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ABSTRACT 

 Solar electric generation is the fastest-growing and lowest-cost form of electric generation 

today. Since solar power generation is variable, nonlinear, and unpredictable, it is posing technical 

and economic challenges to both grid operators and energy traders. Grid operators are concerned 

about voltage violation, reverse power flow, and penalty fee due to overproduction or 

underproduction of solar power. Because most electricity is traded in the day-ahead market, energy 

traders are interested in long – term power forecasting, specifically day – ahead forecasting, and 

power system operators are interested in short – term power forecasting: the higher the forecasting 

accuracy, the higher the profit to energy traders and the lower the cost to customers. 

 Due to the easy availability of historical solar power generation and associated weather 

data, solar power forecasting using a machine learning (ML) technique is becoming an attractive 

option. There are different ML techniques. Power system operators must choose suitable ML 

techniques for the right forecasting horizon. This thesis compares relevant ML techniques: support 

vector regression (SVR), kernel ridge regression (KRR), least absolute shrinkage and selection 

operator (LASSO), and ridge regression (RR); also included in the comparison is one time-series 

technique: autoregressive moving average (ARMA). The comparisons are for different forecasting 

horizons in terms of R2_Score, root mean squared error (RMSE), and mean absolute error (MAE). 

Results show that the kernelized machine learning techniques (SVR and KRR) outperformed other 

techniques.  
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CHAPTER 1 

INTRODUCTION 

1.1 Background 

In response to many factors, including economics, global warming and climate change, 

electric power generation has been shifting towards renewable sources. There is no doubt that solar 

energy is one of the chief sources of renewable energy. Solar energy can be directly converted into 

electrical energy using photovoltaic (PV) cells. Extensive research and increasing use of the PV 

cells to generate utility level electricity is driving the drop in price that can be easily seen by the 

price difference of PV panels between 2010 and 2018, which decreased by 74% during that period 

[1]. 

Since PV power generation largely depends on weather conditions and cloud coverage, 

solar power output from PV cell is challenging to accurately predict. Power system operators focus 

on short-term power generation forecasts because any over and underproduction of solar energy 

results in operational issues and possibly penalty fees. Also, to balance the unbalanced energy 

resulted from the underproduction or overproduction of solar power, more external reserves are 

required. This also increase the operating cost of the power system. Since most of the electricity 

is traded in the day-ahead market, energy traders are interested in long-term forecasting, 

specifically, a day ahead. The higher the forecasting accuracy, the higher will be the profit to 

energy traders and the lower will be the costs to customers.  

Recent research shows that the machine learning (ML) technique performs more accurately 

than traditional time series techniques in solar power generation forecasting. The performance of 

the ML technique depends on the historical data of power generation and many other physical 

aspects. Because solar power generation is variable, nonlinear, and intermittent, the kernelized ML 
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technique is supposed to be superior because it deals well with nonlinear data set. This technique 

is compared with other standard ML techniques and time-series forecasts of solar power. 

1.2 Objective 

The main objective of this thesis is to compare the performance of different machine 

learning techniques to forecast PV power output in different forecasting horizons. We have 

selected standard machine learning techniques: support vector regression (SVR), kernel ridge 

regression (KRR), least absolute shrinkage and selection operator (LASSO), ridge regression 

(RR), and the time-series technique autoregressive moving average (ARMA) for comparison. The 

performance of these forecasting techniques has been evaluated using the R2_Score, root mean 

squared error (RMSE), and mean absolute error (MAE). 

1.3 Research Question 

This research problem can be summarized as the following question:  

How do machine learning and time series techniques perform in terms of R2_Score, mean 

squared error (RMSE), and mean absolute error (MAE) in short-term (15 mins–1 hour) forecasting 

of solar PV power output based on only historical power data? 

1.4 Limitations 

We have selected four established machine learning models and a time series prediction 

model. These models are SVR, KRR, LASSO, RR, and ARMA. The focus will be to study and 

compare the results of standard machine learning techniques and a time-series technique for short 

term (15 mins – 1 hour) forecasting. The main aim is to investigate the performance of kernelized 

machine learning techniques rather than to develop any specific machine learning technique. 

1.5 Outline  

The thesis has been organized in the following way: 



3 

Chapter 1 Introduction: 

➢ A basic introduction to renewable resource, and the background, objective, research 

question, and limitations of the thesis has been presented.  

Chapter 2 Literature Review: 

➢ A significant contribution of the previous research related to both machine learning and 

time series techniques have been presented and discussed. 

Chapter 3 Mathematical Background: 

➢ Mathematical background to both machine learning and time series techniques has been 

presented. 

Chapter 4 Method and Data: 

➢ The raw data, data processing, and performance metrics have been presented. Finally, the 

methodology for each specific model also has been presented. 

Chapter 5 Results:  

➢ Results of the machine learning and time series techniques are presented. 

Chapter 6 Discussion: 

➢ Results are analyzed and discussed. The strengths and weaknesses of the thesis have been 

outlined. 

Chapter 7 Conclusions and Further Study: 

➢ The main conclusions of the thesis have been presented and discussed for future study. 
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CHAPTER 2 

LITERATURE REVIEW 

In this chapter, we have reviewed research articles related to solar power forecasting. We 

also have discussed the significant results for machine learning and time series techniques to 

predict solar power in the previous studies. 

2.1 General Research on Solar Power Forecasting 

PV power generation is dependent on many factors, such as weather conditions and PV 

module temperature. Natural variation in climatic conditions can vary these factors changing the 

PV power generation. Since PV power generation is variable, intermittent, and nonlinear, an 

accurate solar power forecasting method is required to operate the power system reliably and stably 

and to ensure quality power production. 

The review of the literature on solar power forecasting is chiefly based on [2]-[4]. There 

are three types of solar power forecasting: physical methods, statistical methods, and hybrid 

methods. The machine learning method also comes under the statistical models. Physical models 

are numerical weather prediction (NWP), sky imagery, and satellite imaging model. Statistical 

methods are more accurate for a short time horizon (1 to 6 hours) [5], whereas physical models are 

suitable for the long term. Jaidee and Pora [6] used NWP data to forecast the 4-hour ahead of solar 

power generation using Feedforward Neural Network (FFNN) and Recurrent Neural Network 

(RNN). Four types of variables: forecast weather data, the average of forecast weather data, 

forecast weather data with the measurement from weather instrument, and the average of forecast 

weather data from nearby areas with weather data from weather instrument have been used to 

conduct the comparative study. The result found in this study was that the FNN gave 0.25% higher 

root mean squared error (RMSE) using only forecast weather data from nearby areas than when 
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both forecast weather data and the measurement from weather monitoring instrument were used, 

which gave RMSE of 8.13%. 

2.2 Machine Learning Techniques 

There is a lot of literature available for solar power forecasting using machine learning 

techniques, including artificial neural network (ANN) and support vector machine (SVM). 

Forecasting accuracy depends mainly on model selection and input data for the machine learning 

model. Buwei et al. [7] proposed the extension of SVM based on data fusion, where they collected 

the data from NWP, remote sensing, and station information. This model outperformed to SVM 

and ANN models in terms of RMSE in all-time horizons from 15 mins to 4 hours. Garcia-Hinde 

et al. [8] proposed the Bootstrapped support vector regression (SVR) method, where feature 

selection has been performed using the bootstrapping technique for solar irradiation prediction. 

