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A B S T R A C T

Solar energy plays a critical part in lowering CO2 emissions and other greenhouse gases when integrated into the 
grid. Higher solar energy penetration is hindered by its intermittency leading to reliability issues. To forecast 
solar energy production, this study suggests a three-step forecasting method that selects weather variables with a 
moderate to strong positive correlation to solar radiation using Pearson correlation coefficient analysis. Low- 
level data fusion is used to combine weather inputs from a reliable local weather station and an on-site 
weather station, significantly improving the forecasting model’s accuracy regardless of the machine learning 
method used. Weather data was obtained from the Kisanhub Weather Station located in Cranfield University, UK 
and the meteorological station in Bedford, UK. In addition, PV power supply data was obtained from four solar 
plants. Using the Regression Learner app in MATLAB, the proposed architecture is tested on a utility scale solar 
plant (1 MW), showing a 6% and 13% prediction accuracy improvement when compared to solely using data 
from the on-site and local weather station respectively. It is further validated using data from three residential 
rooftop solar systems (8 kW, 10.5 kW and 15 kW), achieving root-mean square values of 0.0984, 0.0885, and 
0.1425 respectively. The data was pre-processed using both rescaling and list-wise deletion methods. Training 
and testing data from the 1 MW solar plant was divided into 75% and 25% respectively, while 100% of the 
residential rooftop solar plants was used for validation.

Introduction

The intermittency of grid-connected renewable energy sources (RES) 
like solar energy negatively impacts grid reliability, presenting a major 
challenge to grid managers because energy supply does not always 
match up with demand [1,2]. To combat this problem, accurate solar 
forecasting is critical to its integration into the grid.

Solar forecasting involves gathering and analyzing data to predict 
future solar irradiance or solar power [3]. Data can be historical or in 
real-time, and can be provided by weather stations, remote sensing 
(satellite imaging) and so on.

When choosing an overall solar forecasting strategy or approach, 
there are six main factors to consider. These include the input or raw 
data’s source and format, how the data is pre-processed, data mapping 
or the forecasting architecture, the forecasting method, the desired 
output or targeted outcome, and the forecasting time frame.

The first factor deals with the type of weather data, categorized into 
historical, real-time, and forecast data. In addition, the data source is 

also important. The data source refers to where all data values used in 
the model are obtained from. Example of data sources include on-site 
and local weather outposts, or even software generated data sources 
like MATLAB.

The second factor revolves around how the raw data is cleaned or 
pre-processed. Data pre-processing involves operations and techniques 
that change raw data into quality input data for analysis to obtain a 
meaningful output [4]. Data pre-processing is critical for effective model 
performance [5].

The third factor is an architecture that describes the relationship 
between input variables and output variables [3]. The strength of the 
prediction model is reliant on the correlation of input variable(s) to the 
output [6].

The fourth factor is the forecasting method. Solar forecasting 
methods are the engine room and refer exclusively to the process of 
converting the input (predictors) into output (response). The forecasting 
architecture mentioned above may use or combine one or more 
methods. These methods are classified into physical and statistical (or 
non-physical) methods. Physical methods predict outputs like solar 
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irradiation by using numerical weather predictions (NWP) models with 
weather variable inputs like temperature, relative humidity, cloud cover 
and so on [7,8]. Statistical methods depend purely on historical and/or 
real-time data to arrive at predicted variable(s) that have a linear cor
relation with the data over the same time frame. Hybrid models, which 
offer a higher predicting accuracy, can be created by combining several 
methods or forecasting algorithms.

The fifth factor is the predicted or output variable, which categorizes 
forecasting into direct (solar power generated) or indirect (solar irra
diance) [6]. Direct forecasting involves forecasting the PV power output 
directly [9]. Indirect forecasting predicts the solar irradiation first 
before estimating the PV output using mathematical formulas that de
scribes the specific system under consideration. The solar power and the 
PV generated refer to the same measure.

The last factor is the forecasting time horizon or timescale. This is the 
time frame from the present into the future for which an outcome is 
predicted. Forecasting time horizons are classified into intra-hour or 
very short-term (5 mins to 60 mins), short-term (1 hour to 6 hours), 
medium-term (1 day to several days), long-term (week(s) to a year or 
more). Each of the time horizons is suitable for specific applications. For 
example, very short-term forecasting is used to achieve responsive 
control for RE power plants, market clearing, real-time dispatch, and 
load tracking. Short-term forecasting is used to schedule energy flow 
from power sources, load-following, and initiating back-up storage. 

