
A TWO-STAGE HYBRID STRATEGY FRAMEWORK FOR SOLAR 
POWER FORECASTING WITH MISSING DATA CORRECTION AND 

CURTAILMENT AWARENESS: A CASE STUDY OF THE SUT CAMPUS 
FLOATING SOLAR SYSTEM 

WIPADA THONGWILY 

A Thesis Submitted in Partial Fulfillment of the Requirements for 
the Degree of Master of Engineering in Electrical Engineering 

Suranaree University of Technology 
Academic Year 2025



 

กรอบการพยากรณ์กำลังไฟฟ้าพลังงานแสงอาทิตย์แบบผสมผสานสองขั้นตอน 
โดยคำนึงถึงการแก้ไขข้อมูลสูญหายและการจำกัดกำลังผลติ:  

กรณีศึกษาระบบผลิตไฟฟ้าพลังงานแสงอาทิตย์ลอยน้ำ  
มหาวิทยาลัยเทคโนโลยีสุรนาร ี

 
 
 
 
 
 
 

 
 
 

นางสาววิภาดา ทองวิไล 
 
 
 
 
 
 
 
 
 

วิทยานิพนธ์นี้เป็นส่วนหนึ่งของการศึกษาตามหลักสูตรปริญญาวิศวกรรมศาสตรมหาบัณฑิต  
สาขาวิชาวิศวกรรมไฟฟ้า  

มหาวิทยาลัยเทคโนโลยีสุรนารี 
ปีการศึกษา 2568









IV 

ACKNOWLEDGEMENT 
 

The authors are particularly grateful to the Graduate Scholarship at Suranaree 
University of Technology, for the financial support that enabled this research to be 
successfully completed. 

The author would like to express her sincere appreciation to her advisor, Assoc. 
Prof. Dr. Keerati Chayakulkheeree, for his invaluable guidance and continuous support 
throughout the research process. His insightful suggestions and constructive feedback 
significantly enhanced the quality of this thesis. Beyond academic supervision, his 
mentorship fostered systematic thinking, discipline, perseverance, and a positive 
attitude, which greatly contributed to both the author’s research development and 
personal growth 

In addition, the author sincerely thanks her co-advisor, Asst. Prof. Dr. Nitikorn 
Junhuathon, for his valuable guidance and academic support, which enhanced the 
analytical direction and overall reliability of this thesis. 

The author would also like to extend her sincere thanks to all members of the 
thesis examination committee, namely Assoc. Prof. Dr. Somchat Jiriwibhakorn, Prof. Dr. 
Thanatchai Kulworawanichpong, and Asst. Prof. Dr. Tosaphol Ratniyomchai, for their 
valuable comments, suggestions, and support throughout the thesis evaluation 
process. 

The author would like to express her deepest gratitude to her parents for their 
unwavering emotional and financial support. Their trust and encouragement have been 
a vital foundation in the successful completion of her academic journey. 

Finally, the author would like to thank the faculty of the School of Electrical 
Engineering for their academic guidance throughout her studies. She also extends her 
appreciation to her friends and seniors for their cooperation, advice, and 
encouragement, which contributed to the successful completion of this research. 

 
Wipada Thongwily 



V 

TABLE OF CONTENTS 

Page 

ABSTRACT (THAI) ............................................................................................................................. I 
ABSTRACT (ENGLISH) ..................................................................................................................... II 
ACKNOWLEDGEMENT ................................................................................................................... III 
TABLE OF CONTENTS .................................................................................................................. IV 
LIST OF TABLES ........................................................................................................................... VII 
LIST OF FIGURES .........................................................................................................................VIII 
LIST OF ABBREVIATIONS ........................................................................................................... XIII 
LIST OF NOMENCLATURES ....................................................................................................... XIII 
CHAPTER 

  I      INTRODUCTION..……………………………………………………………………………………………….1 

     1.1    General Introduction .............................................................................................. 1 
     1.2    Problem Statement ............................................................................................... 2 
     1.3    Research Objectives ............................................................................................... 2 
     1.4   Research hypothesis ............................................................................................... 3 
     1.5    Scope ........................................................................................................................ 3 
     1.6    Research Benefits ................................................................................................... 3 
     1.7    Structure of thesis .................................................................................................. 4 

  II     LITERATURE REVIEW .................................................................................................... 6 
     2.1    Introduction ............................................................................................................. 6 
     2.2    Literature Overview ................................................................................................ 7 
     2.3    Review of Data Management in Solar Power Forecasting ........................... 14 

         2.3.1    Handing Missing Data and Cleaning .................................................... 14 
         2.3.2    Feature Selection and Engineering ..................................................... 15 
         2.3.3    Data Grouping.......................................................................................... 18 

     2.4    Review of Forecasting Models ........................................................................... 19 



V 

TABLE OF CONTENTS (Continued) 

Page 

         2.4.1    Data Grouping Statistical Machine Learning Methods..................... 19 

         2.4.2    Deep Learning Models .......................................................................... 21 
         2.4.3    Comparative Model Studies ................................................................. 23 

     2.5    Model Evaluation and Explainability ................................................................ 24 
         2.5.1    Deep Learning Models .......................................................................... 24 

     2.6    Research Gaps ....................................................................................................... 27 

  III    TWO-STAGE DATA-DRIVEN MODELING FOR DAY-AHEAD SOLAR POWER    
        FORECASTING: A CASE STUDY OF THE SUT CAMPUS FLOATING SOLAR  
        SYSTEM......................................................................................................................... 30 

     3.1    Introduction ........................................................................................................... 30 
     3.2    Data preparation ................................................................................................... 31 

         3.2.1    Data collection ........................................................................................ 31 
         3.2.2    Data cleaning ........................................................................................... 33 
         3.2.3    Feature Selection and Correlation Analysis ...................................... 37 
         3.2.3    Feature Selection and Correlation Analysis ...................................... 40 
         3.2.4    Data Splitting ........................................................................................... 46 

     3.3    Two-Step Forecasting Framework ..................................................................... 40 
         3.3.1    Environmental Factors Pre-Forecasting ............................................. 40 
         3.3.2    PV-Forecast .............................................................................................. 42 

     3.4    Evaluation metrics ................................................................................................ 45 
     3.5    Simulation Results ................................................................................................ 45 

         3.5.1    Forecasting Results of Environmental Factors ................................. 46 
         3.5.2    Forecasting Results of Solar Power Generation ............................... 48 

     3.6    Performance Metric Comparison ....................................................................... 51 
     3.7    Conclusion ............................................................................................................. 53 

  IV    SHORT-TERM SOLAR POWER FORECASTING UNDER INCOMPLETE DATA AND  
        CURTAILMENT CONDITIONS .................................................................................... 54



VI 

TABLE OF CONTENTS (Continued) 

Page 

     4.1    Introduction ........................................................................................................... 54 
     4.2    Data preparation ................................................................................................... 55 

         4.2.1    Data collection ........................................................................................ 55 
         4.2.2    Data cleaning ........................................................................................... 55 
         4.2.3    Feature Selection and Exploratory Statistical Analysis ................... 64 
         4.2.4    Data Splitting ........................................................................................... 67 

     4.3    Forecasting Model Development and Evaluation ......................................... 70 
     4.4    Results and Discussion ........................................................................................ 71 
     4.5    Conclusion ............................................................................................................. 77 

  V    Data-Driven Solar Power Forecasting Using Pre-Forecasting and Clear- 
        Sky/KNN Data Refinements ..................................................................................... 78 

     5.1    Introduction ........................................................................................................... 78 
     5.2    Case 1: Augmented Data-Driven Solar Power Forecasting Using Pre- 

                 Forecasting and Clear-Sky/KNN Data Refinements ........................................ 78 
         5.2.1    Data collection ........................................................................................ 79 
         5.2.2    Model development .............................................................................. 80 
         5.2.3    Results and discussion .......................................................................... 86 

     5.3    Case 2: Base case (Delete Missing Data) ........................................................ 103 
     5.4    Conclusion ........................................................................................................... 113 

  VI     CONCLUSION ......................................................................................................... 115 
     6.1    Conclusion ........................................................................................................... 115 
     6.2    Suggestions .......................................................................................................... 116 

REFERENCES ........................................................................................................................ 118 
APPENDIX A Solar cell datasheet .................................................................................. 124 
APPENDIX B Environmental Correlation with Solar Power Output Based on Linear     
                 Interpolation ................................................................................................ 126 
APPENDIX C Evaluation Results for KNN Imputation Parameters .......................... 129 



VI 

TABLE OF CONTENTS (Continued) 

Page 

APPENDIX D Environmental Correlation with Solar Power Output Based on Clear- 
                  Sky and KNN Imputation ......................................................................... 131 
APPENDIX E List of publications .................................................................................... 135 
BIOGRAPHY ......................................................................................................................... 166 
 

 



VI 

LIST OF TABLES 

Table                  Page 

2.1 Overview of key data management aspects in solar power forecasting 

studies.……………….…………………………………………………………………………………………………….....8 

2.2 Overview of modeling and interpretation approaches in solar power forecasting 

studies.……………….……………………………………………………………………………………….……………..11 

2.3 Overview of XAI applications in solar power forecasting studies…………………………..26 

2.4 Overview of key components and research gaps in solar power forecasting 

studies.……………….……………………………………………………………………………………………………...27 

3.1 Main specifications of Jinko Solar module (JKM540M-72HL4-V) .…………………………..33 

3.2 Hyperparameter configuration for model training ………………….………………………………..44 

3.3 Forecasting results …………………………………………………………………………………………..….…….52 

3.4 Processing time comparison of forecasting models ….…………………………………………..52 

4.1 Comparison of KNN imputation performance across k values ……………………….……….60 

4.2 Quantitative metrics ………………………………………………………………………….……………………..63 

4.3 Hyperparameters of environmental factors pre-forecasting models ….………………..70 

4.4 Forecasting results …………………………………………………………………………………………….……...76 

4.5 Comparison of forecasting results between before and after datasets across 

seasons……………….……………………………………………………………………………………………………...76 

5.1 Hyperparameters of environmental factors pre-forecasting models …..……………….83 

5.2 Hyperparameters of PV-forecasting models ….………………………………………………………..83 

5.3 Forecasting results with dataset 1 from LSTM&TFT pre-forecasting models 

………….……………….……………………………………………………………………………………………………....95 

5.4 Forecasting results with dataset 2 from LSTM&LSTM pre-forecasting models 

………….……………….……………………………………………………………………………………………………….96



VI 

LIST OF TABLES (Continued) 

Table                  Page 

5.5 Accuracy and stability of LSTM&TFT pre-forecasting models with dataset 2 under 

difference seasons…………………………………………………………………………………………………….98 

5.6 Accuracy and stability of LSTM&LSTM pre-forecasting models with dataset 1 

under difference seasons………………………………………………………………………………………….99 

5.7 Best forecasting models of year 2023 data …..……………………………………………………..100 

5.8 Runtime of PV forecasting models ………………………………………………………………………..100 

5.9 Forecasting results with dataset 1 from LSTM&TFT pre-forecasting models 

………….……………….……………………………………………………………………………………………………..110 

5.10 Forecasting results with dataset 2 from LSTM&LSTM pre-forecasting models 

………….……………….……………………………………………………………………………………………………..111 

5.11 Runtime of PV forecasting models ……………………………………………………………………..113 

C.1 Comparison of KNN Imputation Performance Across K Values …………………………..129 

 



VI 

LIST OF FIGURES 

Figure                  Page 

3.1 The framework for solar power forecasting ……..…………………………………………………….30 

3.2 The framework for data management process ….……………….………………………………….31 

3.3 Floating PV power plant at SUT………………………..….………………………………………………….31 

3.4 Weather data source interface (Open-meteo API) ……..….………………………………..…….32 

3.5 Solar power output data interface (Exep platform) ……...………………………………..…….32 

3.6 Sample of weather data ………...………………………..….………………………………………………….33 

3.7 Sample of power output data.…….…………………..….…………………………………………………..34 

3.8 Resulting dataset after data preparation ………..….……………………………….………………….34 

3.9 Power output data for the year 2023………………………..….……………………………….….…….34 

3.10 Power output data for the year 2023 after using linear interpolation………….……..35 

3.11 Surface plot of PV power generation throughout the year 2023..……..………………..36 

3.12 The correlation matrix.………………………………....….…………………………………………………….37 

3.13 Humidity (%) time series used as model input …….…………………………………….……….38 

3.14 Wind speed (m/s) time series used as model input.….…..…………………………………….38 

3.15 GTI (W/m²) time series used as model input …….………….………………………………….….39 

3.16 Predicted temperature time series from LSTM model …………..………………….…….….39 

3.17 Predicted irradiance time series from LSTM model.…..……………………………………..….39 

3.18 Architectural diagram of LSTM………….………………………..….……………………………………….41 

3.19 Architectural diagram of Bi- LSTM ..…………………………..….……………………………………….42 

3.20 Architectural diagram of GTU ……....…………………………..….……………………………………….43 

3.21 Architectural diagram of RF ……....……………….……………..….……………………………………….44 

3.22 Environmental correlation with solar power output - April 2023……...………………..47 

3.23 Comparison of forecasted vs. actual power output using LSTM……..…………………..49



VI 

LIST OF FIGURES (Continued) 

Figure                  Page 

3.24 Comparison of forecasted vs. actual power output using Bi-LSTM.…..………………..49 

3.25 Comparison of forecasted vs. actual power output using GRU……..………………..…..49 

3.26 Comparison of forecasted vs. actual power output using RF………..…………………….49 

3.27 Day-ahead solar power forecasting for the summer season ………..……………………..50 

3.28 Day-ahead solar power forecasting for the rainy season ……………..………..….………..50 

3.29 Day-ahead solar power forecasting for the winter season …………..……………..………51 

4.1 The framework for solar power forecasting.…….……………………………………………………..54 

4.2 The framework for data management process ….…………………………………………………..55 

4.3 Power output data for the year 2023 after using Clear Sky model …….………..……..58 

4.4 Power output data for the year 2023 after using KNN ……………………..…..………..……..62 

4.5 Three-dimensional visualization of solar power output in 2023 after ClearSky with 

KNN data processing…………………………………………………………………………………………………..63 

4.6 The correlation matrix.…………………………………....….…………………………………………………….64 

4.7 Taylor diagram of temperature and irradiance...….………………………………………………….65 

4.8 SHAP values impact on model output……………..….………………………………………………….66 

4.9 Distribution of PV power to actual load ratio...….……………………………………………………68 

4.10 Solar power output under curtailment conditions …..………………………………………….68 

4.11 Curtailment gap analysis by hour …………..……………..…..………………………………………….69 

4.12 Correlation of irradiance and temperature with solar power........……………………….71 

4.13 MAE of environmental factor forecasts …….……………...………………………………………….72 

4.14 Seasonal comparison of day-ahead solar power forecasting ……..…………..………….74 

5.1 The framework for case 1………………….……………………………………………………………………..79 

5.2 The framework for data management process ….………………………….……………………….79 



XIII 

LIST OF FIGURES (Continued) 

Figure                  Page 

5.3 Architectural diagram of TFT-lite.…………………………..….…………………………………….……….81 

5.4 MAE of environmental factor forecasts using the LSTM ………………………………….…….87 

5.5 MAE of environmental factor forecasts using the TFT-lite …………………………………….87 

5.6 The parameters correlation matrix after SHAP process …..…………………………….……...88 

5.7 SHAP values impact on model output …..………………………………………………………………89 

5.8 Comparison of day-ahead solar power forecasting of the LSTM&TFT model 

……………………………………………………………………………………………………………………………………91 

5.9 Comparison of day-ahead solar power forecasting of the LSTM&LSTM model 

……………………………………………………………………………………………………………………………………92 

5.10 Power output data for the year 2023 after delete missing data …..……….……..….104 

5.11 Three-dimensional visualization of solar power output in 2023 after delete missing     

data ………………………………………………………………………………………………………………………….104 

5.12 MAE of environmental factor forecasts using the LSTM ………………….…………….….105 

5.13 MAE of environmental factor forecasts using the TFT-lite …..………………………..….106 

5.14 The parameters correlation matrix after SHAP process …..……….……………………….107 

5.15 SHAP values impact on model output …..……….……………………………………...………….108 

A.1 Solar panel specification (data sheet) used in this study ……………………………….…..124 

B.1 Environmental correlation with solar power output - January 2023…..………..……….126 

B.2 Environmental correlation with solar power output - February 2023…..……..……….126 

B.3 Environmental correlation with solar power output - March 2023…..………..……….126 

B.4 Environmental correlation with solar power output - April 2023…..………..…………….126 

B.5 Environmental correlation with solar power output - May 2023…..………..………….….127 

B.6 Environmental correlation with solar power output - June 2023…..………..…………….127 



XIV 

LIST OF FIGURES (Continued) 

Figure                  Page 

B.7 Environmental correlation with solar power output - July 2023…..………..………….….127 

B.8 Environmental correlation with solar power output - August 2023…..………..……….127 

B.9 Environmental correlation with solar power output - September 2023…..…..……….128 

B.10 Environmental correlation with solar power output - October 2023.………..……….128 

B.11 Environmental correlation with solar power output - November 2023..….……….128 

B.12 Environmental correlation with solar power output - December 2023…..……..….128 

D.1 Environmental correlation with solar power output - January 2023…..………..……….131 

D.2 Environmental correlation with solar power output - February 2023…..……..….…….131 

D.3 Environmental correlation with solar power output - March 2023…..………..………….131 

D.4 Environmental correlation with solar power output - April 2023…..………..…………….132 

D.5 Environmental correlation with solar power output - May 2023…..………..…………….132 

D.6 Environmental correlation with solar power output - June 2023…..………..…………...132 

D.7 Environmental correlation with solar power output - July 2023…..………..………….….132 

D.8 Environmental correlation with solar power output - August 2023…..………..…………133 

D.9 Environmental correlation with solar power output - September 2023…..…..………133 

D.10 Environmental correlation with solar power output - October 2023.………..………..133 

D.11 Environmental correlation with solar power output - November 2023..….……..….133 

D.12 Environmental correlation with solar power output - December 2023…..……..…..134 

 

 



VI 

LIST OF ABBREVIATIONS 
 
 

AI = Artificial Intelligence 
ANN = Artificial Neural Network 
ARIMA = Auto Regressive Integrated Moving Average 
Bi-LSTM = Bi-directional LSTM 
CI = Confidence Interval 
CNN = Convolutional Neural Network 
DL = Deep learning 
DNN = Deep neural network 
EDA = Exploratory Data Analysis 
EG = Expected Gradients 
FNN = Feedforward Neural Network 
FPV = Floating Photovoltaic 
GAIN = Generative Adversarial Imputation Nets 
GHG = Greenhouse Gas 
GRN = Gated Residual Network 
GRU = Gated Recurrent Unit 
IG = Integrated Gradients 
IQR = Interquartile range 
KNN = K-Nearest Neighbors 
LSTM = Long Short-Term Memory 
LSTM&LSTM = Forecasting model using LSTM for both temperature and 

irradiance 
LSTM&TFT = Forecasting model using LSTM for temperature and TFT-lite 

for irradiance 
MAE = Mean Absolute Error 



VI 

LIST OF ABBREVIATIONS (Continued) 
 

MAPE = Mean Absolute Percentage Error  
ME = Mean Error 
Mean = Arithmetic Mean 
MGU = Minimal Gated Unit 
Median = Median Value 
ML = Machine Learning 
MLP = Multi-Layer Perceptron 
Min = Minimum Value 
Max = Maximum Value 
NGBoost = Natural Gradient Boosting 
PV = Photovoltaic 
PSO = Particle swarm optimization 
R² = Coefficient of Determination or R-squared 
RF = Random Forest 
RESs = Renewable Energy Sources 
RMSE = Root Mean Square Error 
RNN = Recurrent Neural Network 
SD = Standard Deviation 
SDM = Single Diode Model 
SHAP = SHapley Additive Explanations 
SNN = Spiking neural networks 
SOM = Self-Organizing Map 
SVR = Support Vector Regression 
TCN = Temporal Convolutional Network 
TFT = Temporal Fusion Transformer 
VSN = Variable Selection Network 
WMAPE = Weighted Mean Absolute Percentage Error 



VI 

LIST OF ABBREVIATIONS (Continued) 
 

XAI = Explainable Artificial Intelligence 
XCFL = Explainable Clustered Federated Learning 
XGBoost = Extreme Gradient Boosting 

 



VI 

 LIST OF NOMENCLATURES 
 

 
𝐴 = Total area of the solar panels (m²) 
ClearSky with 
KNN 

= Missing value estimation method using Clear Sky 
model followed by KNN 

DNI = Direct Normal Irradiance (W/m²) 
GHI = Global Horizontal Irradiance (W/m²) 
GTI = Global Tilted Irradiance (W/m²) 
𝐾𝑐(𝑡)  Clear-Sky Index at time t 
KNN-all = Missing value estimation using KNN over the entire 

dataset 
𝑛 = Number of samples 
𝑃𝑐𝑙𝑒𝑎𝑟(𝑡) = Power generation under clear sky conditions (kW) 
𝑃𝑟𝑒𝑎𝑙,𝑛𝑜 𝑐𝑢𝑟𝑡𝑎𝑖𝑙(𝑡)  Actual Power Output without Curtailment at time t 

(kW) 
𝑃𝐺(𝑡) = The electrical power drawn from the utility grid 

(metering load) 

𝑃𝐿(𝑡) = The actual electrical load (actual load) 

𝑃𝑃𝑉(𝑡) = The power generated by the PV system 
𝑃𝑓𝑖𝑙𝑙𝑒𝑑(𝑡)  Imputed Power Output at time t (kW) 
Pred.irr_LSTM = Predicted irradiance from the LSTM model 
Pred.irr_TFT = Predicted irradiance from the Temporal Fusion 

Transformer-lite model 
Pred.temp_LSTM = Predicted temperature from the LSTM model 
Pred.temp_TFT = Predicted temperature from the Temporal Fusion 

Transformer-lite model 



VI 

LIST OF NOMENCLATURES (Continued) 
 

𝑅(𝑡) = The ratio reflecting the relationship between PV power 
generation and the actual electrical load at time  

𝑥𝑚𝑖𝑠𝑠𝑖𝑛𝑔 = The missing power generation value 
𝑦𝑎𝑐𝑡𝑢𝑎𝑙,𝑖 = Actual power generation at sample i (kW) 
𝑦𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡,𝑖 = Predicted power generation at sample i (kW) 
𝜂 = Efficiency of the photovoltaic system 
α = Threshold defined to indicate conditions under which the 

PV power generation is comparable to or exceeds the 
actual load 

α1  Scaling Factor (Robust Performance Ratio) 
β = Lower threshold of grid power consumption, used to 

indicate that PV generation predominantly supplies the 
load demand 

 
 
 



 

CHAPTER I 
INTRODUCTION 

 

1.1 General Introduction 

Currently, global energy demand continues to rise steadily due to population 
growth and economic development. As a result, reliance on fossil fuel sources such as 
oil, coal, natural gas, oil shale, and oil sands remains high. However, these energy 
sources are limited in quantity and have significant environmental impacts, particularly 
the emission of GHGs such as carbon dioxide. Therefore, reducing dependency on fossil 
fuels are essential. Renewable energy sources such as solar, wind, hydro, biomass, and 
geothermal energy offer a more sustainable alternative. Among these, solar energy has 
gained increasing attention as a key alternative energy source. In Thailand, the 
government has set a target to achieve net zero carbon emissions by the year 2050 

(NXPO, 2022). This has driven the adoption of Solar PV systems in various sectors. One 
rapidly growing form of solar energy utilization is the FPV system, which is installed on 
water surfaces such as reservoirs and ponds. FPV systems offer several advantages over 
ground-mounted systems, including land use reduction, improved heat dissipation due 
to the cooling effect of water, and decreased water evaporation. 