This method showed the robustness of the bootstrapped SVR over other feature selection process 

in terms of R2_score. 

Masood et al. [9] examined the machine learning techniques and key factors affecting PV 

power generation forecasting. The Pearson correlation coefficient metric has been used to measure 

the correlation of key factors on PV power generation forecasting. Correlations between PV power 

output and solar irradiance, PV power output and air temperature, PV power output and relative 

humidity, PV power output and wind direction, and PV power output and wind speed were found 

to be 0.8, 0.76, 0.3, 0.8, and 0.03, respectively. 

Nambiar et al. [10] compared the different forecasting models based on the RMSE.  They 

used the historical solar energy generation and load consumption data to perform the comparison 

between different forecasting techniques. The study showed machine learning and deep learning 
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technique performed better than statistical techniques in solar energy generation and load 

consumption forecasting. 

Ncane and Saha [11] compared the fuzzy logic and ANN model. In this study fuzzy logic 

was developed using actual solar PV data considering constant temperature and variable 

irradiance. The results showed that the average percentage error for fuzzy logic was 1.9% and for 

ANN was 2.6%.  Theocharides et al. [12] applied the ANN technique to forecast intra-hour power 

for a 50 MW PV system in Uruguay. They prepared different input data set and compared the 

result for the different data sets. The data sets were as follows: (a) the AC power only, (b) the 

elevation angle, azimuth angle, and AC power only, and (c) the elevation angle, azimuth angle, 

satellite observation, and AC power. The study showed that input combination (b) had normalized 

RMSE of 7.6% to 14.2% and outperformed the input combinations (a) and (c). 

Sharika et al. [13] conducted a comparative study for very short-term solar power 

forecasting in 10 – mins granularity for different forecasting techniques. The input data for one 

year of wind speed, wind direction, humidity, temperature, atmospheric pressure, global horizontal 

irradiation (GHI), diffuse horizontal irradiance (DHI), and output silicon voltage were used as 

input to the forecasting models. The result proved that the autoregressive integrated moving 

average (ARIMA) with RMSE of 29.64 forecasting technique outperformed all other machine 

learning techniques. 

Fentis et al. [14] compared the performance of two models, least squared support vector 

regressor (LS-SVR) and feedforward neural network (FFNN), using various performance metrics 

for intra-hour solar power forecasting. Input variables used were solar irradiance, and solar 

temperature. Two models were compared with five evaluation metrics, R2_Score, MAE, MSE, 
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RMSE, and relative RMSE. Results show that LS-SVR gave of R2_Score 0.96 and relative RMSE 

15.23% and outperformed FFNN. 

Kumar et al. [15] used aerosol index (AI) and other physical parameters (temperature, wind 

speed, wind direction, relative humidity, pressure, and historical GHI) to train the ANN model to 

forecast the solar power generation. The model gave a 4.67% mean squared error (MSE). 

2.3 Time Series Techniques 

 Huang et al. [16] conducted research to predict solar generation using the ARMA model in 

a laboratory–level microgrid based on the University of California, Las Angles, Smart Grid Energy 

Research Center. Hourly power generation data was generated for one year using the National 

Renewable Energy Laboratory’s System Advisor Model (SAM). Order of the ARMA model was 

found to be 𝑝 = 2 and 𝑞 = 3. Similarly, coefficients of the order 𝑝 is found to be 𝛼1 = −1.597 

and 𝛼2 = 0.6882 and order of 𝑞 is found to be 𝛽1 = −0.2072, 𝛽2 = 0.1768, and 𝛽3 = 0.0513. 

The result shows that the ARMA model performs better in short term time horizon and model 

accuracy decreases as the forecast time horizon increases. Colak et al. [17] compared the ARMA 

and ARIMA models for multi-period (1-h, 2-h, and 3-h) prediction of solar radiation. Results 

showed that ARIMA (2,2,2) gave lowest mean absolute percentage error for all forecasting periods 

in contrast to ARMA (1,2). Atique et al. [18] applied the ARIMA method to forecast the total daily 

solar energy generation. Since ARIMA works only in stationary time series data, seasonal and 

non-stationary time series data was transformed into stationary. The optimum model parameters 

were chosen using the Akaike Information Criterion (AIC) and residual sum of squares (RSS). In 

this study, the mean absolute percentage error (MAPE) is found to be 17.70%. 

2.4 Conclusions and Insights 
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 By reviewing the above literatures, we came to the conclusion that there is no single global 

model that performs best in all conditions and forecasting horizons. In addition, forecasting 

accuracy, in terms of R2_Score, RMSE, MAE, varies on forecasting horizons and input factors to 

the same model. Therefore, depending on the availability of data and given forecasting horizon, 

selection of the forecasting model varies. Therefore, there is still room to compare some standard 

machine learning models and the time series model in a range of short forecasting horizons. 
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CHAPTER 3 

THEORY AND MATHEMATICAL BACKGROUND 

In this chapter, we will discuss the theory related to solar power and describe the mathematical 

theory of machine learning and time series techniques. 

3.1 Solar Power 

3.1.1 Photovoltaic Cell 

 A PV cell, that converts sunlight directly into electricity, is a nonmechanical device. Unlike 

other power plants like the hydroelectric power plant, steam power plant, thermal plant, and 

nuclear plant, there are no mechanical moving devices involved in the system.  

A PV cell is a semiconductor diode whose p-n junction is exposed to the sunlight. Sunlight 

is composed of photons of solar energy. These photons contain varying amounts of energy that 

correspond to the different wavelengths of the solar spectrum. When photons strike a PV cell, there 

are three possibilities: reflect off the cell, pass through the cell, or be absorbed by the 

semiconductor material. Absorbed photons are responsible to generate electricity. When the 

semiconductor material absorbs enough sunlight, electrons are emitted from the material’s atom. 

Absorbed photons only with energies higher than the bandgap of the PV cell are useful to generate 

electricity, the remainder of the energy dissipates as heat energy in the PV cell [19]. 

3.1.2 The Nature of Light Energy 

 Light is energy. The sun’s light looks white because it is made up of many different colors 

that, combined, produce white light. Each of the visible and invisible radiations of the sun’s 

spectrum has a different energy. Within the visible part of the spectrum (red to violet), red is the 

low-energy end and violet is at the high-energy end. Light in the infrared region has less energy 
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than that in the visible region. Light in the ultraviolet region has more than that in the visible 

region. 

Visible light represents only a tiny portion of a vast radiation spectrum. Studies of light 

and similar radiation show that how one light ray interacts with another or other physical objects 

often can be explained as if light were moving as a wave. All waves have a certain distance between 

peaks (called the wavelength). This wavelength can also be expressed as a frequency. The 

relationship between wavelength and frequency is inverse. For light waves, the energy associated 

with the wave increases as the frequency increases (wavelength decreases). Red light has a 

wavelength of about 3 × 10−24 𝑘𝑊 − ℎ per photon and violet has 4.5 × 10−24 𝑘𝑊 − ℎ [20]. 

3.1.3 Global Horizontal Irradiance 

Global horizontal irradiance that hits the surface of the earth consists of two components: 

direct normal irradiance and diffuse horizontal irradiance.  