Medium-term forecasting is used for congestion management, market 
trading and price settlement, predicting reserve requirements and load 
dispatch. Long-term forecasting is used for contingency analysis, oper
ation management, and resource and maintenance planning [7,10].

Based on the above considerations, several studies have developed 
varying approaches to forecast solar energy supply with an emphasis on 
a next day or 24-hour ahead (day-ahead) timescale. As mentioned, one 
of the key considerations is the data source and type. In Carrera et al. 
[11], the authors use a combination of forecast and historical weather 
data from a local weather station, in addition to historical PV generation 
and sun elevation. Minhas et al. [12] uses historical and forecast data 
from a local weather station and the historical PV data from the solar 
plant. Table 1 gives a summary of forecasting architecture for day-ahead 
PV generated predictions.

As can be seen by the summary given in Table 1, this study proposes a 
unique combination of historical photovoltaic (PV) data and historical 
weather data from both an on-site and local weather station to forecast 
the next-day PV supply. No other study has this data combination. This is 
significant for a few reasons. The first reason is that the combined sum of 
data from multiple relevant data sources is better and richer in infor
mation than data from a single source; obtaining more effective infor
mation and optimizing data combination [19]. The emphasis of the 
above statement is on “multiple” and “relevant” data because the higher 
the data quality, the higher the accuracy. While other studies use data 
from one weather station, this study combines data from two relevant 
independent sources (local and an on-site weather station) using low- 
level data fusion (LLDF). LLDF simply combines or concatenates 
several sources of raw data to produce a new single data sample [20].

The proposed forecasting architecture is a three-step process that 
predicts PV generation by selecting weather variables with moderate to 
strong positive correlations to solar radiation (SR) from the two weather 
stations mentioned above, combined with historical PV generation data 
obtained from a PV power plant, into machine learning (ML) algorithms 
from MATLAB’s regression learner app (RLA). Data is further pre- 
processed using List-wise deletion method (LWDM) and rescaling 
method (RM). SR is the most important predictor to solar power, or PV 
generated [11,21,22] hence its selection as the reference parameter. To 
validate this, temperature, which is also closely linked to PV generation 
[23] will be tested as a reference parameter. Additionally, the correla
tion between the input and output model variables has a significant 
impact on how well a forecasting model performs [6]. With the output 
variable being the PV generated, it is logical to choose inputs that have a 
strong correlation to PV generation. MATLAB’s RLA is a ML toolbox app 
used to train forecasting algorithms based on known output and input 
parameters. It selects the best performing out of more than twenty ML 
algorithms based on the lowest root mean square error (RMSE).

The aim of this study is to investigate the accuracy of the proposed 
approach and determine its adaptability to both commercial/utility and 
residential solar plants. Furthermore, the proposed model is bench
marked against other existing forecasting models that use Pearson 

Nomenclature

Abbreviations
ANFIS Adaptive Neuro Fuzzy Inference System
ANN Artificial Neural Network
ARMAX Autoregressive Moving Average with Exogenous Inputs
FCN Fully Convolutional Network
LLDF Low-level Data Fusion
LSTM Long Short-Term Memory
MAE Mean Absolute Error
ML Machine Learning
MSE Mean Squared Error
NWP Numerical Weather Predictions
PCA Principal Component Analysis
PCC Pearson Correlation Coefficient
PV Photovoltaic
RES Renewable Energy Sources
RLA Regression Learner App
RM Rescaling Method
RMSE Root Mean Square Error
SR Solar Radiation
SVM Support Vector Machine

Table 1 
Summary of day-ahead solar energy forecasting studies

Research Study Historical Observed Weather Data from 
Weather Station

Historical Forecast Weather 
Data

HistoricalObserved Weather Data On- 
Site

HistoricalObserved 
PV

This study ✓ ✓ ✓
Carrera et al. [11] ✓ ✓ ✓
Minhas et al. [12] ✓ ✓
Aghajani et al. 