 However, electricity generation from solar energy still faces significant 
challenges due to natural variability and the uncertainty of energy output at different 
times. These challenges are primarily caused by weather-related factors such as solar 
irradiance, temperature, humidity, and cloud cover, all of which directly affect energy 
generation efficiency. Such uncertainties are major obstacles to the widespread 
integration of renewable energy, potentially undermining the reliability, stability, and 
efficiency of power systems. This is especially true when integrating renewable energy 
sources into modern smart grid systems. Therefore, accurate forecasting of solar energy 
generation is essential to manage variability and uncertainty effectively while 
maintaining the overall balance and stability of the power grid. 
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Consequently, the development of precise solar power forecasting techniques 
is critically important. In recent years, the use of AI and ML techniques for solar power 
forecasting has gained significant traction due to their effectiveness in analyzing time-
series data. Several models have been applied, including LSTM, Bi-LSTM, GRU, and RF, 
to improve forecasting accuracy. Furthermore, data quality issues, such as missing or 
anomalous data, also significantly impact model performance. This research aims to 
develop a two-stage data-driven framework that focuses on managing missing data 
using the Clear Sky Model and KNN technique, along with developing predictive 
models tailored to the system's specific constraints. The FPV system at Suranaree 
University of Technology (SUT) is selected as the case study for this research. 

 

1.2 Problem Statement 

 Generally, research on forecasting solar power generation uses real-world 
weather data as input for forecasting models. However, in practice, weather data often 
has quality limitations, such as missing data and measurement errors, which directly 
affect the performance of forecasting models. Furthermore, floating solar systems face 
seasonal fluctuations and curtailment limitations, which further complicate power 
generation forecasting. Therefore, it is necessary to develop forecasting approaches 
that can systematically manage incomplete weather data and reflect actual operating 
conditions to increase the accuracy, stability, and applicability of forecasting models. 
This reflects the fact that simply improving the model may not be enough without 
proper data quality management and a suitable forecasting structure. 

 

1.3 Research Objectives 

This The main objective of this research is to forecast solar power generation. 
The specific objectives of this research include. 
1) To apply linear interpolation, the Clear Sky Model and KNN are used for 

missing data management. 
2) To develop and investigate the model for solar power forecasting, focusing 

on the use of the Two-Step Forecasting technique.  
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3) To compare and analyze the performance of LSTM, Bi-LSTM, GRU, RF and 
TFT-lite models in forecasting electricity from the Floating PV system at SUT. 

 

1.4 Research hypothesis 
1) Handling missing and anomalous data using the Clear Sky Model and KNN is 

hypothesized to enhance the forecasting performance by mitigating the negative 
impacts of incomplete or corrupted data, which may occur in floating solar power 
systems. 

2) The application of the Two-Step Forecasting technique for solar power 
prediction is hypothesized to improve forecasting accuracy. In the first step, external 
influencing factors such as solar irradiance and temperature are forecasted. These 
predicted variables are then used in the second step to forecast the actual power 
generation.  
 

1.5 Scope 
1) The data used in this research is obtained from the floating solar power 

system at Suranaree University of Technology and is assumed to be accurate and 
reliable. 

2) Missing or anomalous data will be preprocessed using methods such as 
Linear Interpolation, the Clear Sky Model, and KNN before being utilized in analysis. 

3) The performance of the forecasting models will be evaluated using standard 
metrics, namely RMSE, MAE, MAPE, and R2 

4) The proposed forecasting approach will be compared with single-step 
forecasting methods and commonly used baseline models, including the Persistence 
model, LSTM, Bi-LSTM, GRU, RF, and TFT-lite 
 

1.6 Research Benefits 

This thesis is expected to provide the following academic and practical 
benefits: 
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1) To develop an accurate solar power forecasting model that can be 
effectively applied in renewable energy systems and smart grid applications. 

2) To compare the performance of various forecasting models, providing 
guidelines for selecting appropriate models based on data characteristics and 
operational conditions.  

3) To promote systematic handling of missing data, which improves data 
quality, enhances model reliability, and supports more accurate and stable energy 
management. 

4) To propose a forecasting framework specifically for FPV systems, which can 
serve as a reference for model development and performance evaluation in both 
academic research and industrial applications. 

5) To support energy planners, power system operators, and relevant 
organizations in decision-making processes related to power generation planning and 
energy management. 

6) To contribute to the advancement of clean energy utilization and support 
Thailand’s national Net Zero Emission policy through improved forecasting and 
management of solar power generation. 

 

1.7 Structure of thesis 

This thesis is organized as follows. Chapter II presents a comprehensive 
literature review related to solar power forecasting, machine learning and deep 
learning techniques, data imputation methods, and relevant methodologies applied in 
previous studies, with the aim of establishing a theoretical foundation and identifying 
existing research gaps. Chapter III describes the research methodology employed to 
develop and evaluate a data-driven forecasting model for solar power generation, 
focusing on data preparation procedures and missing data handling using linear 
interpolation. Chapter IV presents the short-term solar power forecasting results using 
a two-stage forecasting framework, emphasizing data refinement techniques aligned 
with real operating conditions of the system, including Clear Sky Model and KNN 
imputation, consideration of curtailment effects, time-segmented forecasting in three 
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intra-day periods, daily result aggregation, and performance evaluation supported by 
XAI analysis. Chapter V extends the analyses and findings from Chapters III and IV by 
presenting an integrated framework for day-ahead forecasting of floating photovoltaic 
systems and evaluating its overall performance. Finally, Chapter VI concludes the 
thesis by summarizing the key findings, discussing the main contributions and 
limitations of the study, and providing recommendations and directions for future 
research. 
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CHAPTER II 
LITERATURE REVIEW 

 

2.1 Introduction 

In recent years, electricity generation from renewable energy particularly PV 
systems have expanded rapidly and plays a vital role in the modern power generation 
landscape. However, PV systems are inherently intermittent and highly variable due to 
external factors such as solar irradiance, cloud cover, humidity, temperature, and 
seasonal changes. These fluctuations directly impact the stability of the power grid 
and the efficiency of long-term energy management. As a result, accurate forecasting 
of electricity generation has become essential, especially within the framework of 
smart grids that rely on real-time data for effective energy distribution. Despite 
advancements, solar power forecasting continues to face challenges due to the non-
linear nature of the data and uncertainties introduced by weather and seasonal 
variability. Over the past decade, ML and DL techniques have been widely adopted to 
improve forecasting performance. Among these, models under the RNNs family such 
as LSTM, Bi-LSTM, GRU have shown strong capabilities in capturing temporal 
dependencies, while traditional methods such as RF are also used for performance 
comparison. The effectiveness of these models depends heavily on proper data 
management, including handling missing values, selecting relevant features, and data 
grouping. Data imputation methods such as linear interpolation, KNN, and comparisons 
with clear-sky model outputs help improve data quality for training. Furthermore, error 
metrics such as MAE, MAPE, and RMSE are widely used to evaluate and compare model 
performance. Recent trends also highlight the growing importance of model 
interpretability, with XAI techniques particularly SHAP providing insights into the 
influence of input features on prediction results. This not only enhances transparency 
but also builds trust in model outputs for real-world applications. In this context, 
Chapter II presents a comprehensive literature review on solar power forecasting for 
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floating photovoltaic systems, structured into five key themes: (1) overview of related 
studies, (2) data management for forecasting, (3) model selection and development, 
(4) model evaluation, and (5) model explainability using XAI techniques. The aim is to 
identify current research gaps and provide a foundation for model development in 
subsequent chapters. 

 

2.2 Literature Overview 
To gain an understanding of the trends and key components in solar power 

generation forecasting, this study collects, analyzes, and compares relevant literature. 

The reviewed studies are categorized into two main groups based on their research 

approaches and development focuses: 

(1) studies that focus on data management, such as missing data imputation, 

temporal data grouping, and feature engineering to improve the learning performance 

of forecasting models; and  

(2) studies that concentrate on model development and result interpretation, 

such as the application of deep learning techniques for forecasting and the 

implementation of XAI tools to interpret model behaviors. 

To support the design of an appropriate research methodology in the 

subsequent chapter, this study presents an overview of the key components and 

research gaps identified in existing literature. Table 2.1 focuses on data management 

aspects, while Table 2.2 summarizes the essential components and gaps in solar power 

forecasting studies, particularly in relation to model selection and development, 

performance evaluation, and explainability of model outputs. 
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Table 2.1 Overview of key data management aspects in solar power forecasting studies 
Ref. Missing Data  Data 

Grouping 
Feature  

Engineering 
Feature  

Selection 

Roy et al.  
(2022) 

- - / Correlation 
Analysis 

Zhou et al. 
(2019) 

- - / - 

Jailani et al. 
(2023) 

- - / - 

Gao et al.  
(2023) 

- - / - 

Boucetta et al. 
(2023) 

- - / Correlation 
Analysis 

Ait Mansour  
et al. (2024) 

- - / Correlation 
Analysis 

Sharadga et al. 
(2020) 

- - / - 

Khan et al. 
(2024) 

- - / - 

Huynh & Nguyen 
(2024) 

- - / - 

Kuzlu et al. 
(2020) 

- - - Feature 
Importance 

(Post-hoc XAI) 
Chang et al. 

(2020) 
- TS-SOM / SHAP 
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Table 2.1 Overview of key data management aspects in solar power forecasting studies  
 (Continued) 

Ref. Missing Data  Data 
Grouping 

Feature  
Engineering 

Feature  
Selection 

Sarp et al. 
(2021) 

- - / ELI5 

Lu et al. 
(2021) 

- - / Feature 
Importance 

(Post-hoc XAI) 
Mitrentsis & Lens 

(2022) 
- - / Permutation 

Importance 
Ali et al.  
(2025) 

- K-Means / SHAP 

Chen et al. 
(2019) 

- K-Means / - 

Zhou et al. 
(2018) 

- K-Means / - 

Wang et al. 
(2024) 

- K-Means / Correlation 
Analysis 

Sedliarov & Klen 
(2024) 

- K-Means - - 

Junhua thon & 
Chayakulkheeree 

(2021) 

- - / - 

Junhua thon & 
Chayakulkheeree 

(2022) 

- SOM / SOM 
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Table 2.1 Overview of key data management aspects in solar power forecasting studies  
   (Continued) 
Ref. Missing Data  Data 

Grouping 
Feature  

Engineering 
Feature  

Selection 

Lee & Son 
 (2024) 

KNN, Gain, 
Linear 

Interpolation 

- / - 

 

Based on the analysis of previous studies summarized in Table 2.1, it was found 

that most research on solar power generation forecasting emphasizes the process of 

feature engineering to enhance model performance. These studies mainly focus on 

transforming and designing features that are aligned with the data context. However, 

the issue of missing data handling has not received adequate attention. 

Although solar energy datasets often contain missing values due to technical 

issues such as sensor failures or data transmission errors, only a limited number of 

studies such as (Bianchini et al., 2019) have presented approaches for developing 

predictive models of solar power generation under data constraints. These models 

utilize a clear-sky solar radiation physical model as a reference signal to estimate 

environmental variables when measurement data is limited or incomplete. (Lee & Son, 

2024) have addressed techniques to handle missing data. These techniques include 

KNN, information gain, and linear interpolation for data imputation. Nevertheless, most 

existing research lacks a systematic approach to address this issue, which may 

compromise the accuracy and reliability of the forecasting models. 

In terms of feature selection, most studies continue to rely on linear 

relationship analyses, such as correlation analysis. Only a few have begun to apply 

model explainability techniques such as SHAP, ELI5, and Permutation Importance to 

understand the contribution of each feature to the model’s output. However, these 

techniques have been applied independently of the feature selection step and have 

not yet been widely adopted. 
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In addition, certain studies for instance, (Junhua Thon & Chayakulkheeree, 2022) 

and (Chen et al., 2019) have employed data grouping techniques, such as K-Means and 

SOM, to analyze preliminary data characteristics. 

Synthesizing the key points above, the critical research gaps in prior studies lie 

in the absence of a systematic and efficient missing data handling process and the lack 

of integration between data grouping and model training to enable models to learn 

specific patterns from each data cluster. Therefore, this research aims to develop a 

robust data preprocessing framework prior to model development, focusing on 

managing missing data using techniques such as linear interpolation, KNN imputation, 

and the clear sky model to restore data completeness. Additionally, K-means 

clustering will be employed to group temporal data, allowing for model training 

tailored to the characteristics of each group. 

 

Table 2.2 Overview of modeling and interpretation approaches in solar power  
    forecasting studies 
Ref. Model Evaluation Metrics Explainability 

(XAI) 
Techniques 

RMSE MAE MAPE 

Roy et al.  
(2022) 

LSTM, RF / / / - 

Zhou et al. 
(2019) 

LSTM / / / - 

Jailani et al. 
(2023) 

LSTM, CNN, 
CNN–LSTM 

/ / / - 

Gao et al. 
 (2023) 

LSTM, GRU / / / - 
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Table 2.2 Overview of modeling and interpretation approaches in solar power  
              forecasting studies (Continued) 

Ref. Model Evaluation Metrics Explainability 
(XAI) 

Techniques 
RMSE MAE MAPE 

Boucetta et al. 
(2023) 

LSTM, GRU 
and MLP  

/ / - - 

Ait Mansour et 
al. (2024) 

Bi-LSTM, GRU 
and 1D-CNN 

/ / - - 

Sharadga et al. 
(2020) 

LSTM, Bi-
LSTM, GRU 

/ / / - 

Khan et al. 
(2024) 

LSTM, Bi-
LSTM, GRU, 
CNN-LSTM, 

ARIMA 

/ / / - 

Huynh & Nguyen 
(2024) 

LSTM, GRU - / - - 

Kuzlu et al. 
(2020) 

RF / - - SHAP, LIME, 
ELI5 

Chang et al. 
(2020) 

XGBoost, 
SVR, GRNN, 

LSTM 

/ / - SHAP 

Sarp et al. 
 (2021) 

XGBoost / - - ELI5 

Lu et al. 
 (2021) 

NN, BNN / - - SHAP, IG, EG, 
DeepLIFT 

Mitrentsis & Lens 
(2022) 

NGBoost / / - SHAP 
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Table 2.2 Overview of modeling and interpretation approaches in solar power       
                 forecasting studies (Continued) 

Ref. Model Evaluation Metrics Explainability 
(XAI) 

Techniques 
RMSE MAE MAPE 

Ali et al. 
 (2025) 

XGBoost, RF, 
SVR 

/ / - SHAP 

Chen et al. 
(2019) 

SNN, BP, SVM / - / - 

Zhou et al. 
(2018) 

Stacking-SVM / / / - 

Wang et al. 
(2024) 

GRU - / - - 

Sedliarov & Klen 
(2024) 

SARIMA, 
LSTM, Linear 
Regression, 

KNN, KNN+K-
Means 

/ / / - 

Junhua thon & 
Chayakulkheeree 

(2021) 

FNN, LSTM, 
NARX 

/ / / - 

Junhuathon & 
Chayakulkheeree 

(2022) 

FNN, LSTM, 
FNN-SOM, 
LSTM-SOM 

/ / / - 

Lee & Son (2024) CNN-GRU / / - - 

 
Based on the analysis of the studies presented in Table 2.2, it is evident that 

most research related to solar power generation forecasting focuses on the 
development and comparison of ML and DL models. Widely adopted models include 
LSTM, GRU, Bi-LSTM, and RF, reflecting the potential of sequential models in handling 
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time-series data, as well as the effectiveness of non-sequential models such as RF. 
The popularity of RF, especially in contexts involving large-scale and structurally simple 
datasets, is evident in studies such as (Roy et al., 2022), (Kuzlu et al., 2020), and (Ali et 
al., 2025). Most research evaluates model performance using standard accuracy 
metrics, including RMSE, MAE, and MAPE. 

However, the aspect of model explainability or the application of XAI 
techniques remains underexplored in the existing body of work. Only a few studies 
have applied interpretability techniques such as SHAP, LIME, ELI5, IG, EG, and DeepLIFT 
to tree-based models (e.g., RF, XGBoost) or neural network models to interpret model 
decisions. Most of these efforts have focused on post-hoc explainability rather than 
systematically supporting the feature selection process. This is despite the fact that 
many XAI methods can effectively reduce bias and enhance model transparency. 
Although previous research has achieved high predictive accuracy, the lack of clarity 
in model interpretation remains a significant limitation particularly in energy systems, 
where reliability, interpretability, and traceability are critical at every stage. 

Therefore, this study proposes the integration of XAI techniques to enhance 
not only the accuracy and transparency but also the interpretability of solar power 
forecasting models in practical applications. 

 

2.3 Review of Data Management in Solar Power Forecasting 
Data management is a critical step in the development of solar energy 

forecasting systems, as high-quality and complete data significantly enhance the 
accuracy and reliability of prediction models. In relevant studies, data management 
typically encompasses several key aspects, including missing data handling, data 
cleaning, feature selection and engineering, and data grouping based on specific 
characteristics, as outlined below. 

2.3.1 Handing Missing Data and Cleaning  

Solar energy datasets frequently encounter issues of missing or 
incomplete data due to various causes such as sensor malfunctions or recording errors. 
Addressing missing values is therefore essential to ensure data quality. Common 
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imputation methods include mean, median, KNN, and the Clear Sky Model, which 
estimates reference irradiance based on geographic location, time, and season to fill 
in missing values or identify anomalies. 

For detecting and removing outliers such as negative or unrealistically 
high-power value statistical techniques are typically employed, including Z-score and 
IQR methods. High-quality data preprocessing, including imputation and outlier 
removal, reduces model bias and significantly enhances forecasting accuracy. 

(Lee & Son, 2024) compared missing data imputation methods, 
including KNN, GAIN, and linear interpolation, on photovoltaic power datasets using a 
CNN-GRU forecasting model. The results demonstrated that KNN and GAIN 
outperformed the linear interpolation method, evaluated by metrics such as RMSE, 
MAE, MRD, RMSD, and R². This was especially evident when data loss exceeded 10%, 
highlighting the critical impact of appropriate imputation methods on forecasting 
accuracy. 

2.3.2 Feature Selection and Engineering 

The selection of important and appropriate features directly affects the 
performance of forecasting models. Several studies have applied variable importance 
analysis techniques, such as correlation analysis and SHAP-based methods, to identify 
features that significantly impact model outcomes. Moreover, creating new features 
from existing data (feature engineering), such as adding environmental features and 
time-based features, can significantly enhance model performance. 

From the review in Table 2.1, many studies still emphasize the use of 
correlation analysis to analyze the linear relationship between input variables and 
outcomes. For instance, (Roy et al., 2022) employed LSTM and RF for day-ahead 
forecasting using meteorological data and historical power generation data. Although 
correlation analysis was conducted to select variables, there was no mention of feature 
creation or handling missing data. 

In contrast, (Zhou et al., 2019) integrated an attention mechanism with 
an LSTM model to capture deep temporal characteristics, which can be considered an 
advanced form of feature engineering. However, explicit feature selection was not 
discussed. 
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(Gao et al., 2023) applied LSTM and GRU models with parameter tuning 
via Gaussian Process and designed a diverse input dataset. While no direct feature 
creation was mentioned, their approach reflects implicit feature importance analysis. 

The study by (Ait Mansour et al., 2024) utilized 5-minute interval data 
from a photovoltaic system in Morocco and applied lag and smoothing techniques to 
capture temporal characteristics for new feature construction. However, feature 
selection was not explicitly addressed. 

