model is used to model the residual of the ARIMA

model. Hence, linear and nonlinear parts can be modeled separately with different

models, and the results can be combined. Combined methods are an effective way to

improve forecasting performance. The experiments showed that the hybrid method

obtained better results than the results obtained by applying each component model

separately.

Khashei and Bijari [33] also proposed a hybrid method to yield more general and

more accurate model than traditional models. Khashei and Bijari [33] considered

time series as a function of linear and nonlinear components. In the first step, ARIMA

is used to recognize the linear structure of the data. In the second step, multi-layer

perceptrons are used as neural networks to describe preprocessed data. The proposed

method’s suitability and efficiency are shown on time series data sets. In this study,

they guaranteed that the performance of the hybrid method they proposed would not

be worse than ARIMA and ANN. Khashei and Bijari’s model [33] is shown to be a

more general and more accurate method than Zhang’s model [32].

The hybrid method proposed by Babu and Reddy [34] is suitable for both one-step

ahead and multi-step ahead predictions. In the proposed method, the time series data

is decomposed into two components using the moving average (MA) filter method.

While the less volatile part is the trend which is modelled with ARIMA, the high

volatility which is modelled with ANN is the residual after the less volatile part is

removed from the data. As a result, the final prediction is obtained by adding the
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two results. The proposed method’s accuracy is much better than Zhang’s [32] and

Khashei-Bijari’s [33] method in terms of MAE and MSE.

The new hybrid method proposed by Büyükşahin and Ertekin [36] does not use the as-

sumptions used in previous studies and solves the performance degeneration problem

that occurs in adverse situations. Firstly MA method is used to characterize nonlin-

earity. Then ARIMA is applied to the linear component. In the final stage, ANN is

used to combine the result of ARIMA, the nonlinear component and the original data.

While extracting or modeling components, assumptions are not made such as being

the linear components are the output of ARIMA, modelling residual data with ANN,

or the results are a combination of linear and nonlinear structure. In addition, the

hybrid method is improved with the EMD technique. The proposed hybrid method,

which does not make any assumptions, creates a more general model and shows that

it gives remarkably superior results than previous studies [32] [33] [34].

Majidpour et al.[9] aim to make super short-term fast prediction using four well-

known algorithms (ARIMA, kNN, SVR, RF) with univariate data. The purpose of

this study is to make one step ahead prediction of solar-generated power in dynamic

control systems. Since the fast result is the first objective of this study, the algo-

rithm only uses the history of the data. As a result, it is observed that each algorithm

gives different results for different error criteria. For example, while kNN is the best

for SMAPE, RF is the best for MAE. In this study, machine learning-based algo-

rithms (SVR, RF and kNN) outperformed traditional ARIMA method. It has also

been shown that RF and kNN are better than SVR. It is also shown that RF and kNN

are better than SVR.

In some researches, it is studied to improve solar power prediction accuracy [10]

[11]. Zheng et al.[10] indicate that the research on multi-region solar power is rare.

Therefore, this study contributes to solar power prediction by using LSTM and parti-

cle swarm optimization algorithms. Particle swarm optimization is used to optimize

parameters to improve prediction. This study aims to predict the total solar power

output (SPO) of power systems in multi-regions. In the proposed method, multi-

region solar power plant’s time series data and measurement points are collected in

the database. Next, the proposed SPO algorithm optimizes the parameters for LSTM.
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After obtaining optimal parameters such as learning rate, time step, batches, number

of neural units, the results of different LSTM structures are compared. The appropri-

ate LSTM is selected according to training loss. Then the selected LSTM is trained.

The proposed method [10] was tested with eight solar power plants in five differ-

ent regions. As a result, four situations, including different seasons, show that the

proposed method is superior to other methods.

Sharadga et al.[11] compared different time series forecasting models for PV out-

put power prediction. The studied methods are statistical and artificial intelligence

methods. ARMA, ARIMA and SARIMA are tested as statistical models, BI-LSTM,

LSTM, fuzzy c-mean clustering, LR, NN, MLP and feed-forward NN are tested as

neural networks. In this study, BI-LSTM algorithm, which increases power prediction

accuracy for large-scale power plants, is proposed. Besides, different NN and statis-

tical approaches are compared for time series forecasting of large-scale PV systems.

This study shows that NNs are more accurate than the suggested statistical models.

However, it is indicated that both neural networks and statistical models can be used

for one-hour ahead prediction where solar irradiance and weather measurements are

not available. So time series forecasting for PV plants are reliable only for one hour

ahead.

Prema and Rao [37] studied on time series of solar power to find the best time horizon

to get the most accurate predictions. They used time series models such as moving

average models, exponential smoothing models and decomposition models. Multi-

plicative decomposition was selected due to seasonal value changes over time. By

using these techniques, it was found that the decomposition model works well with

a max data duration of 2 months and the prediction can be extended up to a week

without much increase in the error in short-term predictions of solar irradiance.

Solar power prediction is an important research area. There are various researches

in the literature for more accurate prediction of future solar power generation from

renewable energy plants [38] [39] [40] [41] [42]. In [43] it is shown that SVR based

model outperforms a reference autoregressive (AR) model by using historical data

of atmospheric transmissivity. İzgi et al. [44] show that ANN gives the best solar

power prediction in 5 min time horizon for short term and 35 min for medium term

17



for solar PV data. In [45] daily solar power prediction using ANN, kNN, SVM and

MLR are studied as data driven approaches on two inputs which are included and ex-

cluded meteorological parameters. It is showed that none of them outperform others

in all prediction scenarios. Lorenz et al. [46] present an approach to predict regional

photovoltaic power output based on forecasts up to three days. For regional fore-

casts, they show that accuracy is increasing depending on the size of the region. It

is also shown that the accuracy of the GHI prediction is the determining factor for

the accuracy of the power forecast. A software tool is developed to get the best so-

lar power management in [47] . Results show a daily solar radiation prediction with

high accuracy, with correlation coefficients of 0.89. A hybrid model that combines

ML methods with theta statistical method is proposed by Alkandari and Ahmad [48].

Two diversity techniques, i.e. structural diversity and data diversity, are employed.

Results show that a hybrid model combining ML methods and statistical method out-

performs a hybrid model that only combines ML models without statistical method.

Gensler et al. [49] introduced powerful deep learning algorithms such as Deep Belief

Networks, AutoEncoder, and LSTM in the field of energy power forecasting. In [49]

they use combinations of these deep learning algorithms to take strengths compared

to standard multilayer perceptron and physical forecasting model and show that supe-

rior forecasting performance compared to ANN and other referenced physical models

are achieved.

In the method we proposed, our aim is to show that unlike other studies, the decom-

posed data can be predicted with higher accuracy with any machine learning algo-

rithm. Although ANN is generally used in the literature, predictors in real life might

prefer using different ML algorithms due to various reasons. Predictors may not be

able to change the algorithm on their side. In this case, they can improve their predic-

tions by integrating our proposed method into their existing structures. The method

we proposed is a general method that works with ML algorithms and can be applied

to any time series that has a trend. Thus, highly accurate predictions can be achieved

by using different ML algorithms after decomposition.
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CHAPTER 4

SOLAR POWER DATA

The total installed power is 1362.60 megawatts (MW) in Turkey by 1644 solar power

plants. Solar energy systems work in two different concepts. The first one is the

photovoltaic system, and the second one is the thermal system. Radiation transmit-

ted through the sun in the photovoltaic system is converted to energy owing to solar

panels. Thus, generated energy becomes suitable for the inverter. In the thermal sys-

tem, solar energy is carried to a certain point by the help of mirrors, and a particular

substance (oil, water, etc.) is heated at this point. Energy is obtained with the heated

substance by using steam pressure [50].