[13]
✓ ✓

Manjarres et al. 
[14]

✓ ✓ ✓

Pawar et al. [15] ✓ ✓
Sangrody et al. 

[16]
✓ ✓

Pawar et al. [17] ✓ ✓
Feng and Yu [18] ✓
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Correlation Coefficient (PCC) analysis to select features for the fore
casting model. To achieve this, three forecasting scenarios with different 
data inputs are considered: (1) data pre-processed with PCC from on-site 
weather station, (2) data pre-processed with PCC from local weather 
station, (3) data from both stations that is combined using LLDF and pre- 
processed with PCC. In addition, the use of temperature as a reference 
parameter for feature selection and a comparison of the model without 
PCC is also analysed.

The main contribution of this paper is to assess the proposed three- 
step forecasting model by evaluating:

i. The ability of LLDF to combine multiple weather data sources to 
improve solar forecasting accuracy.

ii. The effect of using PCC versus not using PCC in predictor selec
tion for regression models.

iii. The performance of SR as a reference parameter for selecting 
predictors into learning algorithms.

iv. The performance of the proposed model in both residential and 
utility-scale solar applications.

The remainder of this paper in organized into five sections. Section 2 
provides a literature review, covering data types and sources, PCC-based 
models, and forecasting architectures. Section 3 gives a description of 
methods used. The proposed forecasting approach is discussed in Section 
4. Section 5 presents and discusses the results. Finally, Section 6 sum
marizes the conclusions, recommendations, and limitations of the study.

Literature review

The input data can be made up of either historical weather data 
(observed and/or forecast), real-time data, historical solar energy gen
eration data, or time of day data. While a few studies employ a uni
variate approach where only the historical PV generation is used [24- 
27], this research finds that most of the previous studies rely on two 
sources of data: the historical PV generation and some form of weather 
data [11-14,16,17,28-53]. This may be because multivariate approaches 
perform better than univariate [54]. Fewer studies use more than two 
data sources. This is important because data source is critical to the 
model performance [49]. In addition, not all site locations have access to 
both sets of data. Some sites only receive forecast data while others only 
have observed data.

A further dimension in evaluating the input weather data used is the 
weather data proximity to the generation plant. The solar energy pro
duction of a solar distributed system, solar farm or mini grid depends on 
the local weather conditions, particularly the SR of that specific location. 
In fact, no two PV systems show the same performance even if they are 
identically sized, due to the unique combination of meteorological pa
rameters tied to their geographical locations [6]. In other words, no two 
locations will have the same correlation of meteorological parameters 
and PV power generated. Despite the interdependence of local, regional, 
and global meteorological data, they all offer varying degrees of accu
racy. Most research studies use data from local or regional weather 
stations for their weather analyses. Although these data sources can be 
very accurate, it is not uncommon that a mismatch exists between them 
and exact data from the site. Access to an on-site weather station 
improves the quality of weather data [55]. Site-specific conditions that 
affect the weather but are not represented in local or regional weather 
data can be recorded by an on-site weather station. To get the most 
accurate result, it is best to pair data from a local weather station with 
data from an on-site weather station where the forecasting system is 
being deployed [55]. Other options are to exclusively use the data from 
the on-site weather station. For instance, [28] uses a rooftop PV station 
located at the solar array site to collect all the data used by the study. 
[29-32,56] are studies that also use this approach.

The use of observed weather data from a local or regional weather 
station tends to be more accurate than forecast data because they 

include more variables which may have a direct correlation to solar 
generation [49]. For example, Ngoc-Lan Huynh et al [33] use solar ra
diation and Pedregal et al. [34] use global horizontal irradiation as the 
only weather parameters inputs into their prediction models. Other 
studies take a multivariate weather approach. Rodríguez et al. [38] use 
pressure, humidity, and temperature in their forecast model. Thukral 
et al. [39] (air temperature, relative humidity, wind, solar radiation), 
Chen et al. [43] (relative humidity, temperature, global horizontal ra
diation), Korkmaz [36] (solar radiation, temperature, humidity) and 
several other studies [35,41,42,57-59] use this multivariate weather 
approach. Whether using one weather parameter or using several, 
observed data tends to be more accurate than forecast data. While this is 
good, using weather data from only one source can be problematic if the 
source is somehow compromised.