(Sharadga et al., 2020) compared statistical models with neural network 
models, emphasizing feature construction from historical data, such as lag features and 
time-of-day features. Nevertheless, systematic feature selection was not mentioned. 

(Khan et al., 2024) focused on designing model architectures suitable 
for renewable energy data by employing a correlation matrix to select important 
features from meteorological and temporal data, along with normalization to stabilize 
learning. Their findings showed that feature selection and joint parameter tuning 
significantly improved model accuracy. 

Similarly, (Huynh and Nguyen, 2024) used a correlation heatmap to 
analyze variable relationships and found high correlations between IRRADIATION and 
MODULE TEMPERATURE with DC POWER and AC POWER. However, their feature 
selection approach lacked a systematic framework. 

(Sarp et al., 2021) employed an XGBoost model combined with the XAI 
technique ELI5 to analyze feature impacts. They experimented by removing some 
variables from the dataset to observe changes in outcomes, serving as a clear example 
of systematic feature selection. 

(Chang et al., 2020) used SHAP to analyze feature importance in the 
context of edge computing. Although feature selection was not explicitly mentioned, 
the use of SHAP enabled clearer interpretation of feature importance rankings. 

(Lu et al., 2021) applied XAI methods such as Integrated Gradients, 
Expected Gradients, and DeepLIFT to explain feature impacts at both global and local 
levels, offering deeper insight into data characteristics. The focus was more on feature 
analysis than direct selection or reduction. 
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(Mitrentsis and Lens, 2022) proposed an NGBoost model with strength 
in probabilistic forecasting using lag features and weather data. SHAP was used to 
explain the model, while feature importance was evaluated using permutation 
importance. Although missing data handling was not clearly stated, performance 
metrics such as CRPS, RMSE, and MAE indicated the model's robustness and reliability. 

(Ali et al., 2025) presented the Explainable Clustered Federated 
Learning (XCFL) approach, combining Pearson Correlation for feature selection with 
clustering prior to decentralized learning. Models including XGBoost, RF, and SVR were 
applied to data from 21 stations in Germany. This reflects the integration of both 
feature selection and clustering to improve real-world model performance. 

In the study by (Wang et al., 2024), K-Means++ was used to cluster 
weather data into three main groups, and key features were selected using Pearson 
Correlation. The GRU model was then applied in combination with the "similar day" 
technique an approach to feature engineering that leverages deep domain knowledge 
to improve forecasting performance. 

In Thailand, (Junhuathon & Chayakulkheeree, 2021) investigated short-
term photovoltaic power forecasting by comparing FNN, LSTM, and NARX models on 
the same dataset. Normalization was included as part of the feature creation process 
to enhance model performance. 

In their subsequent study, (Junhuathon & Chayakulkheeree, 2022) 
introduced the integration of SOM with LSTM and FNN models to improve forecasting 
accuracy. SOM was used to cluster data prior to model training, representing an 
application of both feature engineering and feature selection via clustering. Their data 
preprocessing included removing periods without solar radiation and scaling the data, 
effectively mitigating non-linearity and seasonal effects. 

Overall, many studies have demonstrated a growing emphasis on 
feature construction and analysis through various techniques, both explicitly and 
implicitly. While some research still lacks a systematic feature selection process, the 
combination of well-designed feature selection and feature engineering remains critical 
in developing more accurate and effective forecasting models. 
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2.3.3 Data Grouping 

Data grouping is a crucial process in improving the efficiency of 
forecasting models. It focuses on dividing data into subgroups with similar 
characteristics such as climate patterns, seasons, or installation locations to reduce 
data heterogeneity and enable the model to effectively learn specific patterns within 
each group. Commonly used techniques include K-means, hierarchical clustering, and 
SOM. 

(Chang et al., 2020) proposed a short-term solar power forecasting 
framework suitable for edge computing systems by applying clustering techniques in 
combination with tree-based algorithms such as XGBoost and Ridge Regression to 
enhance the learning efficiency of the model. 

(Ali et al., 2025) introduced the XCFL method, which combines data 
grouping based on key features (selected using Pearson correlation) with federated 
learning in solar energy forecasting systems. They employed XGBoost, Random Forest, 
and SVR models on data from 21 solar power stations in Germany. The division into 
3–5 clusters improved both prediction accuracy and model interpretability using SHAP. 
However, the study did not explicitly compare other clustering techniques. 

(Chen et al., 2019) applied K-means clustering to group data based on 
electricity production characteristics and meteorological factors such as solar radiation, 
temperature, and humidity reflecting seasonal patterns. They then trained SNN 
separately for each group and employed PSO for parameter tuning to enhance 
accuracy and model stability. Results indicated that this method outperformed BP-NN 
and SVM. However, the study did not address missing data handling, feature selection, 
or result explanation through XAI. 

(Zhou et al., 2018) presented a short-term solar power forecasting 
model using Stacking-SVM, where training data were grouped using K-Means clustering. 
The meta-learner was trained on the same group of data as the target forecast, which 
enhanced accuracy. The proposed model outperformed standalone SVM, evaluated 
using RMSE, MAE, and MAPE. 

(Wang et al., 2024) utilized K-Means++ clustering to divide data into 
three major weather groups: clear, cloudy, and rainy/snowy. This approach, combined 
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with an enhanced similar-day technique and Pearson correlation-based feature 
selection, significantly improved the performance of GRU-based power forecasting. 

In addition, (Sedliarov & Klen, 2024) implemented data clustering using 
K-Means alongside a KNN model. Data were grouped before being input into the 
model. The combined KNN+K-Means model showed higher performance compared to 
traditional methods such as SARIMA, LSTM, and linear regression, particularly for 
medium- to long-term forecasts (e.g., 3, 7, and 70 days ahead). 

(Junhuathon & Chayakulkheeree, 2022) employed Self-Organizing Maps 
(SOM), an unsupervised clustering technique, prior to inputting data into LSTM and FNN 
models. The experimental results showed that SOM significantly reduced RMSE, MAE, 
and MAPE, especially in datasets exhibiting strong seasonal variability. 

In summary, data grouping prior to the forecasting process whether 
through K-Means or SOM plays a key role in distinguishing datasets with similar 
characteristics, mitigating the impact of data fluctuations, and significantly enhancing 
model accuracy. This approach is thus highly suitable for adoption in the development 
of solar energy forecasting models, as proposed in this research. 

 

2.4 Review of Forecasting Models 
The selection of an appropriate forecasting model is critically important for the 

accuracy and performance of solar energy prediction systems. These models can be 
broadly categorized into three main groups: statistical models, machine learning 
models, and deep learning models. Each group possesses distinct advantages, 
limitations, and application contexts, as outlined below. 

2.4.1 Data Grouping Statistical Machine Learning Methods 

Statistical models such as ARIMA and linear regression offer the 
advantage of easy interpretability; however, they face limitations in handling nonlinear 
data. On the other hand, machine learning models like Random Forest RF and SVR 
demonstrate superior capability in managing complex and nonlinear datasets. 
Consequently, these models have been widely adopted for solar energy forecasting 
to enhance prediction accuracy. 
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Recent research in 2024 has compared statistical models with deep 
learning approaches. For instance, (Khan et al., 2024) studied and developed deep 
neural network (DNN) architectures for forecasting renewable energy generation, 
particularly solar and wind power. Their comparison among LSTM, Bi-LSTM, GRU, and 
CNN-LSTM models against ARIMA revealed that LSTM with hyperparameters optimized 
via RandomizedSearchCV achieved the best performance across multiple metrics, 
including MAE, MSE, RMSE, R², and MAPE. 

Furthermore, (Sedliarov and Klen, 2024) proposed integrating K-Nearest 
Neighbor (KNN) with K-Means clustering to significantly improve solar power output 
forecasting accuracy. Their KNN+K-Means model outperformed SARIMA, LSTM, and 
linear regression, especially for three-day-ahead forecasts, while maintaining strong 
performance for medium- and long-term horizons (7 and 70 days). This algorithm is 
therefore well-suited for implementation in solar power station control and energy 
management systems. 

Regarding machine learning models, (Zhou et al., 2018) introduced a 
short-term solar power forecasting model using Stacking Support Vector Machine 
(Stacking-SVM), which combines multiple SVM models to improve accuracy. They 
applied K-means clustering for training data grouping and trained a meta-learner using 
data from the same cluster as the forecasted samples. Tests on real data from a 20-
kW solar plant demonstrated that this approach outperformed single SVM models 
under both normal and varying meteorological conditions. In the following year, (Chen 
et al., 2019) proposed a short-term solar power forecasting method based on SNN 
combined with K-means clustering. Separate SNN models were trained per cluster, and 
PSO was employed to enhance model performance. Experimental results indicated 
superior accuracy compared to baseline methods such as BP-NN and SVM. 

(Kuzlu et al., 2020) explored the use of Random Forest for solar energy 
forecasting complemented with XAI techniques, including SHAP, LIME, and ELI5, to 
facilitate interpretable and transparent model outputs. Their study utilized the well-
known GEFCOM 2014 dataset and highlighted the importance of integrating XAI with 
machine learning models to enhance practical applicability. 
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In 2021, (Sarp et al., 2021) applied the boosting technique XGBoost for 
solar power forecasting and used ELI5 to explain feature importance. Their findings 
showed that appropriate feature selection effectively reduced RMSE while improving 
model interpretability, addressing the practical needs of real-world deployment. 
Similarly, (Lu et al., 2021) proposed a Bayesian Neural Network model for solar energy 
forecasting, incorporating XAI methods such as Integrated Gradients, Expected 
Gradients, and DeepLIFT to explain feature significance at both global and local levels. 
This work emphasized handling uncertainty and analyzing critical time intervals, making 
it highly relevant for weather-dependent energy data. 

(Mitrentsis & Lens, 2022) introduced a short-term solar forecasting 
approach based on NGBoost, capable of generating probabilistic forecasts and 
quantifying prediction uncertainty. They further utilized SHAP and Permutation 
Importance for explaining key features and created lag features to incorporate 
temporal information. This research demonstrated an effective strategy for producing 
reliable and interpretable machine learning-based forecasts. 

Most recently, (Ali et al., 2025) presented a XCFL framework for solar 
energy forecasting, combining data clustering with federated learning. Feature selection 
was conducted using Pearson correlation, and XAI techniques were employed to 
enhance model result interpretability. This study represents a cutting-edge approach 
that addresses future demands in intelligent energy systems. 

2.4.2 Deep Learning Models 

Deep learning models such as LSTM, GRU, and Bi-LSTM have 
demonstrated outstanding capabilities in handling time series data and nonlinear 
relationships. These models effectively learn long-term dependencies and complex 
patterns within data. Several studies indicate that GRU offers comparable performance 
to LSTM but with a simpler architecture and faster training speed. Meanwhile, Bi-LSTM 
processes data bidirectionally, making it suitable for datasets exhibiting symmetric 
behavioral patterns. Additionally, hybrid models like CNN-LSTM or CNN-GRU have 
gained popularity in solar energy forecasting due to their ability to combine the feature 
extraction strength of CNN with the sequence modeling capacity of RNN. 



22 

(Zhou et al., 2019) proposed a short-term solar energy forecasting 
approach using an LSTM model integrated with an attention mechanism to enhance 
temporal sequence learning. Experimental results showed that the LSTM model with 
attention outperformed traditional methods in accuracy, highlighting the potential of 
hybrid techniques for forecasting complex sequential data. 

(Sharadga et al., 2020) compared statistical models such as ARMA, 
ARIMA, and SARIMA with neural network-based models including LSTM, Bi-LSTM, and 
GRU for hourly solar power output forecasting without additional meteorological 
inputs. Their findings demonstrated that deep learning models surpassed statistical 
approaches in terms of RMSE, MAE, and MAPE, confirming the suitability of deep 
architectures under limited data conditions. 

(Junhuathon, N., & Chayakulkheeree, K., 2021) conducted a comparative 
study on short-term PV power forecasting using three model types: FNN, LSTM, and 
Nonlinear Autoregressive Network with Exogenous Inputs (NARX), employing MATLAB 
software. The dataset consisted of 8,760 samples, including time, solar panel 
temperature, solar irradiance, and power output. Results indicated that LSTM achieved 
the highest accuracy with an RMSE of 680 kW, an MAE of 429 kW, and an MAPE of 
30.06%, followed by FNN and NARX, respectively. Notably, NARX performed better at 
high power levels due to its capacity to approximate peak values more accurately. 
Subsequently, (Junhuathon & Chayakulkheeree, 2022) introduced a hybrid approach 
combining deep learning with SOM clustering, comparing FNN, LSTM, FNN-SOM, and 
LSTM-SOM on real hourly data for an entire year. Their results demonstrated that 
models incorporating SOM significantly improved forecasting accuracy by reducing 
RMSE, MAE, and MAPE. 

(Jailani et al., 2023) analyzed the potential of LSTM compared to hybrid 
models such as CNN-LSTM and LSTM-CNN for solar energy forecasting. Their findings 
revealed that hybrid models delivered higher accuracy but required longer training 
times. Although deep learning models show great promise for solar power forecasting, 
selecting an appropriate model should be aligned with the specific objectives of each 
case study. 
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(Gao et al., 2023) examined day-ahead forecasting by comparing LSTM 
and GRU models, integrating Gaussian Process for parameter optimization. The study 
found that LSTM performed well with limited data, whereas GRU was better suited for 
diverse historical datasets, particularly when incorporating meteorological variables. 

(Boucetta et al., 2023) conducted a comparative study of LSTM, GRU, 
and MLP models for short-term solar power forecasting in Adrar, Algeria. The results 
indicated that LSTM consistently outperformed other models across various 
timeframes and seasons, achieving the lowest RMSE and MAE, thus demonstrating its 
effectiveness in handling sequential data. 

(Ait Mansour et al., 2024) investigated Bi-LSTM, GRU, and 1D-CNN 
models for forecasting photovoltaic panel performance in semi-arid desert regions. The 
study showed that Bi-LSTM and GRU delivered comparable performance and 
outperformed 1D-CNN, especially in daytime forecasting, highlighting the suitability of 
bidirectional RNNs in challenging environments. 

(Lee & Son, 2024) focused on methods for imputing missing data in solar 
energy datasets by comparing KNN, GAIN, and Linear Interpolation before applying a 
CNN-GRU model. Their results demonstrated that the choice of imputation method 
significantly affects forecasting accuracy, particularly when data gaps exceed 10%. 

2.4.3 Comparative Model Studies 

Based on the literature review, the comparative studies of forecasting 
models can be categorized into two main approaches as follows. Several studies have 
compared the performance of deep learning models with traditional models such as 
ARIMA, SVM, and random forest. These studies found that deep learning models are 
more capable of capturing complex and nonlinear data patterns. 

(Khan et al., 2024) proposed a method for developing and restructuring 
DNNs to forecast renewable energy production, focusing on solar and wind power. 
Their comparative study of advanced models, including LSTM, Bi-LSTM, GRU, and CNN-
LSTM against ARIMA, demonstrated that the LSTM model optimized by 
RandomizedSearchCV outperformed the other models. 

(Sedliarov & Klen, 2024) presented the use of KNN combined with K-
Means clustering to improve the accuracy of solar power forecasting. Experimental 



24 

results on real data showed that the KNN+K-Means model yielded lower prediction 
errors compared to conventional forecasting systems such as SARIMA, LSTM, and linear 
regression, particularly for 3-day-ahead forecasts. The model also exhibited strong 
performance for medium- and long-term forecasts (7 days and 70 days), making this 
algorithm suitable for energy management and control systems at solar power plants. 

Regarding studies comparing deep learning and machine learning 
models, (Roy et al., 2022) introduced a day-ahead solar power forecasting method 
using LSTM and RF models tailored for the northeastern region of India. The input 
features included meteorological data such as temperature, humidity, and solar 
radiation, along with historical power generation data. Their results indicated that LSTM 
provided superior forecasting accuracy compared to RF in most cases. 

The review of solar power generation forecasting models reveals that 
although statistical models are straightforward and interpretable, machine learning and 
deep learning models demonstrate superior performance in handling nonlinear and 
complex data. Particularly, models such as LSTM, GRU, Bi-LSTM, and hybrid models 
that combine multiple techniques can significantly enhance forecasting accuracy. 
Furthermore, clustering techniques combined with KNN+K-Means present a promising 
approach for efficient solar power prediction. 

 

2.5 Model Evaluation and Explainability  

The evaluation and performance measurement of forecasting models are 
critical steps in model development, as they provide insight into the model’s accuracy 
and stability. Moreover, these steps facilitate the comparison of performance across 
multiple models. Therefore, selecting appropriate criteria and evaluation methods is 
essential in research related to solar energy forecasting and various time series data. 

2.5.1 Deep Learning Models 

Currently, the development of forecasting models using Deep Learning 
techniques has achieved high accuracy but lacks the ability to clearly explain the 
internal decision-making processes of the models. Consequently, the concept of “XAI” 
has emerged, focusing on the development of tools or techniques that can interpret 
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the model’s workings in an understandable manner without compromising model 
performance. 

One of the widely adopted and standard techniques for model 
explanation is SHAP, which is developed based on the concept from Cooperative Game 
Theory. It relies on Shapley values to calculate the impact of each feature on the 
model’s output. SHAP can explain both at the global level (overall model trends) and 
the local level (individual predictions). The working principle of SHAP involves assessing 
how much each feature contributes to the change in the prediction value by 
calculating the average of changes caused by adding or removing features from all 
possible subsets, thereby producing fair and interpretable values. Notably, (Lundberg 
& Lee, 2017) introduced the SHAP method, which utilizes game theory principles to 
explain complex model outcomes by fairly and accurately measuring the influence of 
each feature on predictions at both global and local levels. 

In 2020, (Chang et al., 2020) proposed a short-term solar energy 
forecasting framework suitable for edge computing systems by combining data 
clustering with TS-SOM and XGBoost models. They applied SHAP to explain feature 
importance, enhancing model transparency and supporting practical deployment. In 
the same year, (Kuzlu et al., 2020) studied solar photovoltaic power forecasting using 
Random Forest alongside XAI tools such as SHAP, LIME, and ELI5 to analyze feature 
importance. Their experiments demonstrated that XAI improves understanding of the 
model’s functioning and enhances accuracy, particularly in the context of smart grid 
systems that require high transparency and reliability. 

The following year, (Sarp et al., 2021) presented solar power production 
forecasting using the XGBoost model and employed ELI5 to explain influential features. 
Their experimental results, comparing datasets with and without certain features, 
showed that the complete dataset yielded better performance and provided clearer 
explanation of results, thereby improving model interpretability. In the work of (Lu et 
al., 2021), classification and regression models for solar energy forecasting were 
developed with XAI techniques including SHAP, Integrated Gradients, Expected 
Gradients, and DeepLIFT for feature importance analysis. They found that load and 
solar energy values from preceding hours had the greatest impact. This study also 
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incorporated uncertainty analysis using Bayesian neural networks to predict time 
intervals with a higher risk of forecasting errors. 

(Mitrentsis & Lens, 2022) proposed a short-term solar energy forecasting 
model using NGBoost, which is capable of uncertainty quantification. They utilized 
SHAP for feature importance analysis together with permutation importance to 
evaluate each feature’s influence, employing various performance metrics such as 
CRPS, RMSE, and MAE.  

(Ali et al., 2025) introduced the concept of XCFL, which integrates 
feature clustering based on Pearson correlation with decentralized Federated Learning. 
Using XGBoost, RF, and SVR models along with SHAP, they explained each model’s 
outcomes, enabling clearer understanding and interpretation, while also improving 
forecasting accuracy. 
The related research details are summarized in Table 2.3. 

 
Table 2.3 Overview of XAI applications in solar power forecasting studies 

Ref. AI model XAI approach Scope 
Chang et al. 