In Turkey, 564 stations are registered, and the generation capacity is 5095 megawatt-

electrical (MWe). Annual electricity generation is approximately 2433 gigawatt-

hours (GWh).

Furthermore, 23 cities have above 10 MW of installed power in Turkey. Konya has

the highest installed power with a ratio of 0.29. The total installed power of 23 cities

that produce most is 1499 MW.

Turkey solar power generation data obtained from Enerji Piyasaları İşletme Anonim

Şirketi (EPİAŞ) is used for experiments in this thesis. The obtained data is a time

series data. Solar power generation data consists of hourly data from October 2017 to

October 2019 as Figure 4.1. The data contains 24 hours time slots which are derived

both during the day and at night when generation is low. Figure 4.2 is a hourly data

example of a day of winter, and figure 4.3 is a hourly data example of a day of summer.

Night generation is deficient and may be ignored. Besides, there is sufficient genera-

tion in summer between 6-7 a.m. and 5-6 p.m., but not in winter.
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Figure 4.1: Solar Data From October 2017 to October 2019
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Figure 4.2: Solar Power Generation on 21/12/2018
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Figure 4.3: Solar Power Generation on 21/06/2018
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4.1 Prediction on Solar Power Data

Solar power data is also a time series. Making accurate predictions on solar power

data is important for system operations. The advantages of accurate predictions on

solar power are as follows:

Dispatchability: The daily operations of reliable energy systems depend mainly on

a day ahead distribution of the power plant [51]. Meaningful plans for the next day

are only possible with correct a day ahead predictions. For this, both generation and

consumption must be predicted correctly.

Efficiency: Output power fluctuations are caused by interruptions in sources due to

the frequency and voltage fluctuations in the system. Some countries penalize pro-

ducers for this situation. Therefore, it is not efficient for producers to underestimate

to avoid penalties.

Monitoring: Sometimes, it may indicate an error in the system if there is more than

expected difference between the predicted value and the produced value. It is essential

to be able to take action before it is too late.

4.2 Data Preparation

We aim to estimate the total generation of the next day with the time series data we

have. For this purpose, we have the generations of previous days. Since generation is

not linear as Figure 4.4 and many factors affect solar power generation, we add new

features to the data to make the data more meaningful. Two methods are introduced

below for adding new features.

4.2.1 Historical Data

Two kinds of historical data is used in data preparation. For the data considering

the last three days, we add the solar power generation data belonging to 48 and 72

hours ago to the data set. For the data considering the last seven days, we add also

the generation data belonging to 48, 72, 96, 120, 144 and 168 hours ago to the data

21



20
18

-0
3-

03

20
18

-0
3-

05

20
18

-0
3-

07

20
18

-0
3-

09

20
18

-0
3-

11

20
18

-0
3-

13

20
18

-0
3-

15

20
18

-0
3-

17

20
18

-0
3-

19

20
18

-0
3-

21

Day

1500

1750

2000

2250

2500

2750

3000

M
W

Solar

Figure 4.4: Solar Power Generation in March 2018 at 02:00 pm

set. Also we append the month and quarter information to both data set. Solar power

generation data belonging to 24 hours ago is not used because it is not provided yet.

4.2.2 Solar Irradiance Indices

Irradiance is solar power measured in a range at a particular time. Its unit is watts per

square meter. Irradiance is divided into different components such as DNI, DHI, GHI

by different measurements [52].

4.2.2.1 DNI

Direct Normal Irradiance (DNI) is the amount of light reaching perpendicular to the

surface [53]. Direct irradiance can be calculated as subtracting extraterrestrial irra-

diance far away from the atmosphere from atmospheric absorption and scattering by

clouds. Losses are related directly to the time of day, cloud and moisture [54]. DNI

is the most important part of global irradiance.

4.2.2.2 DHI

Diffuse Horizontal Irradiance (DHI) is terrestrial irradiance received by a horizontal

surface scattered or emitted by the atmosphere [52]. It is not arrive on a direct path
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from the sun. DHI is a part of GHI. Pyranometer is used to measure DHI. Unlike

DNI, DHI is measured with blocking direct light of sun. The pyranometer is also be

shaded [55].

4.2.2.3 GHI

Global Horizontal Irradiance (GHI) is the amount of terrestrial irradiance that falls

on the earth’s surface horizontally [52]. GHI is total solar radiation. The global

irradiance is calculated with both direct and diffuse irradiance as:

GHI = DNI × cos θz +DHI (4.1)

where θz is solar zenith angle [56].

Two kinds of irradiance indices are used in second part of data preparation.

The first dataset which we call combined dataset is Turkey’s solar index. Because we

merge solar indexes of all cities by using weighted arithmetic mean (WAM) as

x̄ =

∑n
i=1wixi∑n
i=1wi

, (4.2)

where xi in non-empty finite multiset of data {x1, x2, ..., xn}, with corresponding

non-negative weights {w1, w2, ..., wn} [57]. As a result, we have just one solar index

group, which includes GHI, DNI, and DHI.

The second dataset which we call separated dataset is solar indexes of Turkey’s cities.

Because we use all cities solar indexes separately in the dataset. We take into account

the first 23 cities’ solar indexes. First 23 cities generate more than 10 MW of energy,

as shown in Table 4.1.

For 23 cities, we calculate irradiance indexes and separately add calculated irradiance

indexes to feature sets for each solar index (GHI, DNI, DHI). As a result, we have 69

irradiance indexes for all influential cities.
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Table 4.1: Generation Amount and Rates of Cities Above 10 MW

City Power (MW) Weight (%)

KONYA 440.154 29.36

KAYSERİ 263.85 17.60

ANKARA 114.851 7.66

AFYONKARAHİSAR 89.31 5.96

GAZİANTEP 85.16 5.68

NİĞDE 71.71 4.78

DENİZLİ 50.297 3.35

BALIKESİR 44.514 2.97

ANTALYA 38.85 2.59

BURDUR 38.65 2.58

MERSİN 33.883 2.26

ELAZIĞ 32.75 2.18

ISPARTA 25.35 1.69

NEVŞEHİR 23.43 1.56

VAN 20.4 1.36

KAHRAMANMARAŞ 20.156 1.34

MANİSA 19.14 1.28

AYDIN 18.5 1.23

İZMİR 16.104 1.07

ADANA 15.897 1.06

AKSARAY 13.2 0.88

ERZURUM 12.18 0.81

SİVAS 11.06 0.74
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4.2.3 Parts of Data

The data used in the thesis consists of two parts. The first part is the original data.

The second one is the prepared part as computing with both original data and external

data. The architect of proposed data preparation method is shown in Figure 4.5.
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Figure 4.5: Proposed Data Preparation Method

4.2.3.1 Original Data

The original data is the collected data that has been observed by the systems and

available for users. In the original data, there are two features that are shown as
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Table 4.2: Original Data from Solar Power Generation on 21/06/2019

Date Generation

21/06/2019 0:00 39.13

21/06/2019 1:00 38.62

21/06/2019 2:00 38.97

21/06/2019 3:00 38.03

21/06/2019 4:00 37.54

21/06/2019 5:00 68.34

21/06/2019 6:00 362.67

21/06/2019 7:00 1112

21/06/2019 8:00 2132.96

21/06/2019 9:00 3047.79

21/06/2019 10:00 3645.16

21/06/2019 11:00 3876.84

21/06/2019 12:00 3814.45

21/06/2019 13:00 3701.97

21/06/2019 14:00 3412.16

21/06/2019 15:00 2921.15

21/06/2019 16:00 2225.35

21/06/2019 17:00 1388.03

21/06/2019 18:00 640.73

21/06/2019 19:00 197.38

21/06/2019 20:00 54.95

21/06/2019 21:00 47.86

21/06/2019 22:00 45.17

21/06/2019 23:00 44.78

follows:

• DateTime: Information when the data was obtained.