The geometric relationship between GHI, DNI, and DHI can be expressed as: 

 𝐺𝐻𝐼 = 𝐷𝑁𝐼. 𝑐𝑜𝑠𝜃𝑧 + 𝐷𝐻𝐼 (3.1) 

where, 𝜃𝑧 is the zenith angle. Zenith angle is the angle between zenith and center of the Sun’s disk. 

The unit of global horizontal irradiance is watts per square meter. The relationship between zenith 

angle (𝜃𝑧), azimuthal angle (𝐴𝑧), and altitude (𝛼) is shown in Figure 3.1. 

 

Figure 3.1. Locus of the sun 
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3.2 Modeling of Photovoltaic Devices 

Mathematically, a PV cell can be modeled, referring to Figure 3.2, as 

 𝐼 = 𝐼𝑝𝑣 − 𝐼𝑑 (3.2) 

where, 𝐼𝑝𝑣 is the current generated by the incident light and 𝐼𝑑 is the Shockley diode equation 

which can be represented by 

 
𝐼𝑑 = 𝐼0 [𝑒(

𝑞𝑉
𝑎𝑘𝑇

) − 1] 
 

(3.3) 

 Now, equation (3.2) can be rewritten as 

 
𝐼 = 𝐼𝑝𝑣 − 𝐼0 [𝑒(

𝑞𝑉
𝑎𝑘𝑇

) − 1] 
 

(3.4) 

where, 𝐼0 is the reverse saturation or leakage current of the diode, 𝑞 is the electron charge 

(1.60217646 × 10−19𝐶), 𝑘 is Boltzmann constant (1.3806503 × 10−23 𝐽

𝐾
), 𝑇 is the temperature 

of the 𝑝 − 𝑛 junction (𝑇), and 𝑎 is the diode ideality constant.  

 Since modeling of the ideal PV cell is no longer valid for practical PV array, the following 

equation can be approximated: 

 
𝐼 = 𝐼𝑝𝑣 − 𝐼0 [𝑒

(
𝑉+𝑅𝑠𝐼

𝑉𝑡𝑎
)

− 1] −
𝑉 + 𝑅𝑠𝐼

𝑅𝑝
 

 

(3.5) 

where, 𝐼𝑝𝑣 and 𝐼0 are the photovoltaic and saturation currents, respectively and 𝑉𝑡 =
𝑁𝑠𝑘𝑇

𝑞
 is the 

thermal voltage of the array with 𝑁𝑠 cells connected in series. Moreover, 𝑅𝑠 is the equivalent series 

resistance and 𝑅𝑝 is the equivalent parallel resistance of the array. If 𝑁𝑝 number of cells were 

connected in parallel, then 𝐼𝑝𝑣 = 𝐼𝑝𝑣,𝑐𝑒𝑙𝑙𝑁𝑝 and 𝐼0 = 𝐼0,𝑐𝑒𝑙𝑙𝑁𝑝. The equation generates the 𝐼 − 𝑉 
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curve showing three clear points: short circuit (0, 𝐼𝑠𝑐), maximum power point (𝑉𝑚𝑝, 𝐼𝑚𝑝), and open 

circuit (𝑉𝑜𝑐, 0) as shown in Figure (3.3). 

 

Figure 3.2. Equivalent circuit of single-diode model of PV cell 

 

 

Figure 3.3. 𝐼 − 𝑉 curve of practical PV cell 

 

3.3 Time Series Methods 

3.3.1 Autoregressive Moving Average 

An ARMA process is the combination of autoregressive (AR) and moving average (MA) 

process. Mathematically, ARMA(p,q) can be defined as: 

 𝑋𝑡 − 𝜙1𝑋𝑡−1 − ⋯ − 𝜙𝑝𝑋𝑡−𝑝 = 𝑍𝑡 + 𝜃1𝑍𝑡−1 + ⋯ + 𝜃𝑞𝑍𝑡−𝑞 (3.6) 

where, {𝑍𝑡} ∼ 𝑊𝑁(0, 𝜎2) and the polynomials (1 − 𝜙1𝑧 − ⋯ − 𝜙𝑝𝑧𝑝) and (1 + 𝜃1𝑧 + ⋯ +

𝜃𝑞𝑧𝑞) have no common factors. 
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 The process {𝑋𝑡} is said to be an 𝐴𝑅𝑀𝐴 process with mean μ if {𝑋𝑡 − 𝜇} is an 𝐴𝑅𝑀𝐴(𝑝,𝑞) 

process. It can be expressed into a more convenient form as 

 𝜙(𝐵)𝑋𝑡 = 𝜃(𝐵)𝑍𝑡 (3.7) 

where 𝜙(⋅) and 𝜃(⋅) are the 𝑝𝑡ℎ and 𝑞𝑡ℎ - degree polynomials. 

 𝜙(𝑧) = 1 − 𝜙1𝑧 − ⋯ − 𝜙𝑝𝑧𝑝 (3.8) 

and 

 𝜃(𝑧) = 1 + 𝜃1𝑧 + ⋯ + 𝜃𝑞𝑧𝑞 (3.9) 

and B is the backward shift operator (𝐵𝑗𝑋𝑡 = 𝑋𝑡−𝑗, 𝐵𝑗𝑍 = 𝑍𝑡−𝑗, 𝑗 = 0, ±1, … ). The time series 

{𝑋𝑡} is said to be an autoregressive process of order 𝑝 (𝑜𝑟 𝐴𝑅(𝑝)) if 𝜃(𝑧) ≡ 1, and a moving-

average process of order 𝑞 𝑜𝑟 𝑀𝐴(𝑞) if 𝜙(𝑧) ≡ 1 [21]. 

3.4 Machine Learning Methods 

3.4.1 Support Vector Regression 

Support vector regression is a supervised machine learning algorithm purposed by Vapnik 

[22] and improved by Smola, and Scholkopf [23]. According to [23], suppose, training data are 

given as follows: 

𝑇 = {(𝑥1, 𝑦1), … , (𝑥𝑛, 𝑦𝑛)} ∈ 𝒳 ×  ℝ, training data 

𝒳 =  ℝ𝑑 , space of input patterns 

Theoretically, the nonlinear relationship between x and y can be linearly described by 

function f(x) in high dimensional feature space. 