(2020) 
XGBoost, SVR, 
GRNN, LSTM 

Feature attribution from weight, 
gain and cover & SHAP 

Global & 
local 

Kuzlu et al. 
(2020) 

RF SHAP, LIME, ELI5 Global & 
local 

Sarp et al. 
(2021) 

XGBoost ELI5 Global  

Lu et al. 
(2021) 

NN, BNN SHAP, Integrated and Expected 
Gradients & DeepLIFT 

Global & 
local 

Mitrentsis & 
Lens (2022) 

NGBoost SHAP Global & 
local 

Ali et al. 
(2025) 

XGBoost, RF, 
SVR 

SHAP Global & 
local 
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2.6 Research Gaps  

Table 2.4 illustrates the research gaps between the proposed study and the 
existing literature based on the aforementioned literature survey 

 
Table 2.4 Overview of key components and research gaps in solar power forecasting    
               studies 

Ref. Data 
Management 

Stage 1 Stage 2 Evaluation Metrics XAI 

Missing Data RMSE MAE MAPE 

Roy et al. 
(2022) 

    LSTM         

Zhou et al. 
(2019) 

    LSTM         

Jailani 
et al. (2023) 

    

LSTM, 
CNN, 
CNN–
LSTM 

        

Gao et al. 
(2023) 

    
LSTM, 
GRU 

        

Boucetta et 
al. (2023) 

    LSTM         

Ait Mansour 
et al. (2024) 

    
Bi-LSTM, 

GRU 
        

Sharadga et 
al. (2020) 

    

LSTM, 
Bi-LSTM, 

GRU 
        

Khan et al. 
(2024) 

    LSTM         
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Table 2.4 Overview of key components and research gaps in solar power forecasting  
               studies (Continued) 

Ref. Data 
Management 

Stage 1 Stage 2 Evaluation Metrics XAI 

Missing Data RMSE MAE MAPE 

Huynh & 
Nguyen 
(2024) 

    GRU         

Kuzlu 
et al. (2020) 

    RF         

Chang et al. 
(2020) 

    XGBoost         

Sarp et al. 
(2021) 

    XGBoost         

Lu et al. 
(2021) 

    NN, BNN         

Mitrentsis & 
Lens (2022) 

    NGBoost         

Ali et al. 
(2025) 

    
XGBoost, 
RF, SVR 

        

Chen et al. 
(2019) 

    SNN         

Zhou et al. 
(2018) 

    
Stacking-

SVM 
        

Wang et al. 
(2024) 

    GRU         

Sedliarov & 
Klen (2024) 

    
KNN+ 

K-Means 
        
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Table 2.4 Overview of key components and research gaps in solar power forecasting  
               studies (Continued) 

Ref. Data 
Management 

Stage 1 Stage 2 Evaluation Metrics XAI 

Missing Data RMSE MAE MAPE 

Junhua thon 
& Chayakul 

kheeree 
(2021) 

    LSTM         

Junhua thon 
& Chayakul 

kheeree 
(2022) 

    
FNN-
SOM 

        

Lee & Son 
(2024) 

    
CNN-
GRU 

        

Proposed 
Framework 

    

LSTM,  
Bi-LSTM, 
GRU, RF, 
TFT-lite 

        
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CHAPTER III 
TWO-STAGE DATA-DRIVEN MODELING FOR DAY-AHEAD SOLAR 
POWER FORECASTING: A CASE STUDY OF THE SUT CAMPUS 

FLOATING SOLAR SYSTEM1 
 

3.1 Introduction 

This section presents the research methodology employed in the development 
and evaluation of short-term (day-ahead) solar power forecasting models for a FPV 
system located within the Suranaree University of Technology campus. The overall 
workflow is divided into four main stages: data preparation, two-step forecasting 
framework, model development, evaluation metric, and conclusion. An overview of 
the research framework is illustrated in Figure 3.1. 

 

 
Figure 3.1 The framework for solar power forecasting 

 

 
1 Part of this chapter had been presented at the 13th International Electrical Engineering Congress (iEECON 2025), “Carbon 
Neutrality: Challenges and Solution Based on Sustainable Power of Nature”, Hua Hin, Thailand, March 5–7, 2025. 
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3.2 Data preparation 

The data management process consists of data collection, data cleaning, 
feature selection and correlation analysis, and data splitting, as illustrated in Figure 3.2. 

 

 
Figure 3.2 The framework for data management process 

3.2.1 Data collection  

The dataset used in this study is from a floating PV power plant located 
at 111 University Road, Suranaree Sub-district, Mueang Nakhon Ratchasima District, 
Nakhon Ratchasima Province, Thailand. The installed capacity of the floating PV power 
plant is 4.27 MW/unit, and the power output data is recorded during the date range 
from 01/01/2023 to 12/31/2023. During this date range, the PV power generation is 
consistently zero between 17:00 and 07:00. Therefore, we only consider the power 
between 07:00 and 17:00 in the simulation, and the power data is recorded every 30 
minutes, as shown in Figure 3.3 

 
Figure 3.3 Floating PV power plant at SUT 
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The datasets used in this study are divided into two main groups: 
weather data and solar cell power generation data. The weather data consists of 
variables such as temperature, relative humidity, wind speed, GHI, and GTI, which can 
be accessed via the website https://open-meteo.com/en/docs/historical-weather-api. 
For the solar cell power generation data, from the system installed with 16 inverters 
and Jinko Solar solar panels model JKM540M-72HL4-V, a total of 7,920 panels, the 
data can be accessed via the website https://app-portal.exep.io/login. Figures 3.4 and 
3.5 show the websites of both sets, respectively. The data of the solar cell data sheet 
are presented in Table 3.1, with the corresponding figures provided in Appendix A. 

 
Figure 3.4 Weather data source interface (Open-meteo API)

 

Figure 3.5 Solar power output data interface (Exep platform) 
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Table 3.1 Main specifications of Jinko Solar module (JKM540M-72HL4-V) 
Item Value 
Module Type JKM540M-72HL4-V 
Maximum Power (Pmax, STC) 540 Wp 
Number of Modules 7,920 
Dimensions 2230 × 1134 × 35 mm (87.80 × 44.65 × 1.38 in) 
Module Area 2.53 m² 
Total Installed Capacity (Ptotal) 4,276.8 kWp 

 

3.2.2 Data cleaning 

The data cleaning process is a crucial step in preparing data for analysis 
or model training. This involves detecting and handling missing and anomalous values 
using techniques such as linear interpolation, the clear sky model, and KNN imputation. 

After downloading the weather data and solar power output data from 
online sources, the two datasets were merged into a single dataset. Only the time 
period between 07:00 and 17:00 was retained, as this is when solar energy production 
typically occurs. Figures 3.6 and 3.7 present examples of the weather and power data, 
respectively. 

For the power data, the outputs from all 16 inverters were aggregated 
into a single column to facilitate subsequent analysis and processing. The result of this 
data preparation step is illustrated in Figure 3.8 

 

 

Figure. 3.6 Sample of weather data 
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Figure. 3.7 Sample of power output data 

 

Figure. 3.8 Resulting dataset after data preparation 

For the power generation data, it was found that the amount of data in 
each time period was not equal; that is, there were some time periods where data was 
missing, resulting in the inability to directly combine the power data set with the 
weather data, which shows the missing data set for 2023 as shown in Figure 3.9 

 

 

Figure. 3.9 Power output data for the year 2023 



35 

Figure 3.9 shows the missing power generation data range for all 3 
seasons of Thailand in 2023. The missing data range is 1069 cells of the total data set 
of 7,665 cells, which is 13.95% of the total missing data consisting of 472 rows for 
summer, 178 rows for the rainy season, and 419 rows for winter. Therefore, the data 
was formatted to have the same number of rows for all inverters, and the missing data 
values were filled in (Missing Data Imputation) using the Linear Interpolation method, 
with the details as follows: 

3.2.2.1 Linear Interpolation  

This method is suitable for cases where data is missing in a short 
period of time. It estimates the missing values based on the previous and next values 
in the time series. Linear interpolation is particularly suitable for continuous time series 
data, as it preserves the overall trend and does not distort the distribution of the data. 
In this study, this method was used to calculate the missing power generation for the 
whole year 2023. Figure 3.10 shows the data after calculation using linear interpolation. 
Figure 3.11 presents a surface plot of the solar PV power generation capacity in 2023, 
with the X-axis representing the timestep within day, the Y-axis representing the day 
of year, and the Z-axis representing the power generation in kilowatts (kW). The data 
set was filled in with the missing values using linear interpolation to obtain a 
continuous and complete dataset before analysis. 

 

Figure. 3.10 Power output data for the year 2023 after using linear interpolation 
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Figure. 3.11 Surface plot of PV power generation throughout the year 2023 

The figure clearly shows the variation of the power output on a 
daily basis, which is consistent with the solar power generation behavior. In the 
morning, the power generation is relatively low and begins to increase when sunlight 
is present, reaching a maximum during the day. It then decreases in the afternoon and 
evening to nearly zero at night, reflecting the rising and setting of the sun. The graph's 
shape is an "inverted bell curve," clearly reflecting the system's diurnal power 
generation pattern. When considered in terms of day-to-day dimensions, the power 
output tends to fluctuate seasonally, with peak generation occurring in the middle of 
the year (approximately April–July, or approximately 100–250 days). The graph surface 
appears yellow to red, indicating high power generation, consistent with the peak 
summer light intensity. Conversely, in the early and late periods (<100 and >300 days), 
the power output continuously decreases. The graph surface is low and blue or green, 
indicating decreased power generation due to shorter sunlight exposure or increased 
cloud cover. Furthermore, some graph surfaces appear smooth or have sharp edges, a 
direct result of linear interpolation, which calculates missing values from a straight line 
between the previous and subsequent actual data. This results in continuous data but 
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cannot fully reflect the actual fluctuations of the system, especially in cases where 
data is missing over a long period of time. Connecting values with a straight line can 
oversmooth the resulting power output and may reduce peak power or daily variability 
from the actual values. 

However, linear interpolation is still appropriate for cases where 
data is missing for a short period and the system is subject to continuous change, as it 
can maintain the main pattern of the data trend well, although it has the limitation of 
reducing some of the data fluctuations from the actual values. 

In summary, this surface plot demonstrates the solar power 
generation pattern throughout 2023, covering both daily and seasonal dimensions. It 
also demonstrates the impact of linear interpolation, which ensures continuous data 
availability for subsequent forecasting steps. 

3.2.3 Feature Selection and Correlation Analysis 

After addressing missing and anomalous data using linear interpolation, 
a statistical correlation analysis was conducted employing a correlation heatmap to 
identify factors influencing power output. The identified variables used as inputs and 
outputs include temperature, humidity, wind speed, wind direction, diffuse radiation, 
DNI, GHI, predicted temperature, predicted irradiance, and power (kW), as shown in 
Figure 3.12 

 
Figure. 3.12 The correlation matrix 
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From the correlation heatmap analysis above, it can be observed that 
the correlation coefficient between temperature and power (kW) is 0.23, while that 
between irradiance and power (kW) is 0.67. These are key factors affecting power 
generation. Therefore, temperature and irradiance were forecasted using the LSTM 
model. The forecasted results were then analyzed with a correlation heatmap, 
revealing increased correlation coefficients between temperature and irradiance with 
power (kW). Consequently, the predicted temperature and irradiance values were used 
to forecast power output. The input data comprised humidity, wind speed, GTI, 
predicted temperature, and predicted irradiance, as illustrated in Figures 3.13 -3.17, 
respectively. 

 
Figure 3.13 Humidity (%) time series used as model input 

 
Figure 3.14 Wind speed (m/s) time series used as model input 
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Figure 3.15 GTI (W/m²) time series used as model input 

 
Figure 3.16 Predicted temperature time series from LSTM model 

 
Figure 3.17 Predicted irradiance time series from LSTM model 
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3.2.4 Data Splitting 

This study focuses on day-ahead PV power forecasting using time-series 
data with a 30-minute resolution covering an entire year. After conducting EDA through 
correlation analysis, a total of 7,665 data samples were collected and divided into 
three subsets: 7,539 samples were allocated to the training and validation sets (split 
80% and 20%, respectively), and 126 samples were reserved for the test set. 

Following data preparation, which included merging data from multiple 
sources, formatting it appropriately, selecting time periods that exhibit seasonal 
patterns relevant to power generation, and handling missing values, the resulting 
dataset was complete and ready to be used for developing and training the forecasting 
models. 

To enhance the performance of the deep learning models and facilitate 
faster and more stable parameter optimization during training, all input features were 
normalized to a common scale. This normalization process plays a crucial role in 
accelerating model convergence and reducing issues caused by differing feature scales. 

Such a systematic approach to data preparation is a critical foundation, 
as data quality directly impacts forecasting accuracy, especially in the context of time-
series data for solar power generation systems. 

3.3 Two-Step Forecasting Framework 

The forecasting process in this study was designed using a two-step forecasting 
approach to enhance the efficiency and accuracy of solar PV power generation 
prediction. The details of each stage are as follows: 

3.3.1 Environmental Factors Pre-Forecasting 

After statistically analyzing the relationship using a correlation heatmap 
to identify the factors influencing the power, namely temperature and light intensity, 
the temperature and light intensity were forecast using the LSTM model, a deep 
learning model suitable for time-series data, as detailed below. 
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3.3.1.1 Long Short-Term Memory   

LSTM is a type of RNN first introduced by Hochreiter and 
Schmidhuber in 1997. A standard LSTM network consists of a memory cell and three 
types of gates: the input gate, output gate, and forget gate. These gates regulate the 
flow of information into and out of the memory cell. The cell itself retains values over 
long periods of time, allowing the model to learn long-term dependencies in time-
series data.  

The forget gate determines which parts of the previous cell state 
should be discarded. It does so by transforming the previous state and the current 
input into values between 0 and 1. A value close to 1 (rounded) implies that the 
information is retained, while a value close to 0 indicates that the information is 
discarded. The input gate decides which new information should be added to the 
current cell state, using a mechanism similar to that of the forget gate. Finally, the 
output gate controls which part of the current cell state should be passed to the next 
layer by assigning a weight between 0 and 1, based on both the current and previous 
states. The structure of the LSTM architecture is illustrated in Figure 3.18 

 
Figure 3.18 Architectural diagram of LSTM 

After obtaining the results of the environmental forecast, the 
results were analyzed for relationships using a correlation heatmap to compare values 
before and after the environmental forecast. After the analysis, the features that 
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influenced power generation were used as inputs for the next step of the power 
generation forecast. The details of the input data are as shown in the content of 3.2.3 
above.  

3.3.2 PV-Forecast 

After the data preparation process, all input data are normalized to the 
same standard before being fed into the model training process for forecasting power 
generation with LSTM, Bi-LSTM, GRU, and RF models, with details as follows: 

3.3.2.1 Bidirectional LSTM  

Bi-LSTM as illustrated in Figure 3.19 is developed using two 
temporal directions. Bi-LSTM is capable of learning more accurately than a standard 
unidirectional LSTM by processing information from both the past and the future. It 
achieves this by connecting neurons from two separate hidden layers one processing 
forward in time and the other backward to a single output. Input information is 
simultaneously propagated to all hidden layers from both directions; however, the 
neurons in each layer are not interconnected with each other. The output of the Bi-
LSTM, denoted as iy , is calculated by combining the results from both the forward 
and backward directions. 

 
Figure 3.19 Architectural diagram of Bi- LSTM 
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3.3.2.2 Gated Recurrent Units 

The GRU is a variant of the Recurrent Neural Network (RNN) 
designed to effectively capture long-term dependencies by addressing the gradient 
vanishing problem encountered in traditional RNN architectures. While it shares 
conceptual similarities with the LSTM model particularly in handling recurrent 
processing errors GRU has a more compact architecture with fewer parameters. This 
structural simplicity enables faster training compared to LSTM.  

However, GRU may be less effective at modeling complex spatial 
relationships present in meteorological data. This limitation arises from its sensitivity 
to scaling and distributional characteristics of the input data, necessitating more 
extensive preprocessing to ensure model performance. 

Figure 3.20 illustrates the architecture of the GRU model. During 
each training step, the input data are dynamically modified via two key components: 
the update gate and the reset gate. The reset gate determines the extent to which the 
previous hidden state should be forgotten, while the update gate controls how much 
of the past information should be retained and passed forward to influence the current 
output. 

 
Figure 3.20 Architectural diagram of GRU 
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3.3.2.3 Random forest 

RF is an ensemble technique that employs both bagging and 
feature randomness to construct a collection of uncorrelated decision trees. The final 
output is determined by taking the average of the predictions from all individual trees. 
By aggregating predictions in this manner, Random Forest significantly reduces variance 
and enhances the accuracy of forecasting results. The fundamental architecture of the 
Random Forest model is illustrated in Figure 3.21 

 
Figure 3.21 Architectural diagram of RF 

For the parameter configuration, the structural parameters of all 
three models are designed the same for the training process, unlike the RF, which has 
different structures, the details of which are shown in Table 3.2. 
Table 3.2 Hyperparameter configuration for model training 

Model Hyperparameters 

LSTM 
Input: 5, Hidden nodes: 64,32,50, Epochs: 100,  
Batch Size: 32, Learning Rate: 0.001, Optimizer: Adam, Early Stopping: 20 

Bi-LSTM 
Input: 5, Hidden nodes: 64,32,50, Epochs: 100, 
Batch Size: 32, Learning Rate: 0.001, Optimizer: Adam, Early Stopping: 20 

GRU 
Input: 5, Hidden nodes: 64,32,50, Epochs: 100, 
Batch Size: 32, Learning Rate: 0.001, Optimizer: Adam, Early Stopping: 20 

RF 
Input: 5, Number of Trees: 100, Max Depth: 10,  
Bootstrap: True, Criterion: MSE, Max Features: auto 
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3.4 Evaluation metrics 

In the final step, the evaluation metrics of the appropriate model of the PV 
power forecast are selected to verify the prediction and efficiency of PV generation, 
which makes the prediction results more reliable and applicable. In this work, three 
fitness functions, namely RMSE, MAE, and MAPE, are used, which can be called using 
the Sklearn library in Python. The first comparative index considered is the RMSE. It 
can be measured by averaging the squares of the errors and extracting the square root 
as Equation 3.1 
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The next index used is MAE, which can be calculated by averaging the absolute 
values of the errors (absolute error) as in Equation 3.2 
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MAPE can be found by averaging the percentage errors as shown in Equation 
3.3 
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3.5 Simulation Results  

The experimental results are divided into two main parts. The first part involves 
forecasting environmental factors that affect electricity production, such as 
temperature and solar irradiance, using the LSTM model. The second part involves 
using the predicted values from the first step, along with other meteorological data, 
as inputs to forecast electricity generation using the deep learning and ensemble 
models discussed above.  
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Additionally, a comparative analysis of each model’s performance across three 
seasons summer, rainy, and winter was conducted using evaluation metrics including 
RMSE, MAE, and MAPE. These quantitative indicators were used to assess the accuracy 
of the forecasts. The results of these experiments not only validate the effectiveness 
of the two-step forecasting approach but also provide insights into the suitability of 
different models under varying climatic conditions. 

3.5.1 Forecasting Results of Environmental Factors  

In this study, a dataset from the year 2023 was used, consisting of 7,539 
samples (divided into 80% for training and 20% for validation) and 126 samples for the 
test set. This division ensures the diversity of data for robust model validation. Due to 
the presence of missing data which could negatively impact the accuracy and reliability 
of forecasting results linear interpolation was applied to fill the gaps. Moreover, to 
enhance the forecasting accuracy of solar power generation, two key environmental 
factors solar irradiance and temperature were predicted using the LSTM model, as they 
directly influence electricity production.  

In the first stage of the two-step forecasting approach, the LSTM model 
was employed to forecast temperature and solar irradiance in advance. LSTM, a deep 
learning model well-suited for time-series data, was selected due to its capacity to 
capture long-term dependencies and dynamic patterns effectively.  

After forecasting the environmental factors, a heatmap was constructed 
to analyze the correlation coefficients between the forecasted values and the actual 
electricity generation. The results illustrate the relationships between various 
environmental factors (solar irradiance and ambient temperature) and the power 
output of the solar panels during the year 2023. These relationships are illustrated in 
Figure 3.22 for April, with the complete set of results for all twelve months presented 
in Appendix B. 



47 

 
Figure 3.22 Environmental correlation with solar power output - April 2023  

 
An analysis of the correlation between solar irradiance and ambient 

temperature with the electricity generation of the floating solar power system 
throughout 2023 revealed that April exhibited the highest correlation values. 
Specifically, irradiance had a correlation coefficient of 0.86 and temperature had 0.79, 
indicating a strong positive relationship between these two factors and the amount of 
electricity produced. This highlights April as the most suitable month for solar energy 
generation due to consistently high irradiance and temperature levels. During February 
to March, the correlation values for both factors remained relatively high (ranging from 
0.70 to 0.80), reflecting favorable weather conditions for electricity generation. In 
contrast, May showed a negative correlation for solar irradiance (-0.37), possibly due 
to atmospheric instability, such as cloud cover or fog, which resulted in inconsistent 
solar radiation. However, temperature still had a moderate correlation of 0.37. 

In the rainy season, from June to October, the correlation values for 
both factors ranged from moderate to high. Notably, in August and September, both 
irradiance and temperature had correlation coefficients above 0.75. This suggests that 
despite frequent rainfall, sufficient solar radiation was still available during certain 
periods, enabling continuous electricity production. For the winter season, from 
November to January, the correlation gradually declined especially in January, where 
the correlation between temperature and power generation dropped to just 0.15, 
indicating a reduced influence of temperature on electricity production. 

In summary, the correlation between environmental factors and power 
output varied across seasons. The period from April to August demonstrated the 
highest correlation and was most suitable for model-based forecasting. In contrast, 
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May and the winter months exhibited lower correlations, which could affect forecasting 
accuracy if proper data handling techniques are not applied. 

From the correlation analysis using a correlation heatmap, it was found 
that, prior to forecasting, the correlation coefficient between ambient temperature and 
power generation (kW) was 0.23, while that between solar irradiance and power 
generation was 0.67. These values indicate a moderate relationship between 
environmental factors and generated energy. 

However, after forecasting environmental variables using the LSTM 
model, the correlation between the forecasted variables and electricity generation 
increased significantly. Specifically, the correlation coefficient between predicted 
temperature and power (kW) rose to 0.64, and the coefficient between predicted 
irradiance and power (kW) increased to 0.71. These results demonstrate that using 
forecasted environmental data can better capture the dynamic characteristics of 
environmental factors and clearly enhance their relationship with electricity output. 

These results support the idea that the two-step forecasting approach 
presented above can significantly improve the model performance in the power 
generation forecasting stage. It also shows how important it is to handle environmental 
data correctly before using it in the final forecasting process. 

3.5.2 Forecasting Results of Solar Power Generation  

In the second step of the process, the predicted values of ambient 
temperature and solar irradiance were combined with additional meteorological 
inputs, including GTI, relative humidity, and wind speed, to forecast the next-day 
electricity output of the FPV system. The forecasting was carried out using four models: 
LSTM, Bi-LSTM, GRU, and Random Forest, respectively. Since the objective was to 
perform day-ahead forecasting of PV energy generation, the results were analyzed and 
presented according to three seasonal periods: summer (mid-February to mid-May), 
rainy season (mid-May to mid-October), and winter (mid-October to mid-February).  