Iyengar et al. [44] uses historical forecast data as a primary predictor 
and represents another approach used by several studies [45-47]. This 
data approach has an advantage that is also its Achilles heel. Forecast 
data needs to be accurate to inspire confidence in the data by the general 
public, who are the core users. The drawback is that this data then tends 
to be more conservative due to concerns of inaccuracy and can be a bit 
vague by giving categorical variables instead of numerical variables. For 
example, the United Kingdom’s national Meteorological Office (the Met 
Office), gives a forecast in Bedford UK of <5% as the chance of pre
cipitation instead of the actual percentage figure. Another drawback as 
mentioned earlier is forecast data tend to have fewer weather parame
ters than observed data. In the same Bedford weather station, the Met 
office forecasts seven weather parameters as opposed to reporting 
twelve parameters as observed data.

Carrera et al. [11], Kim et al. [49], and Abedinia et al. [48] use a 
hybrid approach, incorporating forecast data with observed data. This 
method is more accurate [50] because it incorporates the advantages of 
both sources.

The use of PCC in selecting features for forecasting is a well- 
established technique. Nematirad and Pahwa [60] use PCC and SR as 
a reference parameter to select predictors from a meteorological data
base before passing the data into an artificial neural network with 
Bayesian optimization. The authors determined that PCC outperformed 
Principal Component Analysis (PCA) in the selection of features. A 
similar study, Rodriguez et al. [38] use a government database to obtain 
weather variables. Using PCC with reference to SR, SR was selected as 
the only input into the proposed Artificial Neural Network (ANN) model. 
Jebli et al. [23] use a similar model to the one proposed in this study. 
Meteorological inputs are pre-processed using PCC, data scaling (RM) 
and handling of missing data before being trained by four ML algorithms 
namely Linear Regression, Random Forest, Support Vector Regression 
and ANN. With weather data obtained from a regional database in 
Morocco, this forecasting approach is similar to Scenario 2 mentioned in 
Section 1.

In a review of forecasting architectures, Kim et al. [49] propose a 
two-stage architecture that uses an auxiliary model in the first stage to 
identify the relationship between forecast and auxiliary variables in the 
weather data. In the second stage, the model receives the output from 
the first to forecast the PV energy. This results in an improvement in the 
forecasting model accuracy. Kyliashkina et al. [50] suggest an alterna
tive strategy in which forecast data is adjusted using the observed data 
rather than the auxiliary variables. Abedinia et al. [48] selects both 
historical and forecast data for solar irradiation, weather temperature 
and cell temperature; three weather parameters with strong correlations 
to PV generation. However, local conditions specific to the site are not 
reflected in the forecast.

Looking at the previous studies including those listed in Table 1, it is 
clear to see that no study uses the unique three-data source approach 
proposed by this study which combines historical observed data from 
both an on-site and local weather station, along with the historical PV 
data using LLDF. It is intuitive that the level of accuracy of the weather 
data in this approach increases as it gets closer to the power generating 
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site. In other words, the proximity of the weather station to the PV site is 
directly proportional to the accuracy of the weather data and must be 
considered when forecasting [38]. The reason for using the most accu
rate weather data is that the forecasting model’s performance depends 
on the accuracy of the database [38].

In addition, several studies are examined to determine the applica
tion of LLDF and other techniques used in enhancing and combining raw 
data to build the forecasting model. Site-adaptation techniques have 
been developed to improve satellite-derived weather data by using in- 
situ data from meteorological stations [22]. But these methods rely on 
complex ML and deep learning algorithms to transform satellite images 
into solar irradiation values as an example. Jesus et al. [61] uses data 
fusion based on a hybrid of two deep neural networks namely Fully 
Convolutional Network (FCN) and Long Short-Term Memory (LSTM) 
network, to fuse the output of two individual forecast models known as 
Autoregressive Moving Average with Exogenous Inputs (ARMAX) and 
Adaptive Neuro Fuzzy Inference System (ANFIS) to predict short-term 
PV output. In another short-term prediction study, Wang et al. [19]
uses multi-source data fusion to fuse NWP, PV output data and remote 
satellite sensing data with a Support Vector Machine (SVM) algorithm. 
Results showed that the data fused SVM model performed better than 
the regular SVM model more than 95% of the time. None of the high
lighted studies use LLDF to combine data from an on-site weather station 
and a trustworthy local weather station to improve the forecasting data 
used in the model.