 𝑦𝑖 = 𝑓(𝑥) = 𝜔. 𝜑(𝑥) + 𝑏                        (3.10) 

 𝜔 ∈ 𝒳, 𝑏 ∈ ℝ                       

where, 𝜔 is the weight vector, 𝑏  is the bias, and 𝜑(𝑥) is the high dimensional feature space, which 

is linearly mapped from the input space x. 
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In 𝜀-SV regression, there is the trade-off between the most 𝜀, deviation and 𝜔, flatness. We can 

ensure flatness of 𝜔 by minimizing the norm of it. Mathematically, 

 Minimize 
1

2
‖𝜔‖2 (3.11) 

 Subject to 𝑦𝑖 − 𝜔. 𝜑(𝑥) − 𝑏 ≤ 𝜀 

𝜔. 𝜑(𝑥) + 𝑏 − 𝑦𝑖 ≤ 𝜀 

 

Introducing slack variables to cope with infeasible constraints if any of equation (3.11) 

 Minimize 
1

2
‖𝜔‖2 + 𝐶 ∑ (𝜉𝑖 + 𝜉𝑖

∗)𝑛
𝑖=1  

Subject to 𝑦𝑖 − 𝜔. 𝜑(𝑥) − 𝑏 ≤ 𝜀 + 𝜉𝑖 

𝜔. 𝜑(𝑥) + 𝑏 − 𝑦𝑖 ≤ 𝜀 + 𝜉𝑖
∗ 

𝜉𝑖, 𝜉𝑖
∗  ≥ 0 

(3.12) 

Solving the above equation using Lagrangian form, 

 
𝐿 =

1

2
‖𝜔‖2 + 𝐶 ∑(𝜉𝑖 + 𝜉𝑖

∗) −

𝑛

𝑖=1

∑ 𝛼𝑖(𝜀 + 𝜉𝑖 − 𝑦𝑖 + 𝜔. 𝜑(𝑥) + 𝑏)

𝑛

𝑖=1

− ∑ 𝛼𝑖
∗(𝜀 + 𝜉𝑖

∗ + 𝑦𝑖 − 𝜔. 𝜑(𝑥) − 𝑏) −

𝑛

𝑖=1

∑(𝜆𝑖.

𝑛

𝑖=1

𝜉𝑖 + 𝜆𝑖
∗. 𝜉𝑖

∗) 

 

 

 

(3.13) 

Taking partial derivatives of the above equation with respect to 𝜔, 𝑏, 𝜉𝑖, 𝜉𝑖
∗ and setting to 

zero. Transforming into quadratic programming problems using complementary Karush-Kuhn-

Tucker conditions: 

 Min 
1

2
∑ (𝛼𝑖 − 𝛼𝑖

∗)𝑛
𝑖,𝑗=1 (𝛼𝑗 − 𝛼𝑗

∗)(𝜑(𝑥𝑖). 𝜑(𝑥𝑗))  − 

∑ 𝛼𝑖(𝜀 − 𝑦𝑖) − ∑ 𝛼𝑖
∗(𝜀 − 𝑦𝑖)

𝑛

𝑖=1

𝑛

𝑖=1

 

 

(3.14) 

        Subject to:   
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∑(𝛼𝑖 − 𝛼𝑖
∗

𝑛

𝑖=1

) = 0 

𝛼𝑖 , 𝛼𝑖
∗ ∈ [0, 𝐶] 

The parameter vector 𝜔 is defined by the following equation: 

 
𝜔 = ∑(𝛼𝑖 − 𝛼𝑖

∗)

𝑛

𝑖=1

𝜑(𝑥𝑖) 
 

(3.15) 

Finally, the SVR function is derived as follows: 

 
𝑓(𝑥) = ∑(𝛼𝑖 − 𝛼𝑖

∗)

𝑛

𝑖=1

𝐾(𝑥, 𝑥𝑖) + 𝑏 
 

(3.16) 

where, 𝐾(𝑥, 𝑥𝑖) is the kernel function. For radial basis function (RBF) kernel, 

 𝐾(𝑥, 𝑥𝑖) = exp (−𝛾‖𝑥𝑖 − 𝑥𝑗‖
2

) (3.17) 

where, 𝛾 is the kernel parameter. 

3.4.2 Kernel Ridge Regression 

Kernel ridge regression [24] combines ridge regression with the kernel trick. It thus learns 

a linear function in the data space transformed by the kernel.   

Given training data: 

 𝑆 = ((𝑥1, 𝑦1), (𝑥2, 𝑦2), … , (𝑥𝑖, 𝑦𝑖), … , (𝑥𝑙, 𝑦𝑙)) (3.18) 

Points 𝑥𝑖 ∈ 𝑅𝑛 and labels 𝑦𝑖 ∈ 𝑅 

Construct linear function: 

 
𝑔(𝑥) =  〈𝑤, 𝑋〉 = 𝑤𝑇𝑥 = ∑ 𝑤𝑖𝑥𝑖

𝑛

𝑖=1

 
 

(3.19) 

Least square approximation: 

Want 𝑔(𝑥) ≈ 𝑦 
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Define error: 

 𝑓(𝑥, 𝑦) = 𝑦 − 𝑔(𝑥) = 𝜉 (3.20) 

The classical way to do minimization in order to obtain the optimal parameters of the 

regression is as follows: 

 
𝐶(𝑤) =

1

2
∑(𝑦𝑖 − 𝑤𝑇𝑥𝑖)2

𝑖

 
 

(3.21) 

To work in feature space, we regularize above function in order to avoid overfit using the 

following cost function: 

 
𝐶 =

1

2
∑(𝑦𝑖 − 𝑤𝑇𝑥𝑖)2

𝑖

+
1

2
𝜆‖𝑤‖2 

 

(3.22) 

Optimality condition: 

 𝜕𝐶

𝜕𝑤
= −𝑥𝑇𝑦 + 𝑥𝑇𝑥𝑤 + 𝜆𝑤 = 0 

(𝑥𝑇𝑥 + 𝜆𝐼𝑛)𝑤 = 𝑥𝑇𝑦 

 

 

(3.23) 

For 𝜆 > 0, inverse exists: 

 𝑤 = (𝑥𝑇𝑥 + 𝜆𝐼)−1𝑥𝑇𝑦 (3.24) 

Alternative representation: 

 −𝑥𝑇𝑦 + 𝑥𝑇𝑥𝑤 + 𝜆𝑤 = 0 

𝜆𝑤 = 𝑥𝑇𝑦 − 𝑥𝑇𝑥𝑤 

𝑤 = 𝜆−1(𝑥𝑇𝑦 − 𝑥𝑇𝑥𝑤) 

𝑤 = 𝜆−1𝑥𝑇(𝑦 − 𝑥𝑤) = 𝑥𝑇𝛼 

𝛼 = 𝜆−1(𝑦 − 𝑥𝑤) 

𝜆𝛼 = (𝑦 − 𝑥𝑤) = (𝑦 − 𝑥𝑥𝑇𝛼) 

(3.25) 

 

 

(3.26) 
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𝑥𝑥𝑇𝛼 + 𝜆𝛼 = 𝑦 

𝛼 = (𝐺 + 𝜆𝐼)−1𝑦 

 

(3.27) 

where, 𝐺 = 𝑥𝑥𝑇 

The Gram matrix is  

 𝐾 = 𝐺 = 𝑥𝑥𝑇 (3.28) 

Which is composed of inner products of data: 

 𝐾𝑖,𝑗 = 〈𝑥𝑖 , 𝑥𝑗〉 (3.29) 

For new observation (𝑥′, 𝑦′), the prediction is: 

 𝑦 ′̂ = 𝑤𝑇𝑥′ (3.30) 

Recall equation (3.24): 

 𝑤 = (𝑥𝑇𝑥 + 𝜆𝐼)−1𝑥𝑇𝑦 (3.31) 

Then, 

 𝑦 ′̂ = 𝑦𝑇(𝑥𝑥𝑇 + 𝜆𝐼)−1𝑥𝑥′ 

𝑦 ′̂ = 𝑦𝑇(𝐾 + 𝜆𝐼)−1𝜅 

 

(3.32) 

where, 

 𝜅 = 𝑥𝑥′ (3.33) 

and 

 𝐾𝑖𝑗 = 𝑥𝑖𝑥𝑗  

𝜅𝑖 = 𝑥𝑖𝑥
′ 

 

Here, we can clearly see that 𝑦 ′̂ depends on 𝐾 and 𝜅 rather than 𝑥.  