The simulation results, based on a validation dataset consisting of 1,508 
samples, are illustrated in Figures 3.23, 3.24, 3.25, and 3.26, respectively. These figures 
provide a comparative visualization of the actual power output versus the forecasted 
power output for each of the four models, allowing for a clear assessment of their 
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performance. The results indicate that all models achieved relatively high accuracy, 
particularly during periods when the power output was below 2,500 kilowatts a range 
characterized by stable trends and low variability in the data. 
 

 
Figure 3.23 Comparison of forecasted vs. actual power output using LSTM 

 
Figure 3.24 Comparison of forecasted vs. actual power output using Bi-LSTM 

 
Figure 3.25 Comparison of forecasted vs. actual power output using GRU 

 
Figure 3.26 Comparison of forecasted vs. actual power output using RF 
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Figures 3.27-3.29 present a comparison between the actual power 
output and the forecasted values generated by the models across the three seasons: 
summer, rainy season, and winter. 
 

 
Figure 3.27 Day-ahead solar power forecasting for the summer season 

 
Figure 3.28 Day-ahead solar power forecasting for the rainy season 
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Figure 3.29 Day-ahead solar power forecasting for the winter season 

3.6 Performance Metric Comparison 

To evaluate the performance of the one-day-ahead electricity generation 
forecasting models, key metrics including RMSE, MAE, and MAPE were compared. The 
evaluation was conducted separately by season to assess the forecasting capability of 
each model: LSTM, Bi-LSTM, GRU, and RF. 

After calculating the validation metrics based on the predicted and actual 
power output, the results are presented in Table 3.3. For the summer season, the RF 
model achieved the best performance among the four models with RMSE, MAE, and 
MAPE values of 260 kW, 188 kW, and 11.35%, respectively, indicating the most accurate 
forecasting. However, during the rainy season, the GRU model demonstrated the best 
performance with values of 310 kW, 272 kW, and 18.37%, respectively. Conversely, in 
the winter season, the Bi-LSTM model yielded the most accurate results with RMSE, 
MAE, and MAPE values of 271 kW, 227 kW, and 24.65%, respectively. 

The LSTM model in the summer provided slightly less accurate results 
compared to the RF model but outperformed the GRU model, with RMSE, MAE, and 
MAPE values of 389 kW, 319 kW, and 19.26%, respectively. In the rainy season, LSTM 
was more accurate than Bi-LSTM, with values of 311 kW, 269 kW, and 19.20%, 
respectively. On the other hand, its performance in the winter season was the lowest 
among all three seasons. 
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Furthermore, the models were also compared in terms of processing time. 
Ranked from the shortest to the longest processing time, the results were as follows: 
RF (12 seconds), GRU (61 seconds), LSTM (92 seconds), and Bi-LSTM (137 seconds), as 
detailed in Table 3.4.  These results align with the theoretical structural complexity of 
each model, with simpler models requiring less computational time. This consistency 
reinforces the expectation that model complexity directly impacts processing 
efficiency, highlighting the trade-off between accuracy and computational cost in 
forecasting applications. 

 
Table 3. 3 Forecasting results 

Model 
Summer Rainy Winter 

RMSE 
(kW) 

MAE 
(kW) 

MAPE 
(%) 

RMSE 
(kW) 

MAE 
(kW) 

MAPE 
(%) 

RMSE 
(kW) 

MAE 
(kW) 

MAPE 
(%) 

LSTM 389 319 19.26 311 269 19.20 365 310 29.14 
BI-LSTM 468 357 17.73 481 423 24.17 271 227 24.65 

GRU 360 295 20.45 310 272 18.37 376 339 36.32 
RF 260 188 11.35 429 344 18.78 166 148 38.97 

 
Table 3. 4 Processing time comparison of forecasting models 

Model Processing Time (seconds) 

LSTM 92 

BI-LSTM 137 

GRU 61 

RF 12 

 
The simulation results indicate that the RF model performs well for forecasting 

electricity generation during the summer season. This is because, in summer, weather 
conditions tend to be stable with consistent power output, resulting in continuous and 
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less volatile data used for model training. Consequently, the model can effectively 
learn the relationships among different features. In contrast, the GRU model is more 
suitable for forecasting power output during the rainy season, where data is 
characterized by high uncertainty and rapidly changing power output, causing 
significant fluctuations. The GRU model can adapt well to such parameter changes. 
For the winter season, the best forecasting method is Bi-LSTM. This is due to the fact 
that winter electricity generation is influenced by multiple factors such as shorter 
sunlight hours, lower temperatures, and higher humidity. These conditions lead to 
rapid changes and complex data patterns, which the Bi-LSTM model can efficiently 
capture by processing sequential data bidirectionally and learning the intricate 
relationships among various factors. Additionally, forecasting errors may arise from 
missing data used in the prediction process, as well as differences in weather 
conditions such as temperature, wind speed, or humidity, which can directly affect the 
efficiency of solar panels. 

3.7 Conclusion 

This chapter systematically describes the research approach, encompassing 
data collection and preparation, feature selection and correlation analysis, and the 
development of solar power forecasting models using deep learning techniques. This 
also includes model evaluation using accuracy indicators. Experimental results are 
presented, demonstrating that a two-step forecasting approach, which begins with 
environmental factors and then follows with power forecasting, significantly improves 
forecast accuracy. Analysis of seasonal results also revealed that no single model is 
superior across all seasons. Each model's suitability differs depending on the data 
characteristics and climate conditions at each time. The RF model performs best in 
the summer, when data is relatively stable and fluctuates, while the GRU model 
performs best in the rainy season, when data uncertainty is high. Bi-LSTM is most 
appropriate in winter, when data patterns are more complex. This suggests that model 
selection for solar power forecasting should take into account the data characteristics, 
climate conditions, and seasonality at each time period to ensure a more accurate and 
reliable solar power forecasting system in the future. 
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CHAPTER IV 
SHORT-TERM SOLAR POWER FORECASTING UNDER INCOMPLETE 

DATA AND CURTAILMENT CONDITIONS2 
 

4.1 Introduction 

Chapter 3, which presented solar power generation forecasting using a two-
stage forecasting framework and filling in missing data with linear interpolation, builds 
upon this by focusing on data management to align with the actual operating behavior 
of the system. The research process includes data preparation using the Clear Sky 
Model and KNN, along with consideration of power generation curtailment. The two-
stage forecasting is performed in three time periods before combining the results to 
obtain daily forecasts. Finally, the results are evaluated and analyzed using XAI to 
understand the role of external factors affecting power generation. The conceptual 
framework of the research is shown in Figure 4.1. 

 

 
Figure 4.1 The framework for solar power forecasting

 
2 Part of this chapter had been presented at the 14th International Electrical Engineering Congress (iEECON 2026), 
“Innovating the future of engineering: fostering resilience and adaptability in complex systems”, Pattaya, Thailand,  
March 4–6, 2026. 
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4.2 Data preparation 
The data management process consists of data collection, data cleaning, 

feature selection and correlation analysis, and data splitting, as illustrated in Figure 4.2. 
 

 
Figure 4.2 The framework for data management process 

 

4.2.1 Data collection 

The data used in this study are from a floating PV power plant located 
at 111 University Road, Suranaree Sub-district, Mueang Nakhon Ratchasima District, 
Nakhon Ratchasima Province, Thailand, and data from websites. Only energy 
consumption between 7:00 AM and 5:00 PM is considered, with a 30-minute simulation 
period, as described in Chapter 3. 

For the power generation dataset used in this study, 13.95% of the data 
was found to be missing, as shown in Figure 3.9 This figure displays the missing power 
generation data for all three seasons in Thailand in 2023. Furthermore, additional data 
analysis revealed abnormal power generation behavior. This curtailment data is 
different from the missing data and may affect the learning process of the forecasting 
model if not managed properly. 

 
4.2.2 Data cleaning 

The selection of missing data imputation methods has a direct impact 
on the accuracy of solar energy forecasting models, particularly in the context of time-
series data such as PV power output. 
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For the imputation of missing values in the power output dataset, 
seasonal variations in Thailand must be carefully considered, as the characteristics of 
solar radiation differ significantly across seasons. Thailand experiences three main 
seasons: summer (March–May), characterized by intense sunlight and the highest levels 
of solar irradiance; the rainy season (June–October), which has frequent cloud cover 
and rainfall, resulting in highly variable and often lower-than-expected irradiance under 
clear-sky conditions; and winter (November–February), when solar energy production 
is generally lower than in summer, though many days remain clear. Nevertheless, the 
potential impact of decreased temperature on solar panel efficiency should also be 
taken into account. 

Therefore, the choice of imputation method for each season should 
align with solar radiation characteristics and prevailing weather conditions to ensure 
reasonable estimates and enhance forecasting model accuracy. For summer and 
winter, the Clear Sky Model was applied. In summer, skies are generally clear, with 
minimal cloud cover and stable weather, aligning well with the assumptions of the 
clear-sky model, resulting in high accuracy of estimated values. Although winter offers 
lower solar output than summer, clear skies are still common, making the Clear Sky 
Model applicable in this season as well. However, the effect of lower temperatures on 
panel performance should still be considered. In contrast, the rainy season presents 
distinct challenges for solar forecasting due to highly unpredictable weather patterns 
such as thick clouds, frequent rain, and overcast conditions which reduce the reliability 
of clear-sky estimations, as they tend to overestimate solar irradiance. Consequently, 
this study employs the KNN Imputation method for handling missing data during the 
rainy season. This approach compares the meteorological variables of the missing data 
periods with similar periods in the dataset that contain complete data, using the 
closest match to estimate the missing power output values. This method helps reduce 
imputation errors and contributes to improved model accuracy in subsequent 
forecasting steps. 

4.2.2.1  Clear Sky Model 

In cases where data were missing for extended periods or when 
missing values significantly impacted the structure of the dataset, the Clear Sky Model 
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was applied. This model estimates solar irradiance under clear-sky conditions by 
considering geographic coordinates, date, time, solar panel efficiency, and GTI. The 
model was implemented using the Python library pvlib, which automatically calculates 
clear-sky irradiance based on these parameters. The estimated irradiance was then 
used to approximate the expected solar power output. 

The calculation of solar panel efficiency is described as follows: 

maxP

Irradiance Area
 =

  
(4.1) 

Based on the panel dimensions of 2230 mm × 1134 mm, the 
conversion from millimeters to meters yields 

2.230 1.134Dimensions m=   (4.2) 

Therefore, the area of 1 panel 
2

1
2.230 1.134 2.529

panel
Area m=  =  (4.3) 

Accordingly, efficiency is calculated as follows: 

maxP

Irradiance Area
 =

   

540

1000 2.529
 =


  

540
0.2136

2529
 = =   

Consequently, the calculated panel efficiency is 21.36%. 
Subsequently, the total surface area of all solar panels (in m²) is determined as follows: 

1area panel panelsTotal Area Number=   (4.4) 

2
2.529 7920 20022.73area mTotal =  =   

Therefore, the total area is approximately 20,022.73 m². 
Following this, the solar power output imputed using the Clear 

Sky Model can be mathematically formulated as follows: 
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1000
clear

GTI A
P
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=  (4.5) 

Note: The result is divided by 1,000 to convert the power from watts (W) to kilowatts 
(kW). 

Due to meteorological factors and system electrical losses, this 
research applies the Kc to adjust the values used for data filling to align with the actual 
behavior of the system, which is defined as follows: 

, ( )
( )

( )

real no curtail

c

clear

tP
tK

tP
=  (4.6) 

By choosing the median of Kc as a robust representative value 
resistant to outliers and setting the α1 as follows:  

1 )(
c

median K =  (4.7) 

And calculating the value used to fill in the power generation 
data that corresponds to the actual behavior of the system, as shown in Equation 4.8. 

1( ) ( )filled cleart tP P=   (4.8) 

The power output data imputed using the Clear Sky Model is 
presented in Figure 4.3 

 
Figure 4.3 Power output data for the year 2023 after using Clear Sky model 

4.2.2.2 KNN Imputation 

The KNN Imputation method is a technique for filling in missing 
data values, suitable for cases where the missing data is not continuous or the data 
structure is complex. This method is based on the fundamental assumption that data 
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points with similar characteristics of the explanatory variable tend to have similar 
values of the target variable as well. Therefore, KNN imputation can maintain the 
relationships between variables within the dataset better than linear addition or 
representation by means alone. 

In this research, the filling in of missing values in the power 
generation dataset uses meteorological variables, namely temperature, humidity, wind 
speed, and solar radiation values, as co-variables to calculate data similarity. The KNN 
imputation procedure is detailed as follows:  

The first step is to define the parameter K, which represents 
the number of nearest neighbors used to estimate the missing data. The value of K 
directly affects the characteristics of the filled data. To select an appropriate parameter 
K, the performance of KNN Imputation was evaluated by randomly generating a model 
of 10% of the missing data rows in the power generation dataset. Then, the data was 
filled with different K values ranging from K=1 to 20 and larger K values: 30, 40, 50, 60, 
70, 80, 90, and 100. The filled values were then compared to the actual temporarily 
missing values to evaluate the accuracy of data filling at each k value. 

The accuracy of data filling was evaluated using error metrics: 
MSE, RMSE, MAE, and MAPE. Each metric reflects the characteristics of the error from 
a different perspective. MSE measures the average of the squares of the error between 
the actual and filled values. These are metrics that emphasize outliers. While RMSE 
and MSE, which are in the same units as the original data, facilitate easier interpretation 
of errors, MAE measures the mean absolute error and is less sensitive to outliers than 
MSE, providing a better overall picture of accuracy. MAPE shows the error in proportion 
to the true value. Therefore, evaluating the model's performance should consider 
these metrics together, rather than using only one metric. 

To achieve a balanced evaluation and consider the 
performance of KNN Imputation in multiple dimensions, all metrics were adjusted to 
the same range using min-max normalization and calculated as a composite score. 
Each metric was assigned an equal weight to be used as a criterion for selecting the K 
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parameter that provides the best overall performance. Some of the K evaluation 
results are shown in Table 4.1, and all experimental results are shown in Appendix C. 

Table 4.1 Comparison of KNN imputation performance across k values 
KNN Imputer 

 
Error Metrics 

MSE (kW2) RMSE (kW) MAE (kW) MAPE (%) 
1 247137.63 497.13 356.22 48.15 
5 193440.98 439.82 318.37 45.86 
10 180856.18 425.27 313.28 50.21 
20 185949.87 431.22 320.46 55.24 
40 188538.09 434.21 320.73 56.47 
60 192038.22 438.22 323.56 58.92 
80 190994.01 437.03 322.64 61.52 
100 190967.32 437.00 323.45 63.41 

KNN Imputer 
 

Normalized Metrics Composite 
Score MSE 

(kW2) 
RMSE 
(kW) 

MAE 
(kW) 

MAPE 
(%) 

1 1.000 1.000 1.000 0.131 0.783 
5 0.190 0.202 0.119 0.000 0.128 
10 0.000 0.000 0.000 0.248 0.062 
20 0.077 0.083 0.167 0.534 0.215 
40 0.116 0.124 0.174 0.604 0.255 
60 0.169 0.180 0.240 0.744 0.333 
80 0.153 0.164 0.218 0.892 0.357 
100 0.153 0.163 0.237 1.000 0.388 

 

The evaluation results showed that K=10 yielded the lowest 
overall error score. Therefore, this K value was chosen as the parameter for filling in 
missing power generation data in the actual dataset. 
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After determining the value of K for filling in the missing data, 
the distance between the missing data points and the observed data points was 
calculated using the Euclidean distance, which is calculated from meteorological 
variables such as temperature, humidity, GTI, or a combination of these variables over 
the same or nearby time period. The number of p-factors is explained in Equation 4.9 

d𝑖 = √∑(𝑧𝑚𝑖𝑠𝑠𝑖𝑛𝑔,𝑗 − 𝑧𝑖,𝑗)2

𝑝

𝑗=1

 (4.9) 

Once the distances between each data point are determined, 
the K data points with the shortest distances are selected. The power generation 
values of neighboring data points are then used to estimate the missing values. In this 
research, an unweighted mean of neighboring data points is used, which can be written 
as Equation 4.10 as follows: 

𝑥𝑚𝑖𝑠𝑠𝑖𝑛𝑔 =
1

𝐾
∑ 𝑥𝑖

𝐾

𝑖=1

 (4.10) 

 
The result of the power generation data point filled in using 

the KNN imputation method is shown in Figure 4.4. 
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Figure 4.4 Power output data for the year 2023 after using KNN 

Subsequently, the missing data points were filled in using the 
Clear Sky Model for summer and winter seasons and the KNN Imputation for the rainy 
season. These were then combined into a single dataset covering a one-year period. 
This data, filled in to reflect the characteristics of each season, will be used to prepare 
new data for the forecasting model development process in the next step.  

To quantitatively evaluate the effectiveness of the two data 
augmentation methods, a comparison was made of baseline statistics, including mean, 
median, standard deviation, and interquartile range of the augmented power 
generation values, categorized by augmentation method. It was found that 
augmentation using ClearSky with KNN yielded higher baseline statistics than KNN-all. 
This reflects that referencing the Clear Sky model for augmentation improves the 
power generation to better reflect actual sunlight conditions, while maintaining clearer 
seasonal distribution and fluctuations. Overall, ClearSky with KNN maintained the 
seasonal pattern and actual power generation range better than KNN-all, as shown in 
Table 4.2 Therefore, the augmented data is more suitable for subsequent forecasting. 
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Table 4.2 Quantitative metrics 

Metric KNN-all ClearSky+KNN 

Mean 1279.71 1451.68 

Median 1128.33 1356.49 

SD 706.65 905.86 

Min 0 0 

Max 3242.40 4136.49 

IQR 996.22 1304.81 

 
To illustrate the characteristics of the prepared dataset, Figure 

4.5 presents a three-dimensional surface plot of solar power generation capacity in 
2023. The X-axis represents the timestep within a day, the Y-axis represents the day of 
the year, and the Z-axis represents the power output in kilowatts (kW), which is used 
as the target data for forecasting.  

 

 
Figure 4.5 Three-dimensional visualization of solar power output in 2023 after                          

              ClearSky with KNN data processing  
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From the plot, a dome-shaped curve can be observed in the 
daily power output, with low initial power output in the morning, peaking at midday, 
and declining in the evening, reflecting the sunrise and sunset patterns. During the 
middle of the year (approximately 100–250 days), the surface plot appears yellow to 
red, indicating high power output, corresponding to the summer months with the 
highest sunlight intensity. Conversely, at the beginning and end of the year (< 100 and 
> 300 days), the surface plot is low and appears blue or green, indicating decreased 
power generation due to shorter daylight hours or increased cloud cover. Furthermore, 
some parts of the surface plot appear jagged or wavy, which may reflect the impact 
of erratic weather conditions such as clouds, shadows, or rain on certain days. The 
insights gained from analyzing this plot confirm the quality of the prepared data. It can 
also be used as a ready-to-use database for the next steps in developing and 
comparing the performance of forecasting models. 

 
4.2.3 Feature Selection and Exploratory Statistical Analysis 

Next, an EDA was performed using correlation analysis to identify factors 
influencing power output. These factors can be used to determine the input and 
output variables for the forecasting model. The results of the correlation heatmap are 
shown in Figure 4.6. 

 
 

 

Figure 4.6 The correlation matrix 
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From the correlation heatmap analysis above, it can be seen that the 
correlation coefficient between light intensity and power (kW) is 0.73, reflecting that 
light intensity is the main factor determining the level of power production of the solar 
cell system. Meanwhile, the correlation coefficient between temperature and power 
(kW) is 0.30, which is an important factor affecting power output. Since the data from 
the station and the data loaded from the satellite web are not the same, temperature 
and light intensity were forecasted using the LSTM model to be used as inputs for the 
power output forecasting model in the next step. 

To assess the quality of the input data after forecasting, the results were 
analyzed using a Taylor Diagram as shown in Fig. 4.7 This diagram compares the actual 
and predicted values of temperature and solar radiation, considering correlation, 
standard deviation, RMSE, and normalized bias. The results show a clear improvement 
in data quality after forecasting compared to the actual values. Temperature had a 
correlation coefficient of 0.63, while solar radiation had a high correlation coefficient 
of 0.74, with RMSE decreasing to 13.41°C and 184.44 W/m², respectively. This indicates 
a reduction in overall error and a closer alignment of the data distribution with the 
actual values. 

 

 
Figure 4.7 Taylor diagram of temperature and irradiance 
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However, the Taylor Diagram only reflects that the quality of the input 
data after forecasting is better compared to the actual values, but it is only an 
assessment of the consistency between the forecasted input and the actual input. 
Therefore, it cannot be directly concluded that the power generation forecast will be 
more accurate. The forecasted results were analyzed using SHAP, as shown in Fig. 4.8, 
to evaluate the factors affecting power generation. It was found that GTI remains the 
main factor affecting power generation the most, while the forecasted values, such as 
predicted temp. and predicted irr., demonstrate positive impacts consistent with the 
behavior of the solar cell system, reflecting the quality of post-forecast data for input 
in the power generation forecasting stage. Additionally, SHAP reveals non-linear 
relationships such as the temperature effect changing direction across value ranges 
and the saturation characteristics of solar radiation, which are not visible from basic 
statistics. This leads to a clearer understanding of the role of each variable in power 
generation. The input data includes predicted Irr., GTI (W/m²), predicted temp., 
humidity, and wind speed (m/s). 

 

 
Figure 4.8 SHAP values impact on model output 



67 

4.2.4 Data Splitting 
However, behavioral analysis of power generation data combined with 

internal system electrical load also revealed periods where solar cell system power 
generation was curtailed, meaning the output value did not reflect the system's true 
production potential even when weather conditions were favorable for power 
generation. Curtailment differs from missing data because it results from structural 
limitations of the electrical system, not data loss or measurement errors.  