• Solar: The corresponding total generation data in MW. It was obtained overall

Turkey at the related time.

Table 4.2 shows time and solar generation on 21/06/2019.
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4.2.3.2 Computed Data

Four kinds of the dataset are prepared with original data and external information.

When preparing the first type of data set, the criterion used is the data belongs to

how many days before. The criteria are the last three days and the last seven days.

The criterion used in preparing the second type of data set is whether solar indices

will be calculated on a country basis or city basis. Firstly each cities solar indexes

are considered separately, and it is called a ’separate dataset’. Secondly, Turkey’s

combined solar index, called ’combined dataset’, is calculated. The combination of

the 4 data sets is as follows:

• Combined last 3 days

• Combined last 7 days

• Separated last 3 days

• Separated last 7 days

These four datasets which are combined last 3 days, combined last 7 days, separated

last 3 days, separated last 7 days are combination of two datasets and will be used

with name Feature Set 1, Feature Set 2, Feature Set 3, Feature Set 4 respectively.

Features of these datasets are;

• For all datasets

– Month

– Quarter

– Solar power of 48 hours before

– Solar power of 72 hours before

• For last 7 days datasets

– Solar power of 96 hours before

– Solar power of 120 hours before

– Solar power of 144 hours before
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– Solar power of 168 hours before

• For combined datasets

– GHI

– DNI

– DHI

• For separated datasets

– GHI x 23

– DNI x 23

– DHI x 23

Table 4.3 and Table 4.4 shows a sample of computed dataset on 15/06/2019 to 21/06/2019

at 12:00 pm for combined and separated datasets respectively.

4.3 Characteristics of Data

The data has some characteristic features. Since solar energy generation is directly

connected to solar power, the solar energy panels’ positions according to the sun

affect the generation. While there is minimal generation at night (probably due to

moonlight), the amount of daily generation increases in a daylight, and it reaches the

peak at noon, as shown in Figure 4.2 and 4.3. If the hourly generation capacity is

examined, much generation is observed in the day, and it becomes close to 0 at night.

Besides the day and night relationship, the generation amount is different in specific

periods of the year, whether it is a month or a season. In summer, generation is much

higher than in winter, as Figure 4.7. In addition, the generation is high since the

days are longer in the summer months, as Figure 4.3. In the winter months, the sun’s

visibility is less and causes generation to decrease, as Figure 4.2. The boxplot of the

generation amount by month is shown in Figure 4.6

Another factor affecting energy generation is the geographic location where the solar

panels are located because the amount and the angle of the sun coming to the re-
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Table 4.3: Computed Combined Data from Solar Power Generation on 15/06/2019 to

21/06/2019 at 12:00 pm

Features 15/06/2019 16/06/2019 17/06/2019 18/06/2019 19/06/2019 20/06/2019 21/06/2019

Solar 3950.44 3958.87 4186.84 3554.57 3451.14 3317.6 3814.45

Solar_prev_48 3873.92 3860.94 3950.44 3958.87 4186.84 3554.57 3451.14

Solar_prev_72 3836.58 3873.92 3860.94 3950.44 3958.87 4186.84 3554.57

Solar_prev_96 4076.55 3836.58 3873.92 3860.94 3950.44 3958.87 4186.84

Solar_prev_120 4090.75 4076.55 3836.58 3873.92 3860.94 3950.44 3958.87

Solar_prev_144 3854.24 4090.75 4076.55 3836.58 3873.92 3860.94 3950.44

Solar_prev_168 4765.76 3854.24 4090.75 4076.55 3836.58 3873.92 3860.94

month 6 6 6 6 6 6 6

quarter 2 2 2 2 2 2 2

ghi 863.788912 864.093288 864.3549 864.573297 864.747985 864.878423 864.964023

dni 817.322525 816.576963 815.822139 815.057878 814.283991 813.500274 812.706508

dhi 171.471629 171.941546 172.406316 172.86588 173.320176 173.769135 174.212684
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Figure 4.6: Box Plot of Generation by Month
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Table 4.4: Computed Separated Data from Solar Power Generation on 15/06/2019 to

21/06/2019 at 12:00 pm

Features 15/06/2019 16/06/2019 17/06/2019 18/06/2019 19/06/2019 20/06/2019 21/06/2019

Solar 3950.44 3958.87 4186.84 3554.57 3451.14 3317.6 3814.45

Solar_prev_48 3873.92 3860.94 3950.44 3958.87 4186.84 3554.57 3451.14

Solar_prev_72 3836.58 3873.92 3860.94 3950.44 3958.87 4186.84 3554.57

Solar_prev_96 4076.55 3836.58 3873.92 3860.94 3950.44 3958.87 4186.84

Solar_prev_120 4090.75 4076.55 3836.58 3873.92 3860.94 3950.44 3958.87

Solar_prev_144 3854.24 4090.75 4076.55 3836.58 3873.92 3860.94 3950.44

Solar_prev_168 4765.76 3854.24 4090.75 4076.55 3836.58 3873.92 3860.94

month 6 6 6 6 6 6 6

quarter 2 2 2 2 2 2 2

KONYA_ghi 891.190194 891.344192 891.456255 891.525946 891.552783 891.536235 891.475725

KONYA_dni 853.720563 852.568529 851.409046 850.241914 849.066921 847.88384 846.692428

KONYA_dhi 161.007825 161.667151 162.321545 162.970939 163.615265 164.254446 164.888403

KAYSERI_ghi 847.784897 848.522185 849.21426 849.860623 850.46073 851.013991 851.51977

KAYSERI_dni 803.087736 803.301214 803.501365 803.688089 803.861274 804.020787 804.166484

KAYSERI_dhi 179.752251 179.827376 179.897872 179.963693 180.024788 180.0811 180.132567

ANKARA_ghi 820.826308 821.637413 822.402345 823.120664 823.791884 824.415475 824.990866

ANKARA_dni 730.089271 730.571349 731.037969 731.489053 731.924506 732.344218 732.748061

ANKARA_dhi 202.859845 202.839525 202.813764 202.782527 202.745777 202.70347 202.655557

AFYONKARAHISAR_ghi 883.928052 884.477517 884.983428 885.445381 885.862929 886.235574 886.562776

AFYONKARAHISAR_dni 809.224368 809.131211 809.026248 808.909382 808.780499 808.639472 808.486157

AFYONKARAHISAR_dhi 183.730479 183.919152 184.103471 184.283392 184.458864 184.629832 184.796238

GAZIANTEP_ghi 849.145594 849.211768 849.236699 849.219863 849.160692 849.058568 848.91283

GAZIANTEP_dni 857.822053 856.321157 854.814474 853.301737 851.782667 850.256965 848.724322

GAZIANTEP_dhi 144.234193 145.006069 145.772691 146.533986 147.289877 148.040281 148.78511

NIGDE_ghi 885.58292 885.975983 886.325439 886.630806 886.891548 887.107085 887.27679