If we transform 𝑥 → 𝜙(𝑥), then we need to calculate 𝐾 and 𝜅 by the following function: 

 𝐾𝑖𝑗 = 𝑓(𝑥𝑖, 𝑥𝑗)  
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𝜅𝑖 = 𝑓(𝑥𝑖𝑥
′) (3.34) 

 

One of the kernel functions we can use is radial basis function which is given by 

 
𝐾(𝑥, 𝑥′) = exp (−

‖𝑥 − 𝑥′‖2

2𝜎2
) 

𝐾(𝑥, 𝑥′) = exp (−𝛾‖𝑥 − 𝑥′‖2) 

 

 

(3.35) 

where, 𝛾 =
1

2𝜎2
 

3.4.3 Least Absolute Shrinkage and Selection Operator 

The least absolute shrinkage and selection operator is a regressor method that performs 

variable selection and regularization in order to improve the prediction accuracy. It was proposed 

by Friedman et al. in 1996 [25] and extended by Kim et al. [26]. 

 Mathematically, it consists of a linear model with an added regularization term. Hence, the 

objective function is as 

 

min
1

2𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠
∑(𝑋𝑖

𝑇𝑤 − 𝑦𝑖)
2 + 𝛼 ∑ |𝑤𝑗|

𝑝

𝑗=1

𝑛

𝑖=1

 

 

(3.36) 

 
min

1

2𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠

‖𝑋𝑤 − 𝑦‖2
2 + 𝛼‖𝑤‖1 

 

(3.37) 

 Thus, LASSO solves the minimization of the least – squares penalty with additional 

𝛼‖𝑤‖1, where 𝛼 is a constant and ‖𝑤‖1 is the 𝑙1- norm of the coefficient vector. It uses that 

coordinate descent as the algorithm to fit the coefficients. 

3.4.4 Ridge Regression 
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Ridge regression improves ordinary least square problems by imposing a penalty on the 

size of the coefficients (i.e. l2 – norm) [27]. So, the objective function on Ridge regression becomes 

as 

 

𝑚𝑖𝑛 ∑(𝑋𝑖
𝑇𝑤 − 𝑦𝑖)

2 + 𝛼 ∑ 𝑤𝑗
2

𝑝

𝑗=1

𝑛

𝑖=1

 

(3.38) 

 𝑚𝑖𝑛‖𝑋𝑤 − 𝑦‖2
2 + 𝛼‖𝑤‖2

2 (3.39) 

 The parameter 𝛼 ≥ 0 controls the amount of shrinkage: the larger the value of 𝛼, the greater 

the amount of shrinkage. 
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Chapter 4 

METHOD AND DATA 

In this chapter, we discuss the method of the thesis and data that has been used to validate 

it. We discuss how the original data was obtained and was processed. Furthermore, different 

necessary steps and methods to implement the time series and machine learning techniques has 

been discussed. 

 Throughout the work, all the data processing, data manipulation, mathematical 

computation, and prediction have been implemented in Python using the libraries: Pandas [28]-

[29], Matplotlib [30], Scikit-learn [31], NumPy and Excel. 

4.1 Raw Data 

4.1.1 Solar Power Data 

The solar power data to be used in this thesis is synthetic data produced by National 

Renewable Energy Laboratory (NREL). The location of the power plant was chosen in Wichita, 

Kansas, USA at location of 37.65, -97.05, shown in Figure 4.1. The power data, 10 MW, is 

synthesized for 2006 year and sampled at five minutes intervals. Since it is utility scale PV system, 

it has single axis tracking system. Figure 4.2 shows the power generation plot of year 2006 at the 

location shown in Figure 4.1. by visual inspection, we can see that there is no any power generation 

value above 10 MW. 

 

Figure 4.1. Location of solar farm 
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Figure 4.2. PV power generation in 2006 

 

4.1.2 Variability of Solar Power Data 

Solar power generation depends on many factors but mainly the sun’s position and cloud 

coverage. Figures 4.3 and 4.4 show the variability of the power generation in first and second day 

of January 2006. We can see that there is greatly variability in solar power generation in two 

consecutive days. So, we can say that there will be different forecasting accuracy in first and 

second day. 

  

Figure 4.3. PV power generation in normal 

day 

Figure 4.4. PV power generation in partly 

cloudy day 

 

4.2 Data Preprocessing 
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In general, the data is relatively clean. Power data was available for real time in the intervals 

of five minutes. Therefore, all the data sorted out was based on the real-time data of five-minute 

intervals. All other data sets for 15 minutes, 30 minutes, 1 hour, 2 hours, 3 hours, 4 hours, and 5 

hours were derived from the real-time five-minute interval data set. The main method to derive the 

data set is the average value for corresponding time intervals. For example, 1 hour data for any 

point of time is the average of previous 12 consecutive values.  

4.3 Feature Engineering 

Many factors (features) have a direct impact on the production of PV power generation. 

The main idea behind PV power production is when solar irradiance strikes the p-n junction of the 

solar PV cell, it emits electrons from the PV cell. The amount of electricity generation depends on 

the strength of solar irradiance (watts/sq. meter) and there are many factors that weaken the solar 

irradiance. The main factors include cloud coverage, zenith angle, azimuth angle, amount of 

aerosol present in the air mass, etc. and the main thing is that these factors are variable. Collecting 

physical information is costly. Hence, physical information as a feature vector is omitted from our 

model. Zenith angle and azimuth angle are directly reflected in the clear sky irradiance. Therefore, 

clear sky irradiances are included as a feature vector. Since lagged values and day ahead values of 

the same point of time to the present value of PV power production has a high correlation, these 

values are also included in the model as a feature vector. 

4.3.1 Lagged Output 

For the short-term horizon, there is a strong correlation and influence of lagged values to 

the present value. For example, in the case of a clear sky, the power generation for next 15 minutes 

is likely to be off now. So, we have included three lagged variables to be considered for the 

prediction feature. Similarly, the day ahead value of the same point of time will be of another high 
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importance. So, we have included two days of lagged variables in our model as a feature. If we 

consider 𝑦𝑡 as output at time 𝑡 then the variables are constructed by equations (4.1) to (4.5): 

 𝑦𝑙𝑎𝑔1 = 𝑦𝑡−1 (4.1) 

 𝑦𝑙𝑎𝑔2 = 𝑦𝑡−2 (4.2) 

 𝑦𝑙𝑎𝑔3 = 𝑦𝑡−3 (4.3) 

 𝑦𝑙𝑎𝑔1𝑑𝑎𝑦 = 𝑦𝑡−24 (4.4) 

 𝑦𝑙𝑎𝑔2𝑑𝑎𝑦 = 𝑦𝑡−48 (4.5) 

So, above features are derived from the real solar data for each forecast time horizon. 