To systematically identify the periods of curtailment, this study 
considers the relationship between PV power generation, actual load, and metering 
load. The power-to-load ratio is defined by Equation 4.11, and the curtailment state is 
determined by conditional equations as shown in Equation 4.12, which considers both 
the condition where the power-to-load ratio is higher than the threshold obtained 
from statistical analysis of data throughout the year, and the condition where the 
metering load decreases significantly, in order to best reflect the actual operating 
behavior of the system. Examples of data behavior on days of curtailment and the 
distribution of curtailment behavior throughout the year are shown in Figures 4.9 and 
4.10, respectively. 
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Where Both conditions must be satisfied simultaneously for the system 
to be classified as operating under a curtailment state. 

 
 



68 

 
Figure 4.9 Distribution of PV power to actual load ratio 

 
Figure 4.10 Solar power output under curtailment conditions 

 
Figure 4.9 shows that the PV power output is close to the actual load, 

while the grid load drops close to zero throughout the day. This is consistent with the 
concentration of the PV power to actual load ratio near 1.0 throughout the day, as 
shown in Figure 4.10, reflecting a systematic limitation of PV power output. 
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Figure 4.11 Curtailment gap analysis by hour 

 
Figure 4.11 shows that temporal analysis reveals that curtailment begins 

around 8:00 AM and peaks between 10:00 AM and 1:00 PM, coinciding with the period 
of peak solar power output. The frequency then decreases below the average after 
approximately 2:00 PM and continues to decline until it is almost nonexistent after 
3:00 PM–4:00 PM. These results demonstrate that curtailment is not random but 
follows a clear temporal pattern directly related to solar power generation potential. 

Due to the specific characteristics of the curtailment data, all data was 
divided into three sets: data on days with curtailment, data on days without 
curtailment, and data for the entire year, to study the impact of curtailment on 
forecasting model performance. Each dataset is divided for training and validation in 
an 80/20 ratio. Five days of test data are used for both curtailment-existing and non-
curtailment-existing sets, and ten days for the entire year's dataset, using the same 
dates, to ensure a fair comparison of model results. 

Furthermore, each set is divided into three time periods of the day: the 
upward trend (07:00–08:30), the peak or curtailment period (08:30–14:30), and the 
downward trend (14:30–17:00) to clearly reflect the characteristics of curtailment. 

To speed up the model training process and increase stability, all inputs 
are scaled to the same level using a normalization process. This allows the model to 
learn the relationships between variables stably and reduces problems arising from 
differences in scale between input features. 
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4.3 Forecasting Model Development and Evaluation 
This section presents a two-step forecasting framework, a research approach 

used to develop and evaluate day-ahead forecasting models for solar power 
generation. The research process is divided into three steps: data preparation, two-
step forecasting, and evaluation, detailed below. 

This study utilizes LSTM and RF models for forecasting environmental factors 
and solar power generation. The data is time-series, nonlinear, and time-variable. 
LSTM's ability to learn both short-term and long-term temporal relationships makes it 
suitable for forecasting weather variables. Random Forest, an ensemble learning 
technique that utilizes bagging and feature randomness to construct multiple decision 
trees, reduces model variance, increases noise robustness, and efficiently learns 
nonlinear relationships between input variables and power generation. Therefore, it is 
used for forecasting power generation in the next step. 

For configuring the structural parameter values of both models to suit the 
characteristics of the data used in the study, the details are shown in Table 4.3 

 
Table 4.3 Hyperparameters of environmental factors pre-forecasting models  

Model Hyperparameters 
LSTM Input: 3, Hidden nodes: 128,64,32, 

Epochs: 200, Batch Size: 32, 
Learning Rate: 0.0001, Optimizer: Adam, 
Early Stopping: 10 

RF Input: 5, Number of Trees: 100,  
Max Depth: 10, Bootstrap: True,  
Criterion: MSE, Max Features: auto 

 

To evaluate the performance of the forecasting models on each dataset, this 
study uses basic statistical indicators, including RMSE, MAE, and MAPE. These indicators 
are calculated using the Scikit-learn library in Python. 
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4.4 Results and Discussion 
This section presents one-day FPV power generation forecast results from 

Suranaree University of Technology using a two-stage forecasting framework. This 
consists of forecasting environmental factors in the first stage and power generation 
forecasting in the next stage. The analysis results are discussed comparatively to 
evaluate the model's performance under different data types, as detailed below. 

To improve the accuracy of solar power generation forecasting, this study uses 
an LSTM model to forecast environmental factors directly affecting power generation, 
namely solar irradiance and temperature. The relationship between various 
environmental factors (ambient radiation and temperature) and solar panel power 
generation in August is shown in Figure 4.12, and details for other months are shown 
in Appendix D. 

 

 
Figure 4.12 Correlation of irradiance and temperature with solar power 
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An analysis of the relationship between environmental factors and solar panel 
power generation in August revealed a correlation coefficient of 0.81 for solar intensity, 
reflecting a high positive correlation. This means that as light intensity increases, power 
generation tends to increase as well. However, some data dispersion was observed, 
possibly due to the influence of clouds, rain, and weather variability during the rainy 
season. Ambient temperature had a higher correlation coefficient of 0.85, indicating 
that temperature is another significant factor affecting power generation. In summary, 
the high correlation coefficients of both factors, approaching 1, suggest a clear positive 
relationship between environmental factors and power generation, supporting their 
suitability as input variables for forecasting power generation. 

Furthermore, the MAE of the monthly forecasts for light intensity and 
temperature using the LSTM model are shown in Figure 4.13, presenting the results in 
two parts: light intensity and temperature, respectively. 

 

 
Figure 4.13 MAE of environmental factor forecasts 

 
From the results of the monthly error analysis, it was found that the forecasts 

for solar irradiance and temperature showed clear differences. The MAE values for 
irradiance forecasts were mostly low and relatively constant throughout the year, but 
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in December, the MAE and dispersion were found to be higher, reflecting weather 
fluctuations. In May, the MAE was close to zero due to missing and incomplete data.  

For temperature forecasting, it was found that most MAE values were relatively 
low and consistent, ranging from 2 to 5°C. However, in June and September, the MAE 
values were higher, approximately 6–7°C, due to sudden temperature changes during 
those months, which the model was not yet able to handle effectively.  

However, the overall results show that the LSTM model can predict 
temperature more accurately and stably than solar irradiance and support the 
suitability of using environmental factor prediction results from LSTM as the first step 
in a two-stage prediction framework for FPV system power generation.  

For the One-day PV energy forecast, the results are presented by 3 seasons: 
summer (mid-February to mid-May), rainy season (mid-May to mid-October), and winter 
(mid-October to mid-February). The actual power output is compared with the forecast 
power output for the entire year's dataset, divided into the three time periods of the 
day as mentioned above: the rising period, the peak period, or the curtailment period, 
and the falling period, respectively. The forecast for each time period is made 
separately for each day. The forecast results are then stacked to obtain the daily 
forecast power generation, making the difference between actual and forecast power 
generation clearly visible, as shown in Fig. 4.14 
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Figure 4.14 Seasonal comparison of day-ahead solar power forecasting 

 

After calculating the power generation forecasting performance, the results are 
shown in Table III, displaying the RMSE, MAE, and MAPE values for each dataset in each 
season. It was found that the RF model could clearly learn different power generation 
behaviors depending on the dataset. In the summer, the Curtail and Entire datasets 
showed similar error values of 196 kW, 167 kW, and 11.63%, respectively, reflecting 
that the Curtail period can accurately represent the all-day production behavior 



75 

because the power generation is stable and the data is continuous. In contrast, the No 
Curtail dataset had values of 316 kW, 264 kW, and 16.87%, respectively, showing higher 
errors than the all-day dataset, which had values of 223 kW, 182 kW, and 10.16%, 
respectively. This indicates that learning only from periods without power limitations 
cannot adequately adapt to data fluctuations. Combining the all-day datasets reduced 
the error and allowed the model to better learn the relationship between Curtail and 
No Curtail periods. Similarly, in winter, the No Curtail period had values of 270 kW, 264 
kW, and 37.57%, respectively, due to low power generation and complex data patterns 
resulting in high relative error. However, combining data throughout the day helped 
reduce the MAPE to 24.18%.  

Furthermore, forecasting by dividing the data into three time periods each day 
and stacking the results to estimate daily energy consumption allows the model to 
efficiently learn the specific electricity production patterns of each time period. This 
clearly reflects the system's behavior during both curtail and non-curtail periods. 
Compared to the linear interpolation method used in the previous chapter, which 
employed an RF model to forecast daily energy without time period separation or 
curtailment as shown in Table 4.4, the After approach exhibits lower overall errors and 
consistently better result stability across all seasons. Stacking the results reduces time-
specific errors and structural bias, resulting in higher accuracy daily energy forecasts 
and better generalization to varying weather and seasonal conditions. 

In summary, electricity generation forecasting performance does not depend 
solely on the capabilities of the RF model but also significantly on the structure and 
timing of the data used to train the model. Using data that does not comprehensively 
cover the 24-hour power-limiting behavior tends to lead to errors and biases, especially 
in highly volatile conditions. A data management approach that considers both curtail 
and no-curtail periods, combined with time segmentation and data stacking, allows for 
more accurate, stable, and realistic daily energy forecasts that align with the actual 
usage of solar power systems. 
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Table 4.4 Forecasting results 
Dataset Summer 

RMSE (kW) MAE (kW) MAPE (%) 
Curtail 196 167 11.63 

No Curtail - - - 

Entire 196 167 11.63 

Dataset Rainy 
RMSE (kW) MAE (kW) MAPE (%) 

Curtail - - - 

No Curtail 316 264 16.87 

Entire 223 182 10.16 

Dataset Winter 
RMSE (kW) MAE (kW) MAPE (%) 

Curtail - - - 

No Curtail 270 264 37.57 

Entire 434 326 24.18 

 

Table 4.5 Comparison of forecasting results between before and after datasets across  
              seasons 

Model 
Summer Rainy Winter 

RMSE 
(kW) 

MAE 
(kW) 

MAPE 
(%) 

RMSE 
(kW) 

MAE 
(kW) 

MAPE 
(%) 

RMSE 
(kW) 

MAE 
(kW) 

MAPE 
(%) 

RF* 260 188 11.35 429 344 18.78 166 148 38.97 
RF** 196 167 11.63 223 182 10.16 434 326 24.18 

Note: *Chapter 3, **Chapter 4 
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4.5 Conclusion 
This chapter presents a one-day forecasting framework for solar power 

generation using a two-step forecasting approach. The first step forecasts light intensity 
and temperature using an LSTM model, and the results are then used as input to a RF 
model to forecast power generation. The proposed framework emphasizes designing 
a data structure that accommodates the system's power curtailment behavior by 
splitting the dataset according to Curtail, No Curtail, and full-day data. 

Experimental results show that forecasting accuracy depends not only on 
model complexity but also on the structure, time period, and quality of the data. 
Structuring the data to accommodate power curtailment behavior through data 
splitting and stacking reduces bias and improves the stability of daily power forecasts. 

Furthermore, managing data gaps by selecting appropriate Clear-Sky and KNN 
models for seasonality allows the input data to better reflect the actual system 
behavior. 
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CHAPTER V 
Data-Driven Solar Power Forecasting Using Pre-Forecasting and 

Clear-Sky/KNN Data Refinements3 

 
5.1 Introduction 

This chapter presents a research methodology for developing and evaluating a 
short-term (day-ahead) forecasting framework for electricity generation from floating 
solar power systems. It builds upon the analysis and findings of the previous chapters 
and includes the main topics: Case 1 and Case 2 

 

5.2 Case 1: Augmented Data-Driven Solar Power Forecasting Using Pre-
Forecasting and Clear-Sky/KNN Data Refinements  
In this case, data quality management is presented through the Clear Sky and 

KNN models, and interpretability is enhanced through XAI. The first step uses LSTM 
and TFT-lite to forecast light intensity and temperature before the results are 
combined with Bi-LSTM, GRU, and RF to forecast power generation. This builds upon 
the research from Chapters 3 and 4. The research process is divided into three stages: 
data preparation, two-stage forecasting, and evaluation. The conceptual framework of 
the research is shown in Figure 5.1.

 
3 Part of this chapter has been accepted for publication in the GMSARN International Journal. 
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Figure 5.1 The framework for case 1 

5.2.1 Data collection 

The data management process diagram, as shown in Figure 5.2, 
comprises data collection, data refinements, EDA, and data splitting. The details are as 
follows: 

 

 
Figure 5.2 The framework for data management process 

 
The dataset used in this study is the same as that in Chapters 3 and 4. 

After downloading the data, it was updated, a crucial step in preparing data for analysis 
and model development. The focus was on detecting and managing missing and 
anomaly values using the Clear Sky Model and KNN methods, as described in Chapter 
4. 
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After analyzing the missing and anomaly data using the Clear Sky Model 
and KNN, statistical correlation analysis was performed using correlation heat maps to 
identify factors influencing power generation. The identified variables used as input 
and output data included temperature, humidity, wind speed, wind direction, diffuse 
radiation, DNI, GHI, predicted temperature, predicted radiation dose, and power (kW), 
as shown in Figure 5.3 in Chapter 4. 

Based on the above correlation heat map analysis, temperature and 
light intensity were predicted using the LSTM and TFT-lite models. Analysis of the 
prediction results from the correlation heat maps showed that the correlation 
coefficient between temperature, light intensity, and power increased. Therefore, the 
prediction results were used as input data for the next step in forecasting power 
generation. 

The input data consisted of the predicted correlation coefficient, GTI, 
predicted temperature, humidity, and wind speed. Therefore, the dataset was divided 
into three subsets: a sample of 7,539 samples was allocated to the training and 
validation sets (80% and 20%, respectively), and 126 samples were reserved for the 
test set. 

After data preparation, a complete dataset was obtained, and all input 
features were standardized to a general scale, ready for use in developing and training 
predictive models in the next step. 

 

5.2.2 Model development  

The forecasting process is divided into two main steps (Two-Step 
Forecasting Approach) to improve the efficiency and accuracy of forecasting electricity 
production from solar cell systems. The details of each step are as follows: 

5.2.2.1 Environmental Factors Pre-Forecasting  

The solar radiation and temperature forecasting process is 
performed using LSTM and TFT-lite models. Although both models are widely 
recognized for time series forecasting, the selection for this research was based on 
their suitability for the data characteristics and limitations of the actual dataset. This is 
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because the LSTM model has the advantage of handling long-term relationships in 
time series data and its stability in learning highly continuous sequences of data, which 
are commonly found in weather data, such as temperature or seasonal trends in 
radiation. This technique allows for stable learning of gradual trends. 

While TFT-lite models have a better ability to handle highly 
complex multivariate data, they also have the ability to automatically select important 
variables at each time point and learn both short-term and long-term relationships 
through attention mechanisms, making them suitable for highly volatile and multi-
factorial weather data. 

A novel addition to this research is the application of the TFT-
lite architecture. This not only simplifies the architecture from a full TFT but is also 
designed to be suitable for the real-world dataset of floating solar PV systems, which 
are smaller and have higher volatility than land-based solar PV systems. While 
maintaining the ability to capture temporal patterns and fully explain the importance 
of variables. The architecture and diagrams are shown in Figure 5.3. 

 

 
Figure 5.3. Architectural diagram of TFT-lite 
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5.2.2.2 PV-Forecast 

This second step uses the forecasted solar irradiance and 
temperature from the pre-forecasting stage, together with GTI, relative humidity, and 
wind speed, as inputs to predict power generation using LSTM, Bi-LSTM, GRU, RF, and 
TFT-lite models. While these five models are standard models for power generation 
forecasting, their application in the context of floating solar data sets presents a unique 
role. Floating datasets exhibit higher intraday volatility than land-based solar, 
influenced by water surface humidity and temperature, as well as unstable cloud 
patterns. This gives LSTM and Bi-LSTM advantages in learning long-term relationships 
in erratic data. GRU is suitable for data with high volatility and requires a shorter training 
time. RF examines nonlinear relationships and variable significance, helping to clarify 
the structure of weather relationships. TFT-lite enhances the ability to select important 
variables over time and handle the overlapping multivariate data, a characteristic of 
real floating data, as mentioned above. 

Therefore, the novelty of this work lies not in the creation of 
new models but in the evaluation of multiple model architectures with different 
strengths on real floating data, enabling concrete insights into which models best 
respond to which data types in this specific context. 

Due to the unstable nature of the data and seasonal variations. 
For each model, a range of possible parameters was defined, such as the range of units 
in the hidden layer, the number of layers, and the range of learning rate values. The 
models were then run with multiple sets of different values and evaluated using the 
same metric to determine the one with the lowest forecast error. This approach 
enables the search for parameters that best fit the actual data behavior without relying 
on a single initial structure. It also reflects the model's learning characteristics and its 
response to seasonal data characteristics. 

For the configuration of structural parameters for temperature 
and irradiance forecasting, both models are detailed in Table 5.1 For PV forecasting, 
the structural parameters of the LSTM, Bi-LSTM, and GRU models were kept consistent 
during training, whereas the RF and TFT-lite models used different configurations. The 
detailed hyperparameters for all PV-forecasting models are summarized in Table 5.2 
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Table 5.1 Hyperparameters of environmental factors pre-forecasting models  
Model Hyperparameters range Optimum hyperparameters 
LSTM Input: [1 5], 

Hidden nodes: [32 128]x3 
Epochs: [100 200], 
Batch Size: [16 32], 
Learning Rate: 
[0.0001 0.001], 
Early Stopping: [10 20] 

Input: 3, 
Hidden nodes: 128,64,32, 
Epochs: 200, 
Batch Size: 32, 
Learning Rate: 0.0001, 
Early Stopping: 10 

TFT-lite Input: [1 5], 
Hidden nodes: [32 128]x3 
Epochs: [100 200], 
Batch Size: [16 32], 
Learning Rate: 
[0.0001 0.001], 
Early Stopping: [10 20] 

Input: 3, 
Hidden nodes: 64, 64, 32, 
Epochs: 200, 
Batch Size: 32, 
Learning Rate: 0.0001, 
Early Stopping: 10 

 
Table 5.2 Hyperparameters of PV-forecasting models 
Model Hyperparameters range Optimum hyperparameters 
LSTM Input: [1 8],  

Hidden nodes: 
[32 128]x3 
Epochs: [100 200],  
Batch Size: [16 32], 
Learning Rate:  
[0.0001 0.001],  
Early Stopping: [10 20]  

Input: 5,  
Hidden nodes: 64,32,50,  
Epochs: 100,  
Batch Size: 32,  
Learning Rate: 0.001,  
Early Stopping: 20 
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Table 5.2 Hyperparameters of PV-forecasting models (Continued) 
Model Hyperparameters range Optimum hyperparameters 
Bi-LSTM Input: [1 8],  

Hidden nodes:  
[32 128]x3 
Epochs: [100 200],  
Batch Size: [16 32], 
Learning Rate:  
[0.0001 0.001],  
Early Stopping: [10 20] 

Input: 5,  
Hidden nodes: 64,32,50,  
Epochs: 100,  
Batch Size: 32,  
Learning Rate: 0.001,  
Early Stopping: 20 

GRU Input: [1 8],  
Hidden nodes:  
[32 128]x3 
Epochs: [100 200],  
Batch Size: [16 32], 
Learning Rate:  
[0.0001 0.001],  
Early Stopping: [10 20] 

Input: 5,  
Hidden nodes: 64,32,50,  
Epochs: 100, Batch Size: 32,  
Learning Rate: 0.001,  
Early Stopping: 20 

RF Input: [1 8],  
Number of Trees:  
[50 100] 
Max Depth: [10 20] 

Input: 5,  
Number of Trees: 100,  
Max Depth: 10 

TFT-lite Input: [1 8],  
Hidden nodes:  
[32 128]x4 
Epochs: [100 200],  
Batch Size: [16 32], 
Learning Rate:  
[0.0001 0.001],  
Early Stopping: [10 20] 

Input: 5,  
Hidden nodes: 128,128,64,128,  
Epochs: 100, 
Batch Size: 16,  
Learning Rate: 0.0001, 
Early Stopping: 30 
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In the final step, metrics are selected to evaluate the 
performance of the model in forecasting solar power generation and to measure the 
accuracy and reliability of the forecasts, enabling the results to be used effectively. 
These metrics can be accessed using the Sklearn library in Python. In this study, four 
performance functions were used: RMSE, MAE, WMAPE, and R². The equations for RMSE 
and MAE are shown in the previous chapter, and the next index considered is WMAPE, 
a measure of the accuracy of the forecasting model that adjusts the weights according 
to the actual values of the target variable, with the aim of reducing the sensitivity to 
low or zero values, which is a limitation of MAPE, shown in Equation 5.1. 
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The last index is R², which measures the model's ability to 
explain the variance of the target variable, as shown in Equation 5.2. 
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In addition, the model performance was further evaluated by 
using the ME, SD, and 95% CI. Using these metrics, we can reflect both the “level of 
model error” through the mean error and the “stability of the forecast results” through 
the spread of the SD and the width of the CI interval, as shown in Equations 5.3-5.5, 
respectively. 
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5.2.3 Results and discussion 

The experimental results were presented in three main parts: 
forecasting results of environmental factors, forecasting results of PV power generation, 
and discussion. The details are as follows. 

5.2.3.1 Forecasting Results of Environmental Factors  

From the forecasting results of light intensity and temperature 
using the LSTM and TFT-lite models, the MAE of the monthly light intensity and 
temperature forecasts can be shown in Figures 5.4 and 5.5, respectively. The results 
are presented separately in two parts: light intensity and temperature, respectively. 