NIGDE_dni 858.483331 857.76329 857.033848 856.294835 855.546065 854.787338 854.018441

NIGDE_dhi 164.727011 165.218942 165.706257 166.188888 166.666765 167.139813 167.60795

DENIZLI_ghi 839.108905 839.036891 838.926228 838.776565 838.587505 838.358609 838.089392

DENIZLI_dni 739.949361 738.772243 737.586261 736.391235 735.186966 733.973242 732.749834

DENIZLI_dhi 189.811685 190.387152 190.957602 191.522967 192.083173 192.63814 193.187786

BALIKESIR_ghi 830.944744 830.566287 830.146239 829.684292 829.180093 828.633249 828.043324

BALIKESIR_dni 724.981188 723.22751 721.466571 719.698138 717.921963 716.137782 714.345317

BALIKESIR_dhi 194.253788 195.039513 195.818391 196.59034 197.355274 198.113097 198.863712

ANTALYA_ghi 884.810308 884.718497 884.589909 884.424157 884.220809 883.979387 883.69937

ANTALYA_dni 854.063759 852.619818 851.171262 849.717882 848.259455 846.795748 845.326514

ANTALYA_dhi 141.885324 142.59307 143.296859 143.996643 144.69237 145.383984 146.071426

BURDUR_ghi 891.113253 891.16979 891.185736 891.1607 891.094241 890.985875 890.835069

BURDUR_dni 821.925327 820.706451 819.480029 818.24587 817.003765 815.753493 814.494818

BURDUR_dhi 175.936285 176.613599 177.285721 177.952582 178.61411 179.27023 179.920857

MERSIN_ghi 849.812571 848.825076 847.80229 846.743765 845.649011 844.517491 843.348626

MERSIN_dni 836.846741 833.223837 829.611632 826.009591 822.41717 818.833815 815.25896

MERSIN_dhi 144.354656 145.936184 147.504963 149.06095 150.604101 152.13436 153.651669

ELAZIG_ghi 843.16817 843.54792 843.881021 844.166918 844.405009 844.594644 844.735131

ELAZIG_dni 871.846258 870.927362 869.999086 869.061215 868.113515 867.155738 866.187621

ELAZIG_dhi 142.504635 143.060414 143.611447 144.157661 144.69898 145.235322 145.766602

ISPARTA_ghi 892.05806 892.076303 892.053646 891.989692 891.883995 891.736065 891.545363

ISPARTA_dni 818.996455 817.64473 816.285836 814.919565 813.545696 812.16399 810.774196

ISPARTA_dhi 180.894582 181.645644 182.391025 183.130655 183.864456 184.592346 185.314234

NEVSEHIR_ghi 875.706294 876.330672 876.909796 877.44318 877.930289 878.370541 878.763308

NEVSEHIR_dni 835.593813 835.496463 835.387156 835.265775 835.13219 834.986254 834.827807

NEVSEHIR_dhi 175.827818 176.037594 176.242815 176.443427 176.639369 176.830578 177.016985

VAN_ghi 820.889463 821.484963 822.030776 822.526249 822.970684 823.363334 823.703404

VAN_dni 827.459598 826.773807 826.074796 825.362332 824.636161 823.896013 823.141597

VAN_dhi 183.903036 184.454955 185.000762 185.540355 186.073626 186.600462 187.120741

KAHRAMANMARAS_ghi 827.131964 827.799073 828.42425 829.006977 829.546695 830.042796 830.494627

KAHRAMANMARAS_dni 820.362172 820.418284 820.462688 820.495272 820.515906 820.524447 820.520736

KAHRAMANMARAS_dhi 151.130977 151.2483 151.362186 151.472594 151.579475 151.68278 151.782452

MANISA_ghi 827.276359 827.559597 827.803034 828.006349 828.169178 828.291113 828.371706

MANISA_dni 704.296215 703.900178 703.491795 703.070952 702.637523 702.191361 701.732304

MANISA_dhi 204.297199 204.573541 204.845794 205.113912 205.377842 205.637526 205.892903

AYDIN_ghi 831.241871 831.222837 831.165896 831.070723 830.936951 830.764168 830.551919

AYDIN_dni 711.387717 710.39158 709.38562 708.369677 707.343579 706.307134 705.260137

AYDIN_dhi 201.856843 202.358828 202.85618 203.348835 203.836723 204.31977 204.797897

IZMIR_ghi 825.571825 825.911084 826.211216 826.471906 826.692793 826.873475 827.013507

IZMIR_dni 693.319372 693.049325 692.766709 692.471421 692.163341 691.842333 691.508245

IZMIR_dhi 210.628368 210.858901 211.085426 211.3079 211.526272 211.740492 211.950499

ADANA_ghi 845.266994 844.411744 843.520044 842.591438 841.625421 840.621447 839.578925

ADANA_dni 840.055515 836.690061 833.3327 829.98293 826.640237 823.304098 819.973977

ADANA_dhi 141.73504 143.203378 144.660443 146.106184 147.540548 148.963474 150.374894

AKSARAY_ghi 866.644677 867.172434 867.656642 868.096835 868.492501 868.843081 869.147971

AKSARAY_dni 838.332068 838.078 837.812972 837.536861 837.249528 836.950822 836.640574

AKSARAY_dhi 159.798403 160.050657 160.298964 160.543275 160.783535 161.019684 161.251659

ERZURUM_ghi 870.985813 871.670659 872.302649 872.881169 873.405556 873.8751 874.289046

ERZURUM_dni 917.33606 916.849849 916.352321 915.843301 915.3226 914.790011 914.245315

ERZURUM_dhi 151.435996 151.884104 152.326634 152.763506 153.194636 153.619936 154.039311

SIVAS_ghi 833.487777 834.207102 834.877768 835.499251 836.070983 836.59235 837.062694

SIVAS_dni 776.710254 776.811589 776.897598 776.96816 777.023136 777.06237 777.085686

SIVAS_dhi 198.352699 198.502765 198.647246 198.786083 198.919211 199.046558 199.168049
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Figure 4.7: Solar Power Generation by Month

gion are different in various locations of the world. Therefore irradiance indexes are

calculated according to the region where each solar panel is located.

Air conditions in the day are also the reasons that affect generation. For example,

generation is high in sunny weather and low in cloudy or rainy weather. However, we

will not consider weather conditions in our experiments.

4.4 Training and Validation Set

The part of the data set from October 2017 to October 2019 has been used in the

study. Noteworthy generation data begin on October 2017. The 20-month section

from October 2017 to June 2019 has been used for model development, and the 4-

month section from June 2019 to October 2019 has been used for cross-validation of

the model.

31



32



CHAPTER 5

EXPERIMENTS AND RESULTS

In this thesis, we propose a novel method that decomposes the data and calculates

separately for time series forecasting, which aims to overcome the instability caused

by the trend. In the first part of the study, we extract features such as mean and trend

from the history of the existing data by feature extraction methods and add to the data

set as features. In the second part of the study, we apply trend decomposition to the

data, and we run machine learning models with separated stable data. Then, in the

third part of the study, we use the linear estimation algorithm to make predictions on

the trend data as well. We obtain the final results by combining the predicted results

of both the stable time series data and the trend.

5.1 Time Series Forecasting Algorithms

This section gives a detailed explanation of the various time series models. In this

thesis, we experiment with five well-known machine learning algorithms with our

proposed methods.