4.3.2 Clear Sky Irradiance 

Another important feature is clear sky irradiance which has a strong linear correlation with 

solar power generation [9]. Here, we have included all three irradiances: direct normal irradiance, 

diffused horizontal irradiance, and global horizontal irradiance as a feature in the model. All these 

irradiance features are prepared using the pvlib-python module [32]. 

4.4 Cross Validation 

If we let the prediction model learn its parameters from a data set and test on the same data 

set, then that is a methodological mistake. A model that would repeat on the same data set that it 

has just seen would give a good score but may fail to predict any unseen data. Therefore, to avoid 

this methodological mistake, hyperparameters are tuned using cross-validation. One of the cross-

validation methods is the k-fold cross-validation method. First, the data set is divided into the train 

set and the test set. Then, the training data set is split into k smaller sets. The following procedure 

is applied to each of the k “folds”: 

➢ A model is trained using k – 1 of the folds as training data. 

➢ The resulting model is validated on the remaining part of the data. 
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Figure 4.5 shows the 5-fold cross-validation structure, which clearly indicates the 

procedure, beginning with the first step where the data set is split into the train set and test set. 

Then the training data set is divided into five folds. In the first split, as shown in Figure 4.5, the 

fist fold is used to train the model, and the rest of the data is used to validate the model. Similarly, 

the remaining splits are fed into the model to train and test the model. 

 

Figure 4.5. Five-fold cross-validation illustration 

 

4.5 Performance Metrics 

The performance of the model can be evaluated by some standard metrics. These metrics 

are based on the observed and predicted values of the model. Metrics give numerical values and 

hence make it easy to compare with other models. 

4.5.1 R2_Score 

The accuracy score of the forecasting model is R2_score. Its maximum possible value is 1. 

The following mathematical equation (4.6) defines the R2_score in terms of observed and 

forecasted value: 
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𝑅2_𝑠𝑐𝑜𝑟𝑒 = 1 −

∑ (𝑦𝑖 − 𝑦�̂�)
2𝑛

𝑖=1

∑ (𝑦𝑖 − �̅�)2𝑛
𝑖=1

 
 

(4.6) 

where,   

�̅� =
1

𝑛
∑ 𝑦𝑖

𝑛

𝑖=1

 

where, 𝑦𝑖 is the observed value and �̂�𝑖 is the forecasted value. 

4.5.2 Root Mean Squared Error 

One of the common performance metrics of the forecasting model is the root mean squared 

error which can be given by equation (4.7):  

 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦𝑖 − 𝑦�̂�)2

𝑛

𝑖=1

 

 

(4.7) 

where, 𝑦𝑖 is the observed value and 𝑦�̂� is the forecasted value. For RMSE, first difference value 

between the observed and forecasted is squared, averaged, then square root is computed. 

4.5.3 Mean Absolute Error 

Another performance metrics of the forecasting model is the mean absolute error (MAE) 

which is given by equation (4.8): 

 
𝑀𝐴𝐸 =

1

𝑛
∑|𝑦𝑖 − 𝑦�̂�|

𝑛

𝑖=1

 
 

(4.8) 

where, 𝑦𝑖 is the observed value and 𝑦�̂� is the forecasted value. For MAE, absolute values of the 

difference between observed and forecasted value are averaged. 

4.6 Forecasting Models 

In this section we present specific steps to be taken while performing different machine 

learning and time series forecasting methods.  
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4.6.1 General Algorithm 

Figure 4.6 shows the machine learning algorithm performed on each time horizon and 

forecasting model. The forecast horizons are from 15 minutes to 4 hours. Since every forecasting 

horizon has different data values, model is trained for each time horizon independently. 

for each forecast horizon Do 

 filter the available data;  

 remove the null values;  

 partition the data set into training and test set;  

 for  each train dataset do  

  perform GridSearch Cross Validation;  

 End 

 determine optimal hyperparameters from GridSearchCV; 

 train model on all training dataset with optimal hypermeters; 

 evaluate the model on the test set; 

end  

Figure 4.6. General algorithm  

4.6.2 Autoregressive Moving Average Model 

The autoregressive moving average is a classical time series forecasting method. The main 

assumption of this method is the stationarity of the series. So, the study using ARMA to forecast 

solar power was performed classically. The first step in data processing was scaling down the raw 

solar power data into the range of 0 and 1. In this study only historical solar power generation data 

has been used.  

           The data set is divided into training and test set as the first 80% of the data has been used 

as a training data set and the last 20% as test data set. So, stationarity of the series has been tested 

on training data set using augmented Dickey-Fuller (ADF) test [33]. Later on, it was optimally 

modeled using the AIC criterion [34, 35].  

           After implementing the ARMA model to forecast solar power generation, the forecasted 

result is post-processed to remove the obvious error. As it is obvious that there will not be any 
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solar power during night time, whatever value is forecasted during night time, it is replaced by 

zero. 

4.6.3 Support Vector Regression Model 

Performance of the support vector regression mainly depends on the types of kernels 

(linear, polynomial, sigmoid tanh, and radial basis function), and tuning of the hyperparameters 

(epsilon, C, and gamma). Here, in this project, the RBF kernel has been selected supposed to deal 

with nonlinear solar and irradiance data, and the ε value has been set to 0.1. So, hyperparameters 

to be optimized are C and γ. A low C makes the smooth decision surface while a high C tends to 

cover all the data. Similarly, γ determines the influence of a single training example.  

The list of C and γ values to be optimized are shown in Table 1. 

TABLE 1 

SVR: HYPERPARAMETERS AND SEARCH GRID 

Hyperparameter Search Grid 

ε 0.1 

C 1, 10, 100, 1000 

γ 0.0001, 0.001, 0.01, 0.1, 1 

 

4.6.4 Kernel Ridge Regression Model 

Kernel ridge regression performs in a very similar way to SVR. Performance of the KRR 

depends on the types of kernels and hyperparameters: alpha and gamma. Kernel function has been 

chosen to RBF kernel assuming that solar power data and solar irradiance data are nonlinear in 

distribution. The list of λ and γ values to be optimized for KRR are listed in Table 2. 
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TABLE 2 

KRR: HYPERPARAMETERS AND SEARCH GRID 

Hyperparameter Search Grid 

λ 1, 0.1, 0.01, 0.001 

γ 0.0001, 0.001, 0.01, 0.1, 1 

 

4.6.5 Least Absolute Shrinkage and Selection Operator Model 

Since the least absolute shrinkage and selection operator penalizes the overfitting and 

shrinks the coefficient of the non-important variables to 0, the algorithm automatically does feature 

selection. The list of α values to be optimized for LASSO are listed in Table 3.  

TABLE 3 

LASSO: HYPERPARAMETERS AND SEARCH GRID 

Hyperparameter Search Grid 

𝛼 0.0001, 0.001, 0.01, 0.1, 1 

 

4.6.6 Ridge Regression Model 

Since ridge regression improves the ordinary linear problem by imposing a penalty on the 

3size of the coefficients, performance of ridge regression depends on the selection of 

hyperparameter, α. The list of α values to be optimized for KRR are listed in Table 4.  

TABLE 4 

RR: HYPERPARAMETERS AND SEARCH GRID 

Hyperparameter Search Grid 

𝛼 0.0001, 0.001, 0.01, 0.1, 1 
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CHAPTER 5  

RESULTS 

In this chapter, results from the experiments using different forecasting models will be 

presented in this chapter. 