Monthly error analysis revealed significant differences in 
irradiance and temperature forecasts. MAE for irradiance forecasts was mostly low and 
relatively stable throughout the year, but in December, the MAE and its distribution 
increased, reflecting weather volatility. In May, the MAE was near zero due to missing 
and incomplete data. Considering the results from the TFT-lite model, a deep model 
capable of handling temporal relationships and external variables, a similar trend in 
monthly error was observed, particularly the increase in MAE in the middle of the year. 
This reflects that weather uncertainty is a structural constraint on solar irradiance 
forecasting rather than a limitation of any particular model. 

For temperature forecasts, the MAE was mostly relatively low 
and consistent, ranging from 2 to 5°C. However, in June and September, the MAE 
increased to approximately 6–7°C, consistent with the TFT-lite model's results showing 
higher errors during months with sudden temperature changes. This comparison 
indicates that, despite the potential of advanced models like TFT-lite to learn complex 
data structures, temperature forecasting remains more stable than solar irradiance 
forecasting. 
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Figure 5.4 MAE of environmental factor forecasts using the LSTM 

 
Figure 5.5 MAE of environmental factor forecasts using the TFT-lite 

 

After forecasting solar irradiance and temperature using the 
LSTM and TFT-lite models, the prediction results were analyzed through a correlation 
heatmap to identify factors influencing power generation. The analysis indicated that 
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both models produced similar forecasts, with correlations to power output of 0.63 and 
0.62 for temperature and 0.56 and 0.50 for solar irradiance, respectively. 

Nevertheless, correlation analysis alone may not fully capture 
the direct influence of forecasted variables on power generation due to the nonlinear 
nature of real-world phenomena. To address this, SHAP analysis was conducted 
alongside the correlation heatmap to evaluate feature importance based on SHAP 
values using a nonlinear reference model, as illustrated in Fig. 5.6 and Fig. 5.7 

 
Figure 5.6 The parameters correlation matrix after SHAP process 
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Figure 5.7 SHAP values impact on model output 

 
Analysis of the correlation heatmaps shows that the predicted 

irradiance from both the LSTM and TFT-lite models is highly correlated with power, 
with values of 0.89 and 0.87, respectively, while the predicted temperature has a 
moderate correlation of approximately 0.69 and 0.72, respectively, which is consistent 
with the physical mechanism of the solar cell system that directly depends on the 
light intensity. Meanwhile, temperature still has a secondary effect on the power 
generation, which is consistent with the behavior of decreasing the efficiency of the 
panel when the temperature increases. 

When compared to the correlation heatmap between the 
forecast data and power generation directly, the values from the SHAP analysis 
combined with the correlation heatmap are higher, indicating that these variables have 
a greater influence on power generation capacity than correlation alone can reflect, 
which helps to understand the impact of the variables in detail and covers both linear 
and non-linear aspects. 

Considering the absolute mean of SHAP, the predicted irradiance 
from the TFT-lite model is the highest, followed by the predicted irradiance from the 
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LSTM model. The mean SHAP temperature of the LSTM model is slightly higher than 
the TFT-lite model. This result shows that the irradiance-related input has the highest 
influence in a reasonable manner consistent with the physics of the system and also 
reflects that the values obtained from TFT-lite have higher quality in the angle where 
the model is actually used, not just a linear statistical relationship. 

Furthermore, the SHAP summary plot results indicate that high 
light intensity (red) consistently induces positive SHAP, leading to increased power 
generation with increasing light intensity. Meanwhile, low light intensity (blue) induces 
negative SHAP, reflecting the direct physical behavior of solar cells. Similar to 
temperature, which has both positive and negative effects depending on the 
temperature, this suggests that high temperatures may reduce panel efficiency, but 
moderate temperatures can support power generation. The distribution of SHAP 
effects is broader, though not as pronounced as solar radiation. Furthermore, the SHAP 
distribution of Pred.irr_TFT is more consistent and has a higher influence on the model 
than that of Pred.irr_LSTM. This suggests that using TFT-lite predicted irradiance values 
can accurately and continuously capture solar radiation patterns, enabling power 
generation forecasting models to better understand causal relationships, not just 
statistical ones. Using SHAP summary plots not only demonstrates numerical 
significance but also provides a systematic and detailed understanding of the 
mechanisms and physical effects of input variables on power generation. 

In summary, the analysis confirms that solar irradiance is the 
primary factor driving the fluctuations in power generation from solar panels. Although 
temperature plays a secondary role, it remains an important variable for model 
performance. These results can support feature selection to enhance both the 
efficiency and interpretability of the forecasting models. Furthermore, the comparison 
between the correlation heatmap using predicted irradiance and predicted 
temperature from the LSTM model as inputs and the SHAP analysis combined with 
the correlation heatmap using predictions from both the LSTM and TFT-lite models as 
inputs indicates that both input sets are suitable for power generation forecasting. 
Consequently, both datasets were utilized as inputs for subsequent forecasting, and 
their results will be compared in the following step. 
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5.2.3.2 Forecasting Results of PV Power Generator  

Since this is a one-day PV energy forecast, the results are 
presented in three seasons: summer, rainy season, and winter. A comparison is made 
between the actual power output and the forecast power output of the five models 
mentioned above. Furthermore, the results are compared with the persistence model, 
a basic model that uses previous power generation values as a forecast baseline to 
assess efficiency and clearly demonstrate the model's ability to adapt to seasonal 
variation. 

Figures 5.8 and 5.9 show the comparison between actual and 
forecasted power outputs for the five models, based on datasets containing predicted 
irradiance and temperature from the LSTM&TFT and LSTM&LSTM models, respectively. 
The results are presented for the three seasons: summer (a), rainy (b), and winter (c). 

 
(a) 

 
(b) 
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(c) 

Figure 5.8 Comparison of day-ahead solar power forecasting of the LSTM&TFT  

              models: (a) summer season (b) rainy season and (c) winter season 

 
(a) 

 
(b) 
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(c) 

Figure 5.9 Comparison of day-ahead solar power forecasting of the LSTM&LSTM  

              models: (a) summer season (b) rainy season and (c) winter season 

Based on the validation metrics obtained from comparing the 
predicted and actual power outputs, the results of both test sets are shown in Table 
5.3 and Table 5.4, respectively, showing the RMSE, MAE, WMAPE, and R2 values. From 
the analysis of the results in Table 5.3, the RF method is 67.61 kW, 52.49 kW, 3.10%, 
and 0.99, respectively, which is the best forecasting method among the five methods 
for summer considering the four validation factors. In contrast, in the LSTM&LSTM 
dataset from Table 5.4, the Bi-LSTM method is the best forecasting method among the 
five methods, with the values of 59.13 kW, 49.79 kW, 2.94%, and 0.99, respectively. 
The same is true in the rainy season, with the values of 95.55 kW, 78.48 kW, 4.72%, 
and 0.98, respectively. However, for the dataset in Table 5.3, the RF forecasting results 
are the best in the rainy season, which are 123.01 kW, 106.02 kW, 6.38%, and 0.96, 
respectively. In contrast, for the first winter dataset, the best prediction method was 
LSTM with values of 110.94 kW, 81.53 kW, 5.50%, and 0.98, respectively, and for the 
next dataset, the GRU method had relatively accurate values of 114.99 kW, 80.61 kW, 
5.44%, and 0.98, respectively. 

Furthermore, experimental results show that the persistence 
model exhibits significantly higher errors across all seasons, while the proposed model 
consistently yields lower RMSE and WMAPE values and higher R2 values. This 
demonstrates superior performance compared to traditional forecasting methods. 



94 

Comparing the two-step framework with the one-step framework for forecasting power 
generation using an LSTM model, the error of the one-step LSTM is higher than that of 
the two-step LSTM for both datasets. This indicates that the two-step forecasting 
results are more accurate, clearly demonstrating the improvement achieved by the 
proposed two-step method. 
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Table 5.3 Forecasting results with dataset 1 from LSTM&TFT pre-forecasting models 
Model Summer season 

RMSE (kW) MAE (kW) WMAPE (%) R2 
LSTM* 191.33 172.66 10.19 0.95 

Persistence** 259.32 230 13.70 0.90 
LSTM** 97.27 75.53 4.46 0.99 

Bi-LSTM** 104.25 78.66 4.64 0.98 
GRU** 82.69 69.22 4.09 0.99 
RF** 67.61 52.49 3.10 0.99 

TFT-lite** 82.46 63.47 3.75 0.99 
Model Rainy season 

RMSE (kW) MAE (kW) WMAPE (%) R2 
LSTM* 230.67 205.99 12.39 0.86 

Persistence** 374.85 260.04 16.21 0.63 
LSTM** 164.91 143.82 8.65 0.93 

Bi-LSTM** 196.72 169.94 10.22 0.90 
GRU** 208.77 174.59 10.50 0.88 
RF** 123.01 106.02 6.38 0.96 

TFT-lite** 180.13 154.99 9.32 0.91 
Model Winter season 

RMSE (kW) MAE (kW) WMAPE (%) R2 
LSTM* 224.83 206.08 13.90 0.92 

Persistence** 254.5842 214.44 14.82 0.88 
LSTM** 110.94 81.53 5.50 0.98 

Bi-LSTM** 152.21 127.26 8.58 0.96 
GRU** 147.21 134.27 9.06 0.96 
RF** 130.98 106.02 7.15 0.97 

TFT-lite** 146.39 129.51 8.73 0.97 
Note: * Without pre-forecasting, **With pre- forecasting 

 



96 

Table 5.4 Forecasting results with dataset 2 from LSTM&LSTM pre-forecasting models 
Model Summer season 

RMSE (kW) MAE (kW) WMAPE (%) R2 
LSTM* 191.33 172.66 10.19 0.95 

Persistence** 259.32 230 13.70 0.90 
LSTM** 167.35 139.01 8.21 0.96 

Bi-LSTM** 59.13 49.79 2.94 0.99 
GRU** 132.27 111.28 6.57 0.97 
RF** 73.95 56.99 3.36 0.99 

TFT-lite** 116.02 81.89 4.83 0.98 
Model Rainy season 

RMSE (kW) MAE (kW) WMAPE (%) R2 
LSTM* 230.67 205.99 12.39 0.86 

Persistence** 374.85 260.04 16.21 0.63 
LSTM** 119.43 95.97 5.77 0.96 

Bi-LSTM** 95.55 78.48 4.72 0.98 
GRU** 183.19 138.67 8.34 0.91 
RF** 114.82 98.02 5.90 0.96 

TFT-lite** 106.90 87.27 5.25 0.97 
Model Winter season 

RMSE (kW) MAE (kW) WMAPE (%) R2 
LSTM* 224.83 206.08 13.90 0.92 

Persistence** 254.5842 214.44 14.82 0.88 
LSTM** 163.07 144.89 9.77 0.96 

Bi-LSTM** 114.42 94.08 6.34 0.98 
GRU** 114.99 80.61 5.44 0.98 
RF** 139.10 116.60 7.86 0.97 

TFT-lite** 160.38 135.48 9.14 0.96 
Note: * Without pre-forecasting, **With pre- forecasting 
 



97 

In addition, the evaluation results using mean error, SD, and CI 
showed that model performance differed significantly across seasons, reflecting both 
model accuracy and stability. Considering the width of the CI range as statistical 
evidence, these results can be summarized in Tables 5.5 and 5.6 The analysis of the 
results showed that in summer, the first dataset showed the most stable RF with 
narrow SD and CI values, while the second dataset, Bi-LSTM, had the lowest error and 
the narrowest CI range among all models. This is consistent with the fact that summer 
has a relatively uniform solar radiation pattern, allowing the Bi-LSTM temporal model 
that learns both past and future directions to perform best. In the rainy season, both 
datasets exhibited the widest CI, reflecting the fluctuations in cloud and rainfall that 
result in high data uncertainty. The RF model showed good stability on the first dataset 
due to its tree-based structure that copes well with nonlinearity from sudden changes. 
However, as data quality improved on the second dataset, Bi-LSTM emerged as the 
most stable model, indicating that its bidirectional temporal learning capability 
significantly mitigates the impact of intra-rainy season variability. While in winter, SD 
and CI values are moderate compared to other seasons, indicating that the data 
fluctuate less but are not as consistent as in summer. The first dataset shows that 
several models have similar performance, with the LSTM model having the lowest 
mean error and narrower CI than the other models. Meanwhile, in the second dataset, 
the GRU model has a lower mean error and narrower CI than the other models, 
reflecting that the gated recurrent model can handle data patterns with mixed 
seasonality and moderate variation more efficiently. The results for each season can 
be summarized as in Table 5.7 
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Table 5.5 Accuracy and stability of LSTM&TFT pre-forecasting models with dataset 2      
   under difference seasons 

Model Summer season 
ME (kW) SD (kW) CI Lower 

(kW) 
CI Upper 

(kW) 
CI Width 

(kW) 
LSTM 33.75 56.18 17.69 49.81 32.12 

Bi-LSTM 35.15 60.82 17.76 52.53 34.78 
GRU 30.93 46.30 17.69 44.17 26.47 
RF 23.45 39.05 12.29 34.62 22.33 

TFT-lite 31.78 58.93 14.93 48.62 33.69 
Model Rainy season 

ME (kW) SD (kW) CI Lower 
(kW) 

CI Upper 
(kW) 

CI Width 
(kW) 

LSTM 64.26 90.53 38.38 90.14 51.77 
Bi-LSTM 75.93 108.52 44.91 106.96 62.05 

GRU 78.01 116.96 44.57 111.45 66.88 
RF 47.37 67.93 27.95 66.79 38.84 

TFT-lite 53.87 76.44 32.01 75.72 43.71 
Model Winter season 

ME (kW) SD (kW) CI Lower 
(kW) 

CI Upper 
(kW) 

CI Width 
(kW) 

LSTM 36.43 65.29 17.76 55.09 37.33 
Bi-LSTM 56.86 85.28 32.48 81.24 48.76 

GRU 59.99 78.84 37.45 82.53 45.08 
RF 47.37 74.43 26.09 68.65 42.56 

TFT-lite 55.50 86.63 30.73 80.27 49.53 
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Table 5.6 Accuracy and stability of LSTM&LSTM pre-forecasting models with dataset 1  
   under difference seasons 

Model Summer season 
ME (kW) SD (kW) CI Lower 

(kW) 
CI Upper 

(kW) 
CI Width 

(kW) 
LSTM 62.11 94.06 35.22 89.00 53.78 

Bi-LSTM 22.25 33.02 12.81 31.69 18.88 
GRU 49.72 73.90 28.59 70.85 42.25 
RF 25.46 42.82 13.22 37.71 24.49 

TFT-lite 36.59 69.12 16.83 56.35 39.52 
Model Rainy season 

ME (kW) SD (kW) CI Lower 
(kW) 

CI Upper 
(kW) 

CI Width 
(kW) 

LSTM 42.88 68.06 23.42 62.34 38.92 
Bi-LSTM 35.07 53.96 19.64 50.49 30.85 

GRU 61.96 106.76 31.44 92.48 61.05 
RF 43.80 63.71 25.58 62.01 36.43 

TFT-lite 38.99 60.52 21.69 56.30 34.61 
Model Winter season 

ME (kW) SD (kW) CI Lower 
(kW) 

CI Upper 
(kW) 

CI Width 
(kW) 

LSTM 64.74 88.64 39.40 90.08 50.69 
Bi-LSTM 42.03 64.58 23.57 60.50 36.93 

GRU 36.02 68.63 16.40 55.64 39.24 
RF 52.10 77.84 29.84 74.35 44.51 

TFT-lite 60.53 89.44 34.96 86.10 51.14 
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Table 5.7 Best forecasting models of year 2023 data 
Models Best Model 

Pre-forecast data 1 
 (LSTM&TFT)  

Pre-forecast data 2 
(LSTM&LSTM) 

Summer RF Bi-LSTM 
Rainy RF Bi-LSTM 
Winter LSTM GRU 

 

Table 5.8 Runtime of PV forecasting models 
Model Time (s) 

Pre-forecast data 1 
 (LSTM&TFT)  

Pre-forecast data 2 
(LSTM&LSTM) 

LSTM 134.07 163.57 
Bi-LSTM 182.18 100.68 

GRU 113.73 80.17 
RF 6.27 5.94 

TFT-lite 602.94 620.59 
 

However, the processing time ranking, as shown in Table 5.8, 
indicates that for the first dataset, the models with the shortest computation times are 
RF, GRU, LSTM, Bi-LSTM, and TFT-lite, with times of 6.27 s, 113.73 s, 134.07 s, 182.18 s, 
and 602.94 s, respectively. For the second dataset, the models are ranked according 
to increasing processing time as RF, GRU, Bi-LSTM, LSTM, and TFT-lite, with times of 
5.94 s, 80.17 s, 100.68 s, 163.67 s, and 620.59 s, respectively. These results are 
consistent with the theoretical expectations described above. 

The simulation results indicate that each model has different 
strengths depending on the data characteristics at each time period. RF and Bi-LSTM 
perform well for summer power generation forecasting because during summer, 
weather changes lead to consistent power generation capacity. This results in 
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continuous and less fluctuating data for model training. The model can efficiently learn 
the relationships between these features. 

Similarly, during the rainy season, RF and Bi-LSTM perform best. 
Due to the uncertain data characteristics and rapid power generation capacity changes, 
RF can effectively handle the uncertainty and capture non-hierarchical patterns. Bi-
LSTM, on the other hand, utilizes historical and forward data, enabling it to learn 
temporal correlation patterns and reduce errors. In contrast, for winter, the most 
suitable models are LSTM and GRU. This is because power generation is influenced by 
many factors, such as shorter daylight hours, low temperature, and high humidity, 
leading to complex and rapidly changing data characteristics. LSTM and GRU models, 
which are hierarchical neural networks, can efficiently capture the hierarchy of data 
and learn the relationships between multiple variables. GRU, with its simpler structure, 
is therefore faster to train. When comparing the error values between the two data 
sets, the pre-forecast data set 2 (LSTM and LSTM) provides more accurate forecasting 
results. This observation clearly indicates that the quality of irradiance and 
temperature data forecasted in the first step directly affects the accuracy of the power 
generation forecast, both in terms of error level and consistency of the forecast over 
time. Furthermore, the causes of power generation forecast errors may arise from 
missing data for some of the forecasts and environmental factors that may directly 
affect the efficiency of the solar panels. 

5.2.3.3 Discussion 

Overall, the analysis results reflect the fundamental 
characteristic of FPV systems: power generation is still primarily dependent on solar 
radiation intensity. While temperature plays a role in panel efficiency, it is not the most 
significant predictor of fluctuations. This trend is evident in both the correlation 
heatmap and the SHAP absolute average, which are consistent, even though the two 
approaches approach the data from different perspectives. A heatmap describes a 
linear relationship, while SHAP reflects the non-linear influence of inputs on model 
decisions, further validating the link between weather conditions and power 
generation. Considering both approaches together, there is a strong consensus that 
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irradiance significantly influences power generation. Even when the correlation is lower 
than SHAP, this suggests that the relationship may be non-linear, such as short-term 
extreme highs or lows caused by cloud movement. This is consistent with the actual 
behavior of FPV.  

Although the SHAP analysis in the first step indicated that the 
irradiance forecast from TFT-lite exhibits a signal quality that is consistent with physical 
laws and more consistent than LSTM, experimental results show that using LSTM 
irradiance forecasts results in more accurate power generation forecasts in the second 
step, across multiple time periods and seasons. This point reflects the specific nature 
of two-stage forecasting systems, where the outcome depends not only on the 
accuracy of the first-stage model but also on the error structure and the compatibility 
between the errors of the two models. 

Considering the seasonal results, the model accuracy clearly 
reflects the data characteristics. Summer has a constant irradiance, which makes RF 
and Bi-LSTM perform well due to the relatively uniform weather conditions, making it 
easy for the model to learn the relationship between variables. Meanwhile, the rainy 
season has high volatility and uncertainty. Therefore, RF, with its flexible structure, still 
has advantages in handling uncertainty and non-order patterns. Bi-LSTM can learn the 
temporal order and the backward-forward pattern, thus reducing the error better than 
other models. Winter is the most complex case because it is affected by many factors 
simultaneously. Therefore, sequential models such as LSTM and GRU can well capture 
the temporal order and the relationship between multiple variables. GRU trains faster 
and is suitable for small data sets. From the results, it can be technically interpreted 
that RNN models, including LSTM, Bi-LSTM, and GRU, are naturally suitable for data 
with a temporal structure. Bi-LSTM, in particular, can use information in both backward 
and forward directions, which supports volatile data and reduces the error better than 
other models. Meanwhile, RF, which does not rely on a temporal structure, can handle 
highly volatile or irregular data well, thus performing highly well in both summer and 
rainy seasons, although it cannot learn the temporal association like RNN-based 
models. TFT-lite, although highly accurate, comes at the cost of time and computing 



103 

resources. This makes it suitable for applications requiring high accuracy and sufficient 
resources. 

A comparison of two pre-forecast datasets confirms that the 
quality of the first-stage irradiance and temperature forecasts directly affects the 
second-stage power generation, both in terms of error magnitude and signal continuity. 
Errors often arise from missing data or meteorological errors, particularly the May data 
outage, which resulted in an unusually low MAE. This suggests that model estimates 
may be distorted by data quality rather than the actual model capability if 
preprocessing is not carefully examined. 