5.1.1 ANN

ANN is implemented in many applications with approaches such as supervised, unsu-

pervised, and reinforcement learning. ANN learns from the data to create a relevant

connection between input and output in the supervised learning approach [58]. Back-

propagation algorithms are used for training purposes so that ANNs learn a specific

pattern. In the backpropagation algorithm, while the information flows between the
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nodes, the error information flows in the reverse direction. It is in use to determine

the strength of the connections between nodes with the weight parameter. Weights

are adjusted using some methods like gradient descent, and the error is reduced to

the lowest level. After being trained in this way, the model runs with the least error.

When new data is provided to the model, the result is obtained most accurately by

calculating each input’s effect on the output using the previously set weight parame-

ters. In researches, different kinds of optimization methods are proposed for training

ANN to improve the performance [59]. ANN models map past observations to future

value. The output yt and the input (yt−1, yt−2, ..., yt−p) can be represented as:

yt = α0 +

q∑
j=1

αjg

(
β0j +

p∑
i=1

βijyt−i

)
+ εt, (5.1)

g(x) =
1

1 + exp(−x)
, (5.2)

where αj(j = 0, 1, 2, ..., q) and βij(i = 0, 1, 2..., p; j = 1, 2, ..., q) are the model

parameters called connection weights; q is the hidden nodes number and p is the

inputs number [32].

5.1.2 kNN

K-nearest neighbor method (kNN), which is called lazy learner, is trained on run time

in the machine learning environment. kNN is also one of the most straightforward

and most uncomplicated methods since the datasets’ classification is based on their

nearest neighbors’ class. As a result, the datasets are allocated to a more related

class. The number k is used to determine how close it will be the class. Number k

usually has small values. The smaller k means the closer data sets are classified to

their neighbors [4].

The Euclidean distance used in kNN is the commonly used one. The distance is

calculated between test and train data. The Euclidean distance between sample xi
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and xk (k=1,2,...,n) is identified as:

d(xi, xk) =
√

(xi1, xk1)2 + (xi2, xk2)2 + ..+ (xir, xkr)2 (5.3)

where xi is an input sample with r features (xi1, xi2, ..., xir), n is the total number of

sample (i=1,2,...,n) and r is the number of feature(j=1,2,...,r) [4].

5.1.3 LGBM and RF

The Light Gradient Boosting Machine (LGBM) and Random Forest (RF) are two

common decision tree-based group algorithms [60].

For the classification problem, boosting algorithms are offered initially. The main

idea is getting more accurate predictions by joining many single models that are

weaker to achieve more robust models. Gradient boosting machines (GBM) is of-

fered by Friedman by extending the boosting [61]. GBM minimizes the loss function

as a numerical optimization algorithm. Behind the scene, this algorithm uses new

decision trees at each step to decrease loss function. Firstly the model starts with

any guess, then each round new decision trees are provided for residual parts, and the

previous one renews. Iteration continues until the given k number. By adding new

decision trees to residual parts, the model is being improved where it does not work

correctly [62].

Gradient boosting regression tree (GBRT) is another type of decision tree as a re-

gression model. GBRT is different from RF by iterations. GBRT improves its inner

trees by creating a new model to minimize previous improper training parts. By using

an iterative approach, the accuracy of the model regularly improves. LightGBM is a

distributed kind of classic GBRT. Using LGBM on parallel operations, computational

costs decrease significantly [63].

The feasibility of the multi-stage model based on Random Forest optimized by Ant

Colony Algorithm was verified by predicting solar radiation that is monthly sampled

and gathered in three locations in Australia [64].
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5.1.4 SVR

Support Vector Machines (SVM) is one of the selected methods in this thesis to pre-

dict solar power generation. Vapnik is the first one who proposed SVM as a new

machine learning algorithm. [65]. Nowadays, satisfactory forecasting results are ob-

tained at an electricity market price by employing a support vector machine (SVM)

[66]. The simplest form of SVM classification is the maximal margin classifier. It is

used to solve the most straightforward classification problem that is the binary classi-

fication case with linear separable training data [67].

Support Vector Regression (SVR) is extended from support vector machines, a pop-

ular machine learning tool. Time series predictions created using SVM, which are

explored in [68], include the load forecasting.

5.2 Error Metrics

We use mean absolute error (MAE) and root mean square error (RMSE) for perfor-

mance measurement mainly as (5.4) and (5.5). For MAE P̂ (i) is predicted value of

solar power at the i’th hour, Pm(i) is the actual value of solar power at the i’th hour.

MAE =
1

N

N∑
i=1

∣∣∣P̂ (i)− Pm(i)
∣∣∣ (5.4)

nRMSE =

√√√√ 1

N

N∑
i=1

(
P̂ (i)− Pm(i)

Pn(i)

)2

.100 (5.5)

Indices (5.5) and (5.6) are recently recommended by the European and International

Energy Agency (IEA) for reporting irradiance model accuracy [69]

nMBE =
1

N

N∑
i=1

(
P̂ (i)− Pm(i)

Pn(i)

)
.100 (5.6)
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5.3 Existing Algorithms

As a first step, we use existing models to determine the current performance of ANN,

RF, SVR, kNN, and LGBM. We have four kinds of computed dataset which is ex-

tended from existing solar power generation dataset.

Our goal is to predict the next day’s generation. For this, we need the generation val-

ues of the previous days. However, since today’s generation has not been completed

yet, there is no data for today. So there is a day without data between the day we try

to predict and the days of the old data we have. Hence there are two more generation

values that belong to 48 and 72 hours before for the last three days’ solar power gen-

eration dataset. There are six more generation values that belong to 48, 72, 96, 120,

144, and 168 hours before for the last seven days’ solar power generation dataset, and

there is a day without data between predicted and available days again. The other two

datasets have irradiance indexes (GHI, DNI, DHI) based on the calculation method,

which are a country basis or city basis.

InputLayer
input:

output:

(None, 8)

(None, 8)

Dense
input:

output:

(None, 8)

(None, 16)

Dense
input:

output:

(None, 16)

(None, 8)

Dense
input:

output:

(None, 8)

(None, 1)

Figure 5.1: ANN Model
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We use five machine learning algorithms, which are ANN, RF, SVR, kNN and LGBM,

in this thesis. As the first step of the study, we run existing models on four datasets

and keep the results to compare with the methods we propose. Results of existing

models’ error metrics are base for the proposed methods. We experiment with ANN

by using a different combination of layers and input dimensions. We decide to use

the ANN, whose configuration (p,q) is 3-layer with eight input dimensions (8,3) and

one output dimension. The model can be seen in Figure 5.1.

ANN model is trained with 50 iterations and 1000 epochs. The Random Forest model

is trained with 50 iterations, but others are trained with one iteration because the Ran-

dom Forest model has randomness, but others do not have. MAE and RMSE scores

of the experiments are shown in Table 5.1. Figure 5.2 shows trained and predicted

part of solar power dataset. Structure of the solar power data can be seen in Figure

5.3
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Figure 5.2: Trained and Predicted Part of Solar Power Data

5.4 Feature-based Modelling

In [70] it is aimed to increase the forecasting performance by using extra statistical

and structural features that summarize characteristics of the time series. The proposed

method tries to predict more accurate results by using determined extra characteristic

features.