Methods

The data and procedure used to create the forecasting model are 
described in this section. The source and type of data are described in 
Section 3.1. Section 3.2 outlines the pre-processing methods used to 
clean the data. The error equations used to assess the model perfor
mance are described in Section 3.3. The methodology and flow chart of 
the RLA in MATLAB are highlighted in Section 3.4.

Data description

In this case study, the Kisanhub weather station (KH075) [62] at 
Cranfield University, recorded data every fifteen minutes on nine 
weather parameters, including solar irradiation. Historical PV data from 
four PV plants located in Cranfield University representing the spectrum 
of distributed generation customers is obtained from Cranfield’s online 
energy manager platform [63]. The aim is to investigate the proposed 
architecture’s performance in both commercial and residential appli
cations. The specification and data profiles of the locations are listed in 
Table 2 and 3. 75% of the data from the 1 MW solar farm was used for 
training the model while the remaining 25% was used for testing. 100% 
of the data from the three residential solar arrays was used to validate 
the model. Upon request, The Met Office station located in Bedford, the 
station closest to Cranfield, provided hourly data for twelve weather 
parameters. Missing data points were simply deleted from the data 
sample.

The varied data sample periods of each PV plant in Table 2 and 3

were due to data availability on the energy manager portal.

Data pre-processing

List-wise deletion method
Missing data is almost certain because the physical properties of 

measuring devices are prone to wear and tear and other mechanical 
malfunctions. In addition, human error and faulty communications can 
cause these devices to either omit data or give wrong measurements, 
resulting in data bias [64]. LWDM is one of the simplest ways of 
handling missing data [65]. It deletes all measured values corresponding 
to a specific timestamp if the value of a single variable is missing. The 
advantage of this method is that the original data set remains 100% 
authentic without any value estimation. The disadvantage is that the 
sample size is reduced and the contribution from variables with avail
able values is made redundant by one missing measurement or faulty 
device. However, this is compensated for if the sample size is large 
enough.

Low-level data fusion
The aim of data fusion is to improve the overall accuracy of a system 

or model by integrating data from multiple sources. Data fusion can be 
categorized into low-level, mid-level or intermediate, and high-level 
fusion. LLDF or measurement level fusion [66] combines more than 
one source of raw data to produce new raw data [20]. In this study, LLDF 
is used to combine PV data, and weather data from an on-site and local 
weather stations.

Pearson correlation coefficient analysis
The PCC function [67] given in Eq. (1), is a feature selection tech

nique used to select relevant features for model prediction while 
ignoring redundant variables. In this study, PCC is used to determine 
which weather variables have a moderate or strong positive correlation 
to SR. Results are displayed in a correlation matrix [68]. 

r =
∑

(x − x)(y − y)
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

(x − x)2
√

∑
(y − y)2

(1) 

Where r is the correlation coefficient, x and y represent the values of the 
x-variable and y-variable in the sample respectively, x and y are the 
mean of the x-variable values and the y-variable values respectively.

The correlation coefficients, with a range of values between -1 to +1, 
indicate how strong the linear relationship between two variables is. A 
perfect negative correlation is equivalent to -1 on the scale and a perfect 
positive is equivalent to +1. This study is interested in weather pa
rameters with a moderate to strong positive correlation to SR, which is 
equivalent to having a PCC greater than 0.4 [69]. The implication is that 
having a strong positive linear relationship to the most significant pre
dictor of PV generation (SR) suggests the weather parameter is also a 
good predictor or feature. In a comparison of reference parameters, PCC 
is also used to select predictors with reference to temperature.