In summary, the results of this discussion clearly indicate that 
power generation forecasting cannot be solely based on model accuracy. It must also 
be considered systematically, encompassing the quality of the forecast inputs, internal 
model mechanisms, seasonal variations, and the spatial and environmental constraints 
of the FPV system. However, since all data are from a single site, this approach may 
require parameter adjustments or additional variable selection when applied to other 
areas with varying climates, cloud patterns, and radiation angles. These findings 
contribute to a more comprehensive physical and data-driven understanding of the 
system, which is beneficial for smart power system planning, such as load 
management, real-time power mix control, and backup power management in 
dynamic real-world environments. 
 

5.3 Case 2: Base case (Delete Missing Data)  
This case demonstrates one method of data management by removing missing 

values from the dataset and considering only the periods with complete data, which 
are defined as the baseline reference case. This results in 5,700 complete cells, as 
shown in Figure 5.10. 
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Figure 5.10 Power output data for the year 2023 after delete missing data 

 
To illustrate the characteristics of the prepared dataset, Figure 5.11 presents a 

three-dimensional surface plot of solar power generation capacity in 2023. The X-axis 
represents the time step within a day, the Y-axis represents the day of the year, and 
the Z-axis represents the power output in kilowatts (kW), which is used as the target 
data for forecasting. 

 

 
Figure 5.11 Three-dimensional visualization of solar power output in 2023 after  

                delete missing data 
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Figure 5.11 shows the electricity production pattern of solar cell systems 
throughout 2023. Some data was processed using the Deleted Data method (removing 
missing data). Overall, the pattern of increasing production in the morning (peaking at 
midday) and decreasing in the afternoon-evening, as well as seasonal changes with 
peaks concentrated in the middle of the year, is still visible. However, data deletion 
creates temporal discontinuities, appearing as gaps or breaks in the graph surface, 
which reduces the completeness of the data sequence and causes the observation of 
short-term fluctuations (such as cloud cover) to be lost or incomplete. 

After data cleaning, the data was analyzed using the methods previously 
described in the previous chapter, and light intensity and temperature were forecasted 
using LSTM and TFT-lite models, respectively. MAE of the monthly light intensity and 
temperature forecasts are shown in Figures 5.12 and 5.13, respectively, displaying the 
results in two parts: light intensity and temperature, respectively. 

 

 
Figure 5.12 MAE of environmental factor forecasts using the LSTM 
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Figure 5.13 MAE of environmental factor forecasts using the TFT-lite 

 

Analysis of the LSTM model results revealed that the MAE for solar irradiance 
forecast showed significant monthly variability. Some months at the beginning and end 
of the year exhibited high MAE values, particularly December, which had the highest 
MAE and a wider distribution of errors, reflecting the uncertainty of winter weather. 
May showed MAE values near zero, likely due to missing data rather than the model's 
actual performance. This trend mirrored the TFT-lite model, but with a narrower 
distribution of errors over several months, reflecting TFT-lite's ability to manage 
complex temporal relationships and its focus on relevant variables. However, 
December still showed a significantly high MAE, similar to the LSTM, indicating that 
weather volatility is a natural limitation of the data rather than a limitation of the 
model structure. 

For temperature forecasting, the LSTM model mostly yielded MAE values in 
the range of approximately 3–6°C and exhibited significantly higher uniformity than the 
irradiance forecast. However, January and June showed significantly higher MAE values, 
reflecting the model's limitations in handling sudden temperature changes. Similarly, 
the TFT-lite model showed MAE values in the range of approximately 3–8°C with 
uniformity over several months. However, significantly higher MAE values were found 
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in June and December compared to other periods, consistent with periods of rapid 
temperature change. Nevertheless, the TFT-lite model demonstrated a greater ability 
to reduce error distribution in certain months compared to the LSTM. The consistency 
of results from both models supports the suitability of using LSTM or TFT-lite for 
forecasting environmental factors as the first step of a two-stage forecasting framework 
for FPV system power generation. 

Before using the solar irradiance and temperature forecasts from the LSTM and 
TFT-lite models as input variables for power generation forecasting, statistical 
correlation and significance analyses of the variables were performed using correlation 
analysis and SHAP to evaluate the suitability of the variables used in the two-stage 
forecasting framework, as shown in Figures 5.14 and 5.15, respectively. 

 

 
Figure 5.14 The parameters correlation matrix after SHAP process 
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Figure 5.15 SHAP values impact on model output 

 
The correlation analysis revealed that the variable Pred.irr_TFT had the highest 

correlation coefficient (r ≈ 0.85), followed by Pred.temp_LSTM and Pred.temp_TFT (r 
≈ 0.83) and Pred.irr_LSTM (r ≈ 0.75). These results indicate that both temperature and 
solar irradiance, as predicted, are directly related to power generation, especially the 
irradiance from the TFT-lite model, which statistically reflects the behavior of the 
power generation system most clearly. 

The SHAP analysis further enhances the descriptive understanding of the 
model. From the mean (|SHAP value|), Pred.irr_TFT was found to be the variable with 
the greatest influence on the power generation forecast, followed by Pred.temp_LSTM 
and Pred.temp_TFT, respectively. Pred.irr_LSTM had less influence compared to other 
variables, which is consistent with the previous correlation analysis results. 

Furthermore, the distribution of SHAP values shows that... High solar irradiance 
tends to have a clearly positive impact on power generation, while temperature has 
both positive and negative effects depending on the temperature range. This reflects 
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the actual behavior of solar cell systems, where efficiency decreases when the 
temperature exceeds the optimal range. 

In summary, the correlation and SHAP analysis results confirm that the variables 
obtained from forecasting with LSTM and TFT-lite are significantly correlated with 
power generation and influence the model results at different levels. This analysis 
helps reduce the risk of selecting inappropriate variables and supports the accuracy of 
using the forecasted environmental factors as input variables in the next step. 

For power generation forecasting, the same model as above was used, 
employing four validation factors: RMSE, MAE, WMAPE, and R-squared, under seasonal 
data divisions: summer, rainy season, and winter. The results of both test sets are 
shown in Tables 5.9 and 5.10, respectively. 
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Table 5.9 Forecasting results with dataset 1 from LSTM&TFT pre-forecasting models 
Model Summer season 

RMSE (kW) MAE (kW) WMAPE (%) R2 
LSTM 135.28 118.04 6.97 0.97 

Bi-LSTM 122.68 109.34 6.45 0.98 
GRU 142.25 116.93 6.90 0.97 
RF 55.61 42.53 2.51 1.00 

TFT-lite 254.08 190.18 11.23 0.90 
Model Rainy season 

RMSE (kW) MAE (kW) WMAPE (%) R2 
LSTM 206.86 181.30 10.90 0.88 

Bi-LSTM 173.15 146.79 8.83 0.92 
GRU 197.94 179.49 10.79 0.89 
RF 115.21 96.68 5.81 0.96 

TFT-lite 226.61 173.99 10.46 0.86 
Model Winter season 

RMSE (kW) MAE (kW) WMAPE (%) R2 
LSTM 153.84 125.08 8.44 0.96 

Bi-LSTM 185.27 151.50 10.22 0.94 
GRU 150.24 119.58 8.06 0.96 
RF 86.38 70.28 4.74 0.99 

TFT-lite 158.06 137.51 9.27 0.96 
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Table 5.10 Forecasting results with dataset 2 from LSTM&LSTM pre-forecasting models 
Model Summer season 

RMSE (kW) MAE (kW) WMAPE (%) R2 
LSTM 103.96 77.49 4.57% 0.98 

Bi-LSTM 91.85 74.92 4.42% 0.99 
GRU 112.55 96.25 5.68% 0.98 
RF 49.89 38.61 2.28% 1.00 

TFT-lite 159.97 106.03 6.26% 0.96 
Model Rainy season 

RMSE (kW) MAE (kW) WMAPE (%) R2 
LSTM 109.89 86.01 5.17% 0.97 

Bi-LSTM 119.51 98.74 5.94% 0.96 
GRU 190.20 172.38 10.37% 0.90 
RF 136.63 110.15 6.62% 0.95 

TFT-lite 155.45 131.72 7.92% 0.93 
Model Winter season 

RMSE (kW) MAE (kW) WMAPE (%) R2 
LSTM 139.10 120.24 8.11% 0.97 

Bi-LSTM 144.21 103.92 7.01% 0.97 
GRU 183.47 167.51 11.30% 0.95 
RF 87.70 68.05 4.59% 0.99 

TFT-lite 119.50 90.56 6.11% 0.98 
 
For power generation forecasting, the same model as above was used, 

employing four validation factors: RMSE, MAE, WMAPE, and R2, under seasonal data 
divisions: summer, rainy season, and winter. The results of both test sets are shown in 
Tables 5.9 and 5.10, respectively. 

For the summer season, Table 5.9 shows that the RF model provides the best 
forecasting results among the five methods, with RMSE, MAE, WMAPE, and R-squared 
values of 55.61 kW, 42.53 kW, 2.51%, and 1.00, respectively. This demonstrates RF's 
ability to handle data with low volatility and high continuity. Table 5.10, which uses 
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pre-forecast data from LSTM for both temperature and solar irradiance, shows that RF 
still provides the best results, with values of 49.89 kW, 38.61 kW, 2.28%, and 1.00, 
respectively. This reflects the significant impact of the quality of the initial forecasting 
data on error reduction. 

For the rainy season, which is a period with high uncertainty and volatility in 
the data, Table 5.9 shows that RF provides the best forecasting results, with values of 
115.21 kW, 96.68 kW, 5.81%, and 0.96, respectively. The Bi-LSTM model yields the 
second-best results, reflecting the fact that using environmental factors from the 
original data source directly results in RF's superior performance. Time-associated 
statistical models may be more robust to seasonal variations. However, considering 
the forecasting results from Table 5.10, the LSTM model showed the highest accuracy 
during the rainy season, with values of 109.89 kW, 86.01 kW, 5.17%, and 0.97, 
respectively. This is significantly better than the results from Table I, demonstrating 
that time-concordance (LSTM–LSTM) of solar irradiance and temperature data from 
the first step helps to mitigate the effects of seasonal variations. And it significantly 
improved the forecasting efficiency of electricity generation. 

In the winter season, Table 5.9 showed that RF was the best-performing model, 
with values of 86.38 kW, 70.28 kW, 4.74%, and 0.99, respectively, while LSTM and GRU 
gave similar results. However, Table 5.10 showed that RF still provided the best 
forecasting results, with values of 87.70 kW, 68.05 kW, 4.59%, and 0.99, respectively. 
This reflects that in winter, when the data is influenced by many environmental factors, 
RF can efficiently manage nonlinear relationships. 

However, the ranking of processing time from Table 5.11 shows that RF is the 
model that takes the least time among the two datasets, at only about 5–6 seconds. 
This is followed by LSTM, Bi-LSTM, and GRU, respectively, while TFT-lite takes the 
longest time, more than 500 seconds in both cases. This is consistent with the theory 
that transformer models have a complex structure and require higher computational 
resources. 
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Table 5.11 Runtime of PV forecasting models 
Model Time (s) 

Pre-forecast data 1 
 (LSTM&TFT)  

Pre-forecast data 2 
(LSTM&LSTM) 

LSTM 83.84 86.64 
Bi-LSTM 86.54 181.26 

GRU 113.47 90.34 
RF 5 5.08 

TFT-lite 503.99 564.54 
 
Furthermore, the outstanding forecasting performance of RF in multiple 

seasons is due to the characteristics of the data used in this case. This involves 
managing missing data by removing incomplete information, which can cause temporal 
discontinuities in the dataset. This results in more stable forecasting for time-sequence-
independent models such as RF, while time-sequence models like LSTM and Bi-LSTM 
may be affected by such data continuity loss, particularly during the highly volatile 
rainy season. This reflects the fact that managing missing data plays a crucial role in 
the performance of power generation forecasting. 
 

5.4 Conclusion 
This chapter presents an evaluation of the performance of solar power 

generation forecasting models, building upon the analysis and results conducted in 
the previous chapter. The model assesses the use of missing data from different real-
world systems, comparing both accuracy and processing time. The analysis shows that 
power generation forecasting cannot be considered solely based on model accuracy 
but requires a systemic approach encompassing data management, the quality of 
forecasted inputs, the model's internal mechanisms, seasonal variability, and spatial 
and environmental constraints specific to floating PV systems. However, since all data 
comes from a single site, this method may require parameter adjustments or the 
selection of additional variables when applied to different areas with varying climates, 
cloud patterns, and radiation angles. 
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In summary, this chapter demonstrates that data quality management 
combined with model selection tailored to the data structure plays a crucial role in 
accuracy, efficiency, and application suitability, forming a fundamental basis for the 
conclusions and recommendations in the next chapter. 
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CHAPTER VI 
CONCLUSION 

 
6.1 Conclusion 

This thesis presents an in-depth study of forecasting electricity generation from 
FPV systems at Suranaree University of Technology under conditions of incomplete 
data and seasonal fluctuations. The main objective is to develop and evaluate a two-
stage forecasting framework for a case study of a university-level electricity generation 
system with campus-based load characteristics and site-specific usage conditions. 

In the first stage, the thesis focused on managing data quality and forecasting 
environmental factors, namely solar irradiance and temperature, using time-sequence 
models such as LSTM and TFT-lite. Experimental results showed that LSTM provided 
more accurate and stable forecasting results, especially in the case of temperature, 
which has lower temporal continuity and fluctuations than solar irradiance. Therefore, 
the results from the first stage are suitable for use as input in the next stage.  

For managing real-world system data, missing data and curtailment were 
observed. This thesis therefore employed data management methods considering the 
filling of missing values and the removal of incomplete data from the dataset, which 
reduced the amount of data and temporal discontinuity, as well as considering 
curtailment data. However, the analysis results indicate that this approach helps 
reduce errors caused by estimates and makes model learning clearer in some cases. 

In the second step, the light intensity and temperature forecasts from the first 
step were used as input for power generation forecasting. The performances of LSTM, 
Bi-LSTM, GRU, RF, and TFT-lite models, as well as the Persistence basic model, was 
compared as a benchmark. Experimental results show that power generation 
forecasting cannot be considered solely based on model accuracy but must be viewed 
systemically, encompassing data management, the quality of the forecasted inputs, 
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the model's internal mechanisms, seasonal variance, and the actual operating 
conditions of the system. This case study primarily reflects a campus-level application. 

Furthermore, descriptive analysis using correlation analysis and SHAP confirms 
the crucial role of solar intensity and temperature in determining power generation 
and enhances the interpretability of the model results, which is a key issue for practical 
application in real energy systems. 

However, since the data used in this study comes from a single-site production 
source and is a case-specific testing system, it cannot be directly generalized to the 
utility level. The application to other areas or systems should consider additional 
factors such as load structure at the electrical system level, feeder conditions, 
abnormal events, or disasters that may affect production and power supply, as well 
as adjusting parameters and model structures to fit the context of the target system 
before actual implementation. 

Overall, this research achieves its objectives by demonstrating that data quality 
management combined with model selection appropriate to the data structure and 
seasonal conditions significantly impacts the accuracy and efficiency of campus-level 
FPV power generation forecasting. This can serve as a starting point for further 
development in other system contexts. 

 

6.2 Suggestions 
This thesis demonstrates the potential benefits of using a two-stage forecasting 

framework for application to floating solar power systems in Thailand, a country 
experiencing continuous growth in renewable energy. However, some limitations 
should be considered in further study to improve accuracy, stability, and practical 
applicability in the future. In particular, there are issues related to managing missing 
and limited data sets that may affect temporal continuity and the overall data 
structure. Furthermore, model recalibration is necessary when applied to areas with 
varying climates, cloud patterns, or installation conditions. 

Additionally, when applied to utility-scale power systems, the model should 
be improved to reflect real-world system conditions, particularly by incorporating 
variables or features related to load behavior, power system structure, feeder 
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conditions, system anomalies, and environmental or disaster factors that may impact 
power generation and distribution. 

This research utilizes single-site data, which may limit the ability to draw 
conclusions and apply to floating solar power systems in different spatial contexts. 
Nevertheless, the results of this study can serve as a guideline to support energy 
planners, power system operators, and power plant managers in making practical 
decisions, real-time power generation monitoring, and future load management. 
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APPENDIX A 
Solar cell datasheet 

 

 
(a) 
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(b) 

Figure A.1 Solar panel specification (data sheet) used in this study 
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APPENDIX B 
Environmental Correlation with Solar Power Output Based on 

Linear Interpolation 
 

 
Figure B.1 Environmental correlation with solar power output - January 2023 

 
Figure B.2 Environmental correlation with solar power output - February 2023 

 
Figure B.3 Environmental correlation with solar power output - March 2023 

 
Figure B.4 Environmental correlation with solar power output - April 2023 
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Figure B.5 Environmental correlation with solar power output - May 2023 

 
Figure B.6 Environmental correlation with solar power output - June 2023 

 
Figure B.7 Environmental correlation with solar power output - July 2023 

 
Figure B.8 Environmental correlation with solar power output - August 2023 
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Figure B.9 Environmental correlation with solar power output - September 2023 

 
Figure B.10 Environmental correlation with solar power output – October 2023 

 
Figure B.11 Environmental correlation with solar power output – November 2023 

 
Figure B.12 Environmental correlation with solar power output – December 2023 
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APPENDIX C 
Evaluation Results for KNN Imputation Parameters  

 

Table C.1 Comparison of KNN Imputation Performance Across K Values 
KNN 

Imputer 
Error Metrics Normalized Metrics Composite 

Score MSE 
(kW2) 

RMSE 
(kW) 

MAE 
(kW) 

MAPE 
(%) 

MSE 
(kW2) 

RMSE 
(kW) 

MAE 
(kW) 

MAPE 
(%) 

1 247137.63 497.13 356.22 48.15 1.000 1.000 1.000 0.131 0.783 
2 213703.47 462.28 329.29 47.92 0.496 0.515 0.373 0.117 0.375 
3 205756.83 453.60 325.99 47.41 0.376 0.394 0.296 0.088 0.289 
4 192733.91 439.01 317.29 46.93 0.179 0.191 0.093 0.061 0.131 
5 193440.98 439.82 318.37 45.86 0.190 0.202 0.119 0.000 0.128 
6 191176.07 437.24 319.30 47.50 0.156 0.167 0.140 0.093 0.139 
7 185050.12 430.17 316.61 48.80 0.063 0.068 0.078 0.168 0.094 
8 182136.27 426.77 313.37 49.78 0.019 0.021 0.002 0.223 0.066 
9 182489.25 427.19 313.28 49.51 0.025 0.027 0.000 0.208 0.065 
10 180856.18 425.27 313.28 50.21 0.000 0.000 0.000 0.248 0.062 
11 182676.52 427.41 314.16 50.95 0.027 0.030 0.020 0.290 0.092 
12 183632.75 428.52 313.50 51.73 0.042 0.045 0.005 0.334 0.107 
13 184262.34 429.26 315.46 51.97 0.051 0.055 0.051 0.348 0.126 
14 188142.06 433.75 319.44 52.40 0.110 0.118 0.144 0.372 0.186 
15 186245.86 431.56 318.21 52.66 0.081 0.088 0.115 0.387 0.168 
16 184762.38 429.84 316.78 53.09 0.059 0.064 0.082 0.412 0.154 
17 187352.20 432.84 319.73 54.15 0.098 0.105 0.150 0.473 0.207 
18 187602.19 433.13 321.60 54.95 0.102 0.109 0.194 0.518 0.231 
19 186504.11 431.86 320.51 55.01 0.085 0.092 0.168 0.521 0.217 
20 185949.87 431.22 320.46 55.24 0.077 0.083 0.167 0.534 0.215 
30 190235.39 436.16 323.37 56.17 0.142 0.152 0.235 0.588 0.279 
40 188538.09 434.21 320.73 56.47 0.116 0.124 0.174 0.604 0.255 
50 189285.68 435.07 320.60 57.41 0.127 0.136 0.170 0.658 0.273 
60 192038.22 438.22 323.56 58.92 0.169 0.180 0.240 0.744 0.333 
70 191911.58 438.08 323.40 60.26 0.167 0.178 0.236 0.820 0.350 
80 190994.01 437.03 322.64 61.52 0.153 0.164 0.218 0.892 0.357 
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Table C.1 Comparison of KNN Imputation Performance Across K Values 
KNN 

Imputer 
Error Metrics Normalized Metrics Composite 

Score MSE 
(kW2) 

RMSE 
(kW) 

MAE 
(kW) 

MAPE 
(%) 

MSE 
(kW2) 

RMSE 
(kW) 

MAE 
(kW) 

MAPE 
(%) 

90 191542.96 437.66 323.12 62.26 0.161 0.172 0.229 0.934 0.374 
100 190967.32 437.00 323.45 63.41 0.153 0.163 0.237 1.000 0.388 
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APPENDIX D 
Environmental Correlation with Solar Power Output Based on 

Clear-Sky and KNN Imputation 
 

 
Figure D.1 Environmental correlation with solar power output - January 2023 

 
Figure D.2 Environmental correlation with solar power output - February 2023 

 
Figure D.3 Environmental correlation with solar power output - March 2023 
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Figure D.4 Environmental correlation with solar power output - April 2023 

 
Figure D.5 Environmental correlation with solar power output - May 2023 

 
Figure D.6 Environmental correlation with solar power output - June 2023 

 
Figure D.7 Environmental correlation with solar power output - July 2023 
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Figure D.8 Environmental correlation with solar power output - August 2023 

 
Figure D.9 Environmental correlation with solar power output - September 2023 

 
Figure D.10 Environmental correlation with solar power output – October 2023 

 
Figure D.11 Environmental correlation with solar power output – November 2023 
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Figure D.12 Environmental correlation with solar power output – December 2023 
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