In this section, we study both mean and trend features mentioned in [70]. By adding
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Table 5.1: MAE and RMSE of Plain Training of Machine Learning

Model Feature Set MAE RMSE

ANN

Feature Set 1 260.991 322.391

Feature Set 2 250.033 307.310

Feature Set 3 242.073 302.787

Feature Set 4 241.232 311.084

RF

Feature Set 1 314.521 363.293

Feature Set 2 336.623 389.941

Feature Set 3 318.953 365.312

Feature Set 4 326.654 376.990

SVR

Feature Set 1 229.834 294.076

Feature Set 2 213.264 275.314

Feature Set 3 244.837 301.686

Feature Set 4 220.272 278.124

kNN

Feature Set 1 277.628 345.090

Feature Set 2 299.35 352.512

Feature Set 3 285.811 343.341

Feature Set 4 311.543 371.734

LGBM

Feature Set 1 268.933 323.424

Feature Set 2 246.864 309.658

Feature Set 3 259.608 320.170

Feature Set 4 243.526 304.118
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Figure 5.3: Structure of Predicted Solar Power Data

these new parameters to the multivariate dataset as a new feature, the model can detect

characteristics of the data more strongly. Mean feature is calculated as

Mean =
1

N

N∑
i=1

xi, (5.7)

where N is certain length of frame and xi is actual value for the i’th observation

Trend feature is calculated with Ordinary Least Squares (OLS) method of linear re-

gression. To calculate a as a trend feature, S is minimized as

ŷ = ax, (5.8)

S =
n∑

i=1

(yi − ŷi)2 =
n∑

i=1

(yi − ax)2 =
n∑

i=1

(ε̂i)
2 = min, (5.9)

where ŷi is predicted value for the i’th observation, yi is actual value for the i’th

observation , εi is error for the i’th observation, n is total number of observations.

To calculate new features, that are mean and trend, we use k as window size of the

last days’ values of dataset. k indicates how many days of data have been used. k

value is variable for each of both the method and dataset and should be tuned well.

We determine k value by trying many combinations. Table 5.2 and Table 5.3 show
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comparisons of prediction results between feature based models and existing models.

Also, Table 5.2 and Table 5.3 show determined k values for each method and dataset.

Table 5.2 and Table 5.3 show that feature based models give more accurate results

compared to existing models.

Feature extracted model experiments show that the dataset’s mean and trend charac-

teristics are too valuable to ignore. These results direct us to focus on the trend charac-

teristic of solar power data. Since Turkey’s capacity is increased by establishing new

solar plants every day, the trend is increasing at the same time. To have increasing

time series trend data prevents forecasting consistent generation information. Even

if machine learning models are trained with existing solar power generation, future

generation is more than now because of installing more generation capacity with new

power plants.

5.5 Trend Decomposition

Time series are composed of a linear and nonlinear components. That is,

yt = Lt +Nt, (5.10)

where Lt is linear component and Nt is nonlinear component. The trend decompo-

sition approach aims to estimate the linear part of data as a trend to separate this

component from data. Stable data, which is the nonlinear part of data, can be calcu-

lated by subtracting the determined linear part of data from the original part as

st = yt − Lt, (5.11)

where st denotes stable nonlinear data.

Our proposed method, which aims to solve increasing or decreasing trend problems,

can make more consistent and high accuracy estimations in time series by separating

trend data from original data. The trend decomposition method provides separation

of trend data and stable data from original data. In this way, high accuracy results are
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Table 5.2: MAE Comparison Between Existing and Feature Based Models

Model Feature Set Existing Model
Feature Based Model

Mean (k) Trend (k)

ANN

Feature Set 1 260.991 251.139 (3) 245.787 (3)

Feature Set 2 250.033 228.342 (9) 230.092 (9)

Feature Set 3 242.073 219.062 (15) 236.925 (11)

Feature Set 4 241.232 241.893 (3) 227.404 (3)

RF

Feature Set 1 314.521 312.304 (3) 308.126 (3)

Feature Set 2 336.623 334.275 (3) 320.154 (11)

Feature Set 3 318.953 316.592 (3) 314.466 (3)

Feature Set 4 326.654 324.716 (3) 320.364 (11)

SVR

Feature Set 1 229.834 226.056 (3) 225.992 (3)

Feature Set 2 213.264 213.076 (9) 212.63 (9)

Feature Set 3 244.837 234.33 (3) 237.471 (3)

Feature Set 4 220.272 218.454 (7) 219.81(7)

kNN

Feature Set 1 277.628 280.738 (11) 275.725 (9)

Feature Set 2 299.35 296.494 (7) 298.203 (11)

Feature Set 3 285.811 263.967 (15) 284.396 (15)

Feature Set 4 311.543 308.749 (7) 310.558 (3)

LGBM

Feature Set 1 268.933 247.0 (15) 256.927 (3)

Feature Set 2 246.864 242.772 (3) 244.777 (3)

Feature Set 3 259.608 269.254 (3) 248.055 (3)

Feature Set 4 243.526 245.635 (3) 239.353 (3)
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Table 5.3: RMSE Comparison Between Existing and Feature Based Models

Model Feature Set Existing Model
Feature Based Model

Mean (k) Trend (k)

ANN

Feature Set 1 322.391 310.056 (3) 306.943 (3)

Feature Set 2 307.310 287.924 (9) 290.907 (9)

Feature Set 3 302.787 286.528 (15) 298.729 (11)

Feature Set 4 311.084 310.250 (3) 302.679 (3)

RF

Feature Set 1 363.293 359.933 (3) 356.919 (3)

Feature Set 2 389.941 387.219 (3) 373.643 (11)

Feature Set 3 365.312 361.445 (3) 361.078 (3)

Feature Set 4 376.990 373.929 (3) 371.094 (11)

SVR

Feature Set 1 294.076 286.876 (3) 287.054 (3)

Feature Set 2 275.314 274.518(9) 273.603 (9)

Feature Set 3 301.686 292.489 (3) 289.638 (3)

Feature Set 4 278.124 277.894 (7) 276.524 (7)

kNN

Feature Set 1 345.090 338.553 (11) 335.715 (9)

Feature Set 2 352.512 348.674 (7) 350.905 (11)

Feature Set 3 343.341 327.522 (15) 342.090 (15)

Feature Set 4 371.734 368.041 (7) 370.498 (3)

LGBM

Feature Set 1 323.424 308.012 (15) 315.826 (3)

Feature Set 2 309.658 305.669 (3) 305.983 (3)

Feature Set 3 320.170 322.446 (3) 308.918 (3)

Feature Set 4 304.118 302.714 (3) 298.583 (3)
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obtained from predictions with existing machine learning models on stable data.

Algorithm 1 Trend decomposition and forecasting
1: procedure TIMESERIESFORECAST(time_series)

2: trend, resid← TRENDDECOMPOSE(time_series)

3: stable← SUBTRACTOR(time_series, trend)

4: predicted_stable← PREDICTWITHML(stable)

5: predicted_trend← trend

6: if isExtrapolatedPrediction = True then

7: predicted_trend← PREDICTWITHLINEAR(trend)

8: end if

9: prediction← MERGE(predicted_stable, predicted_trend)

10: return prediction

11: end procedure

The architect of proposed method is shown in Figure 5.4. The pseudo-code of the

proposed method is indicated in Algorithm 1. In the trend decomposition function,

the moving average method is used to calculate the trend part of the data. The moving

average is the main structure of the decomposition methods. Moving average defines

the trend cycle procedure. Each computation is done by replacing the oldest observa-

tion with the next observation. Moving average of order p is defined as the average

consisting of observation and the k points on either side. The formula for moving

average can be seen in equation 5.12.