5.1 Time Series Model 

As the first step to be taken while performing time series forecasting using ARMA is to 

test the stationarity of the series, an augmented Dickey-Fuller test was performed for all time 

horizons. The result of the ADF test on the training data set showed the stationarity of the series 

for all time horizons. ADF test is based on the test of the presence of unit root using the null 

hypothesis. If the p-value is less than 0.05, then it can be interpreted that the null hypothesis is 

rejected meaning there is no presence of unit root. After confirming the series is stationary, 

parameters for the ARMA model has been optimally selected using the Akaike information 

criterion (AIC). Table 5 shows the parameters and p-values for the ARMA model at different time 

horizons. 

TABLE 5 

OPTIMIZED ARMA PARAMETERS 

Time Horizon p q  p-value<0.05 

15 – min 2 1 0 

30 – min 2 1 2 × 10−17 

1 – hour 5 3 1.45 × 10−19 

2 – hour 5 2 2.18 × 10−15 

3 – hour 4 5 3.84 × 10−12 

4 – hour 5 4 7.48 × 10−10 
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After determining the parameters of the ARMA model using the AIC criterion, the ARMA 

was modeled with for all time horizons. The ARMA model was then tested with the test data set. 

The forecasted result was evaluated using equations (4.6) to (4.8).  

Figure 5.1 shows the bar plot between R2_Score and the forecasting horizon. R2_Score is 

found highest to be 0.9635 for 15 min forecasting horizon while it decreased to 0.7896 for 4 hours 

forecasting horizon. Figure 5.2 shows the variation of MAE over forecasting horizons. MAE is 

found lowest to be 0.002 for 15 min forecasting horizon while it increased to 0.0532 for 4 hours 

forecasting horizon. Figure 5.3 shows the bar plot between the RMSE and the forecasting horizon. 

RMSE is lowest to be 0.0449 for 15 min forecasting horizon and it increased to 0.0984 for 4 hours 

forecasting horizon. Figure 5.4 shows the scatter plot of forecasted versus observed values for 15 

min forecasting horizon. Figure 5.5 shows the plot of observed and predicted power data for 1-

hour forecasting horizon for two days and Figure 5.6 shows the scatter plot of forecasting error. 

Mean and standard deviation of the forecasting error of all forecasting horizon are reported in 

Table 6. 

  

Figure 5.1. R2_Score for ARMA Figure 5.2. MAE error for ARMA 
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Figure 5.3. RMSE error for ARMA Figure 5.4. Scatter plot for 15 mins 

forecasting 

  

  

Figure 5.5. Plot for two consecutive days Figure 5.6. Scatter plot of forecasting error 

  

TABLE 6 

MEAN AND STANDARD DEVIATION OF FORECASTING  

ERROR OF ARMA MODEL 

 

Forecasting Horizon Mean Standard Deviation 

15 mins 0.00223 0.04489 

30 mins 0.00364 0.05022 

1-hour 0.00720 0.06782 

2-hour 0.00382 0.08843 

3-hour -0.00614 0.09532 

4-hour -0.00289 0.09852 

 

5.2 Machine Learning Models 
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5.2.1 Hyperparameters Tuning 

Since the performance of the model depends on the value of the hyperparameters, tuning 

optimum hyperparameter is the art of machine learning developers. In this project, we have used 

the grid search cross-validation method. Some possible lists of hyperparameters are fed into the 

grid search algorithm along with the training data set. The grid search algorithm returns the 

optimum hyperparameters based on the training data set. The Table 7 shows the corresponding 

machine learning method and hyperparameters in the respective forecasting horizon. For the 

support vector regressor, hyperparameters C and γ are between 1 and 1000, and 0.1 and 0.001 

respectively. Similarly, hyperparameters for kernel ridge regression λ and γ are between 0.1 and 

0.001, and 0.1 and 1, respectively. The value of α remained constant to 1e-5 for LASSO while it 

varied between 0.1 and 0.01 for ridge regression.  

TABLE 7 

HYPERPARAMETERS OF MACHINE LEARNING MODELS 

Forecasting 

Horizon (Hour) 

SVR KRR LASSO RR 

C γ λ γ α α 

0.25 1000 0.01 0.001 0.1 1e-5 0.1 

0.5 100 0.01 0.001 0.1 1e-5 0.1 

1 1000 0.1 0.001 0.1 1e-5 0.01 

2 1000 0.1 0.1 1.0 1e-5 0.1 

3 1000 0.1 0.001 0.1 1e-5 0.01 

4 100 0.1 0.01 0.1 1e-5 0.1 

 

5.2.2 R2_Score 

R2_Score (coefficient of determination) for all the forecasting horizons is shown in Figure 

5.7 and Table 8. Kernelized machine learning models SVR and KRR performed in a very similar 

way while the other two LASSO and ridge regression performed in a close way. All four machine 
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learning models gave a very similar result, 0.96 of R2_score while it dropped to 0.80 for SVR and 

KRR, and to 0.73 for LASSO and ridge regression. Overall, we can say, from R2_score, that the 

KRR method outperformed all other machine learning methods. From this graph, we can interpret 

that all models performed in a similar way for intra-hour forecasting. Kernelized machine learning 

models (SVR and KRR) performed better than LASSO and ridge regression models for long time 

horizons. For forecasting horizon from 1-hour to 4-hour, R2_score linearly dropped having higher 

slop for LASSO and ridge regression than SVR and KRR. 

 

Figure 5.7. R2_Score of machine learning models 

 

TABLE 8 

R2_SCORE OF MACHINE LEARNING MODELS 

Forecasting 

Horizon (Hour) 
SVR KRR LASSO RR 

0.25 0.9643 0.9655 0.9621 0.9620 

0.5 0.9570 0.9620 0.9548 0.9547 

1 0.9446 0.9445 0.9254 0.9255 

2 0.8801 0.8861 0.8423 0.8422 

3 0.8327 0.8410 0.7793 0.7796 

4 08069 0.8074 0.7340 0.7341 

0

0.25

0.5

0.75

1

0.25 0.5 1 2 3 4

R
2
_
S

co
re

Forecasting Horizon (hour)

SVR KRR LASSO RR



34 

5.2.3 Root Mean Squared Error 

Root mean squared error for all forecasting horizon is shown in Figure 5.8 and Table 9. 

RMSE value for LASSO and ridge regression is very close and higher (than for SVR and KRR. 

Its value for SVR and KRR is very close. 

 

Figure 5.8. RMSE of machine learning models 

 

TABLE 9 

RMSE OF MACHINE LEARNING MODELS 

Forecasting 

Horizon (Hour) 
SVR KRR LASSO RR 

0.25 0.0444 0.0436 0.0458 0.0458 

0.5 0.0484 0.0455 0.0497 0.0497 

1 0.0545 0.0545 0.0633 0.0632 

2 0.0786 0.0766 0.0901 0.0901 

3 0.0899 0.0877 0.1033 0.1032 

4 0.0943 0.0942 0.1107 0.1106 

 

5.2.4 Mean Absolute Error 
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Mean absolute error for all forecasting horizons is shown in Figure 5.8 and Table 10. MAE 

result for LASSO and ridge regression is very close and are higher than the other two machine 

learning models. The lowest MAE for all forecasting horizon is for KRR. 