T̂t =
1

2k + 1

k∑
i=−k

yt+i, (5.12)

p = 2k + 1 (5.13)

where T̂t is a trend at time t within p periods of t. 365 is chosen as a p for experi-

ments. In decomposition tasks, an appropriate moving average period determination

is an important task. Time series data is mainly the composition of seasonal and

trend patterns. The trend decomposition method decomposes original data to trend
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and resid data. Two kinds of decomposition models exist, such as additive and multi-

plicative models.

1. Additive decomposition: Observed data is taken as a sum of the decomposed

patterns

O(t) = S(t) + T (t) +N(t), (5.14)

2. Multiplicative decomposition: Observed data is taken as a product of the de-

composed patterns

O(t) = S(t) ∗ T (t) ∗N(t), (5.15)

where O(t) is observed data; S(t), T(t), N(t) are seasonality, trend and noise in time t,

respectively.

The additive decomposition method is selected when the seasonal data does not have

peak values. However multiplicative decomposition method is selected when the

seasonal data do vary much. We used the additive decomposition method because

solar power data has smooth increasing over the years.

In pseudo-code, to get stable (de-trended) data, trend data is subtracted from original

data as

StableData = OriginalData− TrendData. (5.16)

Original, trend and stable data samples at 02:00 pm can be shown in Figure 5.5, 5.6,

5.7 respectively.

In our method, trend data, which is extracted from the original data, is used in two

different ways, which will be explained in following subsections.

5.5.1 Using Maximum Value of Trend Data

In this method, prediction is not applied to trend data. As shown in Figure 5.4, trend

data is used as-is. Stable data is applied to existing machine learning algorithms:
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ANN, RF, SVR, kNN, and LGBM. After the prediction is completed, results from

machine learning algorithms and decomposed trend data are summed to get the final

prediction. Since no prediction is made with trend data, the maximum value is used

in the merging phase. Used sample trend data is shown in Figure 5.8.

Table 5.4 and Table 5.5 show MAE and RMSE metric results of proposed trend de-

composition predictions without extrapolation. Our experimental observations have

shown that the trend decomposition method improves the accuracy of prediction, as

shown in Tables 5.4 and 5.5.
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Figure 5.8: Sample Trend Data Without Extrapolation

5.5.2 Extrapolation on Trend Data

In Turkey, solar power installed capacity increases every day. Hence trend data in

solar power generation data increases as well. It is necessary to estimate future trend

data to get more accurate predictions. Although various machine learning algorithms

are used to predict stable data, linear regression algorithms are used in trend estima-

tion because linear estimation algorithms are more robust than nonlinear estimation

algorithms on linear data. After stable data is predicted by various machine learning

algorithms and trend data is predicted by linear prediction algorithms, the final results

were obtained by combining the predicted results of both the stable time series data

and the trend. Ordinary Least Squares (OLS) method is used to predict future value

of trend data as in 5.8. Extrapolated sample trend data can be seen in Figure 5.9.

Proposed trend decomposition method is tested on four datasets which are combined
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last 3 days, combined last 7 days, separated last 3 days, and separated last 7 days.

Table 5.4 and Table 5.5 show that the trend decomposition method with extrapolation

improves both standard decomposition and existing algorithm results.
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Figure 5.9: Sample Trend Data With Extrapolation

5.6 T-test Results

When comparing two sets of results, we can only prove how similar they are by using

error metrics, and it is not possible to prove that these sets are different. The student’s

t-test, also known as the t-test, is the most common test for comparing samples [71].

In student’s t-test, comparing the two samples (X and Y), can be calculated as follow.

t =
mX −mY√

S2

nX
+ S2

nY

(5.17)

where, mX and mY represent the mean value of the group X and Y, respectively. nX

and nY represent the sizes of the group X and Y, respectively. S2 is an estimator of

the pooled variance of the two groups. It can be calculated as follow :

S2 =

∑
(x−mX)2 +

∑
(x−mY )2

nX + nY − 2
(5.18)

with degrees of freedom (df): df = nX + nY − 2 [72].
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Table 5.4: MAE Result of Trend Decomposed Model

Model Feature Set Existing Model
Feature Based Model Trend Decomposed Model Improvement

Mean (k) Trend (k) Normal Extrapolated (%)

ANN

Feature Set 1 260.991 251.139 (3) 245.787 (3) 220.234 200.58 23.15

Feature Set 2 250.033 228.342 (9) 230.092 (9) 229.33 215.295 13.89

Feature Set 3 242.073 219.062 (15) 236.925 (11) 218.053 207.816 14.15

Feature Set 4 241.232 241.893 (3) 227.404 (3) 255.973 237.59 1.51

RF

Feature Set 1 314.521 312.304 (3) 308.126 (3) 233.044 202.337 35.67

Feature Set 2 336.623 334.275 (3) 320.154 (11) 246.919 203.746 39.47

Feature Set 3 318.953 316.592 (3) 314.466 (3) 232.023 199.538 37.44

Feature Set 4 326.654 324.716 (3) 320.364 (11) 240.268 198.183 39.33

SVR

Feature Set 1 229.834 226.056 (3) 225.992 (3) 205.075 191.272 16.78

Feature Set 2 213.264 213.076 (9) 212.63 (9) 201.997 193.035 9.49

Feature Set 3 244.837 234.33 (3) 237.471 (3) 205.993 192.469 21.39

Feature Set 4 220.272 218.454 (7) 219.81(7) 200.897 191.138 13.23

kNN

Feature Set 1 277.628 280.738 (11) 275.725 (9) 235.327 216.763 21.92

Feature Set 2 299.35 296.494 (7) 298.203 (11) 238.798 221.396 26.04

Feature Set 3 285.811 263.967 (15) 284.396 (15) 227.226 210.207 26.45

Feature Set 4 311.543 308.749 (7) 310.558 (3) 233.117 210.434 32.45

LGBM

Feature Set 1 268.933 247.0 (15) 256.927 (3) 218.506 202.567 24.68

Feature Set 2 246.864 242.772 (3) 244.777 (3) 220.969 203.447 17.59

Feature Set 3 259.608 269.254 (3) 248.055 (3) 212.529 196.929 24.14

Feature Set 4 243.526 245.635 (3) 239.353 (3) 212.783 193.902 20.38
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Table 5.5: RMSE Result of Trend Decomposed Model

Model Feature Set Existing Model
Feature Based Model Trend Decomposed Model Improvement

Mean (k) Trend (k) Normal Extrapolated (%)

ANN

Feature Set 1 322.391 310.056 (3) 306.943 (3) 285.218 267.692 16.97

Feature Set 2 307.310 287.924 (9) 290.907 (9) 229.329 286.713 6.7

Feature Set 3 302.787 286.528 (15) 298.729 (11) 285.311 280.619 7.32

Feature Set 4 311.084 310.250 (3) 302.679 (3) 343.120 320.033 2.88

RF

Feature Set 1 363.293 359.933 (3) 356.919 (3) 287.058 269.425 25.84

Feature Set 2 389.941 387.219 (3) 373.643 (11) 300.190 267.233 31.47

Feature Set 3 365.312 361.445 (3) 361.078 (3) 283.714 266.698 26.99

Feature Set 4 376.990 373.929 (3) 371.094 (11) 291.695 263.754 30.04

SVR

Feature Set 1 294.076 286.876 (3) 287.054 (3) 271.9 262.535 10.73

Feature Set 2 275.314 274.518(9) 273.603 (9) 266.001 261.874 4.88

Feature Set 3 301.686 292.489 (3) 289.638 (3) 267.601 263.198 12.76

Feature Set 4 278.124 277.894 (7) 276.524 (7) 263.142 262.341 5.67

kNN

Feature Set 1 345.090 338.553 (11) 335.715 (9) 306.507 293.687 14.9

Feature Set 2 352.512 348.674 (7) 350.905 (11) 305.220 283.457 19.59

Feature Set 3 343.341 327.522 (15) 342.090 (15) 291.172 280.059 18.43

Feature Set 4 371.734 368.041 (7) 370.498 (3) 295.819 274.430 26.18

LGBM

Feature Set 1 323.424 308.012 (15) 315.826 (3) 282.012 274.994 14.97

Feature Set 2 309.658 305.669 (3) 305.983 (3) 285.027 273.745 11.6

Feature Set 3 320.170 322.446 (3) 308.918 (3) 273.735 269.036 15.97

Feature Set 4 304.118 302.714 (3) 298.583 (3) 274.525 264.552 13.01
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Table 5.6: P-Value of T-Test Results

Model Feature Set 1 Feature Set 2 Feature Set 3 Feature Set 4

ANN 0.0129 0.018 0.0146 0.0165*

RF 5.55E-05 7.73E-06 4.03E-06 2.77E-06

SVR 0.0245 0.0111* 0.0032 0.0569

kNN 0.032 0.00234 0.001 0.000256

LGBM 0.00143 0.0277 0.00151 0.00882

* It is calculated with predictions between 08:00 am - 05:00 pm.

If the p-value is inferior or equal to the significance level of 0.05, it can be concluded

that predicted values are significantly different from the existing results. Table 5.6

shows the p-value of t-test results of existing algorithms and proposed methods.

P-values in Table 5.6 shows that new results from proposed methods are significantly

different from existing algorithms except for two results, which are ANN with Feature

Set 4 and SVR with Feature Set 2. P-value of ANN with Feature Set 4 and SVR with

Feature Set 2 are greater than 0.05. Solar power generation is close to zero in the early

morning and late evening hours. Thus both existing and predicted generation values

are very close. Having too close values makes them look like there is not enough

difference between the results. Thus predicted values between 08:00 am - 05:00 pm

are used to calculate p-values for these two model-feature set duals. As a result it

shows that there is a significant difference between the existing and proposed method

results.
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CHAPTER 6

CONCLUSION AND FUTURE WORK

In this thesis, we proposed a novel time series prediction methods that significantly

improve prediction performance using the underline trend information in time series

data. We show that making predictions in time series data after trend decomposition

improves prediction performance regardless of the machine learning algorithms used

for prediction. The study can be categorized into three main groups.

In the first part of the study, we experimented featured-based model, which extracts

extra descriptive features of a given time series with solar power data. We decided

that the most appropriate feature to solve the trend problem mentioned in the thesis

would be the trend feature. While using the trend feature, we specified a different

window size for each model and data set. We tested many variations to tune window

size well. In our experiments, we showed that the feature-based method, which added

new features to the data set, is more successful than the current methods.

In the second part, we decomposed time series to get trend part of the data. We

calculated stable data by subtracting trend data from the original data. We trained the

existing machine learning models with the remaining stable data. Then, we obtained

the final result by combining the maximum value of the trend data we have extracted

with the prediction results. We concluded that the results obtained provide more

accurate results compared to both the existing methods and the feature-based method.

In the last part of the study, we also made predictions on the trend in addition to the

second part. Since trend data is linear data, we used linear estimation methods. Thus,

we trained the models on both stable data and trend data, and used the strengths

of each model on the relevant piece of data. The proposed method’s performance
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was compared with ANN, kNN, SVR, RF and LGBM using MAE and RMSE. We

confirmed that the method we proposed provides the most accurate result with the

least error on the results obtained.

Random forest is the most improving machine learning algorithm by the proposed

trend decomposition method for both error metrics. The improvements vary between

25% and 39% for both error metrics. However, SVR gives the best prediction results

by the proposed trend decomposition method with the least error results. Although

ANN is generally preferred for solar power prediction in the literature, we show that

SVR is also good candidate in solar power generation when the data has a trend. T-test

results show that the proposed method’s forecasted values are significantly different

from the existing method’s forecasted values.

Time series data might have different components such as trend and seasonality. The

methods we proposed in this thesis are general methods that can be applied to any type

of time series that has a trend because our proposed methods use trend decomposition.

Since Turkey’s solar power data is a kind of time series, we applied our proposed

methods to Turkey’s solar power data. We show that our proposed methods give more

accurate results than existing algorithms. All of the machine learning algorithms

mentioned in this thesis are improved with proposed methods. The improvements

vary between 1% and 39% for both error metrics.

In the solar power domain, hourly one-day ahead predictions are essential since mak-

ing accurate predictions on solar power data is important for system operations such

as dispatchability, efficiency and monitoring. Decision-makers need to know how

much energy they will get for next day because they have to decide if they need to

produce extra energy from other sources or they need extra storage capacity due to

over generation. The proposed method helps them to forecast one-day ahead predic-

tion for solar power generation regardless of which machine learning method they

use. The solar power community can easily integrate the method we proposed to get

more accurate predictions without having to change their existing solutions.

Besides, in the literature, studies have been conducted using the last day’s data for the

next day’s predictions. However, when we predict the next day in real-world applica-

tions, the last day’s generation information has not reached us yet. Hence our work
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actually estimates two days later. Our study differs from other studies in the literature

with trend decomposition on multivariate data and two-day ahead predictions with

various machine learning algorithms.

In the current study, the trend component of the time series is decomposed and pre-

dicted with linear prediction methods. A future research direction is to decompose

seasonality and to predict seasonality separately. Another future research plan is to

improve the prediction accuracy of decomposed trend and also to test more machine

learning algorithms with proposed methods. In this thesis, the number 365 is selected

as a period value for trend decomposition. Comparing different numbers as a period

to find more accurate predictions on time series for trend decomposition can be future

work as well.

In this thesis, we present a highly accurate time series prediction algorithm and

demonstrate its performance in predicting solar power generation. We expect that

our approach will provide practitioners, engineers, system operators and decision-

makers in solar power industry, an effective way to make decisions based on good

predictions.
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Appendix A

SAMPLE ACTUAL & PREDICTED RESULTS OF RANDOM FOREST

MODEL

Table A.1: Actual and Predicted Values of Random Forest at 01/06/2019

Date Hour Actual Predicted

01/06/2019

07:00 1223.88 1132.185

08:00 1176.66 1115.664

09:00 1237.6 1146.12

10:00 1278.82 1106.853

11:00 1281.55 1153.602

12:00 1171.78 1148.28

13:00 1280.62 1132.102

14:00 1284.31 1081.956

15:00 1184.95 1147.596

16:00 916.27 1143.455

17:00 1176.15 1043.022

18:00 1180.95 1063.949

19:00 1087.47 1097.297

20:00 1152.8 1066.178
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Table A.2: Actual and Predicted Values of Random Forest at 30/09/2019

Date Hour Actual Predicted

30/09/2019

07:00 34.31 57.40948

08:00 35.14 53.23641

09:00 53.45 49.97518

10:00 57.87 50.0012

11:00 61.66 51.95372

12:00 43.48 49.19227

13:00 32.36 56.72669

14:00 35.67 56.20644

15:00 35.96 53.48064

16:00 39.09 50.15729

17:00 40.93 50.1833

18:00 46.74 51.02836

19:00 40.17 52.44637

20:00 35.4 49.48167
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