 

Figure 5.9. MAE of machine learning models 

 

TABLE 10 

MAE OF MACHINE LEARNING MODELS 

Forecasting 

Horizon (Hour) 
SVR KRR LASSO RR 

0.25 0.0183 0.0157 0.0185 0.0185 

0.5 0.0225 0.0183 0.0223 0.0223 

1 0.0253 0.0233 0.0307 0.0307 

2 0.0375 0.0342 0.0471 0.0471 

3 0.0471 0.0424 0.0528 0.0528 

4 0.0520 0.0472 00578 0.0578 
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CHAPTER 6 

DISCUSSION 

 Discussion about the performance of the forecasting models in different forecasting 

horizons will be presented in this chapter. 

R2_Score of forecasting models for different forecasting horizons is presented in Figure 

6.1 and Table 11. It can be seen that R2_Score is decreasing as the forecasting horizon increases. 

All the forecasting models gave best and similar result in the range of 0.9536 to 0.9655 as of 

R2_Score for 15-minnutes and 30-minutes forecasting horizons. For 1-hour forecasting horizon, 

R2_Score decreases but to different values for different forecasting models. SVR and KRR gave 

similar result in the range of 0.9445 to 0.9446 and better than other models. LASSO and RR gave 

the result in the range of 0.9254 to 0.9255 while ARMA gave worst result of 0.9134. For 2-hours 

forecasting horizon, SVR and KRR gave similar and better result than LASSO, RR, and ARMA 

but decreased to the range of 0.8801 to 0.8861. In this particular forecasting horizon, LASSO, RR, 

and ARMA gave similar result in the range of 0.8422 to 0.8481. For 3-hours and 4-hours 

forecasting horizon, SVR and KRR outperformed to other models. Surprisingly, ARMA model 

outperformed to LASSO and RR models. 

 

Figure 6.1. R2_Score of machine learning and time series techniques  
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TABLE 11 

R2_SCORE OF MACHINE LEARNING AND  

TIME SERIES TECHNIQUES 

 

Forecasting 

Horizon (Hour) 
SVR KRR LASSO RR ARMA 

0.25 0.9643 0.9655 0.9621 0.9620 0.9635 

0.5 0.9570 0.9620 0.9548 0.9547 0.9536 

1 0.9446 0.9445 0.9254 0.9255 0.9134 

2 0.8801 0.8861 0.8423 0.8422 0.8481 

3 0.8327 0.8410 0.7793 0.7796 0.8117 

4 08069 0.8074 0.7340 0.7341 0.7896 

 

 RMSE of forecasting models is presented in Figure 6.2 and Table 12. For 15-minutes and 

30-minutes forecasting horizon, all the forecasting models gave a very similar result and the lowest 

RMSE error. For 1-hour forecasting horizon, SVR and KRR gave similar result and outperformed 

other models while ARMA model gave the highest RMSE value. For 3-hours and 4-hours 

forecasting horizon, SVR and KRR gave similar result and outperformed to all other models while 

LASSO and RR models gave similar as well as highest RMSE error. 

   

Figure 6.2. RMSE of machine learning and  

time series techniques 

 

0

0.04

0.08

0.12

0.25 0.5 1 2 3 4

R
M

S
E

Forecasting Horizon (hour)

SVR KRR LASSO RR ARMA



38 

TABLE 12 

RMSE OF MACHINE LEARNING AND  

TIME SERIES TECHNIQUES 

 

Forecasting 

Horizon (Hour) 
SVR KRR LASSO RR ARMA 

0.25 0.0444 0.0436 0.0458 0.0458 0.0449 

0.5 0.0484 0.0455 0.0497 0.0497 0.0503 

1 0.0545 0.0545 0.0633 0.0632 0.0681 

2 0.0786 0.0766 0.0901 0.0901 0.0884 

3 0.0899 0.0877 0.1033 0.1032 0.0954 

4 0.0943 0.0942 0.1107 0.1106 0.0984 

 

Figure 6.3 and Table 13 show the MAE for different forecasting models in different 

forecasting horizons. KRR gave lowest MAE in all forecasting horizons. SVR is giving higher 

MAE than KRR in all time horizons but lower than other models. For 1-hour forecasting horizon, 

LASSO and RR gave similar and better result than ARMA model while in 2-hours forecasting 

horizon, all three models gave similar result. For 3-hours and 4-hours forecasting horizons, ARMA 

gave lower MAE than LASSO and RR models. 

 

Figure 6.3. MAE of machine learning and time series techniques 
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TABLE 13 

MAE OF MACHINE LEARNING AND  

TIME SERIES TECHNIQUES 

 

Forecasting 

Horizon (Hour) 
SVR KRR LASSO RR ARMA 

0.25 0.0183 0.0157 0.0185 0.0185 0.0170 

0.5 0.0225 0.0183 0.0223 0.0223 0.0220 

1 0.0253 0.0233 0.0307 0.0307 0.0322 

2 0.0375 0.0342 0.0471 0.0471 0.0470 

3 0.0471 0.0424 0.0528 0.0528 0.0510 

4 0.0520 0.0472 00578 0.0578 0.0532 
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CHAPTER 7 

CONCLUSION AND FUTURE WORK 

 After examining the performance metrics of some selected machine learning and timeseries 

techniques, it can be concluded that kernel ridge regression outperformed all other techniques in 

terms of mean absolute error, while it gave similar results with support vector regression in terms 

of the R2_score and root mean square error. For 15-minutes and 30-minutes of the forecasting 

horizon, all techniques gave similar results in terms of R2_score, RMSE, and MAE. The SVR and 

KRR performed in a similar way and outperformed all other techniques, with the lowest R2_score 

being 0.80 for the 4-hours ahead forecasting, which is 0.73 for LASSO and RR, and 0.78 for the 

ARMA technique. LASSO and RR performed in a very similar manner in terms of all three-

evaluation metrics but did not perform better than ARMA for the 3-hours and 4-hours ahead 

forecasting horizon. The ARMA technique performed similarly for the 15-minutes, 30-minutes, 1-

hour, and 2-hours forecasting horizons, although better than the LASSO and RR techniques in the 

3-hours and 4-hours forecasting horizons.  

This thesis that it sets up a bench-mark for the comparison of machine learning and time 

series models for forecasting solar electric generation. It provides useful and valuable information 

to power system operators on choices in forecasting techniques. And it provides guidance for 

further research into solar forecasting.  

Limitations of this study are that it does not include weather data, and it uses the same 

feature vector for all machine learning techniques in a particular forecasting horizon. An advanced 

comparison of the performance of machine learning techniques should be done. This would 

include weather data and application of the feature selection technique so that suitable features 

will be applied to suitable machine learning techniques for a particular forecasting horizon. 
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 Technically, training time of the model can be included to the evaluation criterion as it is 

also important in computation and decision process. For example, in the 15-minutes and 30-

minutes forecasting horizons, all models gave similar results, so we can choose any model. If 

training time of the model also had been included, training time would be the deciding factor. 

Another investigation can be carried out by using real data from a solar farm.   
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