Table 2 
PV system specifications of 1 MW solar Farm in Cranfield University

Location 1 MW Solar Farm, Cranfield University

PV Generator Output 999.78 kWp
PV Generator Surface 5,858.4 m2

Number of PV Modules 3508
Type of PV Modules Hanwha Q cells: 285 W
Number of Inverters 35
Type of Inverters Fronius Symo: 10 kW to 17.5 kW
Data Sample Period January 2019 – December 2020
Training (% of data sample) 75%
Testing (% of data sample) 25%

Table 3 
PV system specification of three roof-top solar arrays in Cranfield University

Building No. B052A B146 FAAM B252

PV Generator 
Output

10.45 kWp 15 kWp 8.26 kWp

Number of PV 
Modules

35 60 28

Type of PV 
Modules

BYD: 275 W Vikram: 250 W Q.antum: 295 W

Number of 
Inverters

1 1 1

Type of Inverter Solis: 12 kW PVI: 12.5 kW Solar Edge: 10 
kW

Data Sample 
Period

Jan. 2020 – Dec. 
2020

July 2018 – Sept. 
2021

Dec. 2019 – Oct. 
2021
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Rescaling method
Different weather parameters have varying units, scales and di

mensions that can form a bias in determining the forecasting model. A 
weather parameter with a disproportionate number of data points can 
significantly influence a model by its sample size even though it has a 
weak correlation to the output variable. For this reason, it is imperative 
to normalize all variables to the same order of magnitude and weight 
[70]. RM or the min-max nominalization method is a popular and widely 
used method for normalizing data [71]. In this study, the intervals [a b] 
for rescaling were selected as [0 1]. The RM equation [72] is given in Eq. 
(2). 

Xrescaled = a+
[

X − Xmin

Xmax − Xmin

]

(b− a) (2) 

Where Xrescaled is the normalized data, X represents the values of the x- 
variable in the sample, Xmin and Xmax are the minimum and maximum 
values of the x-variable in the sample respectively.

Model performance evaluation

To evaluate the performance of the model under considered sce
narios, four performance statistical error functions [73] and the coeffi
cient of determination, R2 [74], were used. The mean squared error 
(MSE) shown in Eq. (3) measures the average of the square of the errors. 
The mean absolute error (MAE) described in Eq. (4) measures the 
average magnitude of the errors. Eq. (5), which is the RMSE, is simply 
the square root of the MSE. R2 in Eq. (6) is the proportion of the change 
in the dependent variable that can be predicted due to the corresponding 
change in independent variable(s). When evaluating how well the un
derlying models fit the data, this coefficient of determination is typically 
used because it is well-defined for linear regression models. 

MSE =
1
N

∑N

i=1
(x̂ i − xi)

2
= RMSE2 (3) 

MAE =
1
N

∑N

i=1
|(x̂i − xi)| (4) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N

∑N

i=1
(x̂ i − xi)

2

√
√
√
√ (5) 

R2 = 1−

∑N
i=1(x̂ i − xi)

2

∑N
i=1

(
x̂i − x̂average

)2 (6) 

Where N is the number of data points, ̂x i are the predicted values and 
xi are the observed values.

Regression learner app methodology and flow chart

After pre-processing, the data is then trained using the RLA; an 
application in the ML Toolbox in MATLAB. Regression analysis is used to 
determine the relationship and future predictions of a dependent vari
able (the PV generated) from an independent variable(s) (weather pa
rameters). The RLA is a useful tool because it allows the user to train and 
validate a model using more than twenty different forecasting algo
rithms. It has also been used successfully in numerous ML applications 
that require forecasting [75-80]. After training, the user can compare 
the algorithms side by side based on their errors and choose the best 
model. The app identifies the best forecasting algorithm based on the 
lowest RMSE and highlights the model in the results display. Another 
advantage of the RLA is that multiple algorithms can be run simulta
neously through a “parallel” function which allows the user to view the 
results in a shorter time frame than running each algorithm one after the 
other. To initiate the model training process via the app, the response 

(dependent variable) and predictors (dependent variables) must be 
selected. For this case study, the correlated weather data are the pre
dictors while the response or output is the PV generation. Figure 1
highlights the flow chart of the RLA.

Methodology

The justification for employing the combined data from both 
weather stations is that weather stations capture weather parameters 
differently (different methodologies) and often times don’t capture the 
same type or number of parameters. The premise in this section supports 
the assertion made above. The three-step forecasting architecture used 
to correlate input data with energy supply is described in Section 4.1. In 
order to evaluate the efficiency of the forecasting architecture, Section 
4.2 presents a case study of three scenarios with different data inputs.

Forecasting architecture

To correct the missing data, LWDM was used in pre-processing to 
remove incomplete or missing data values from the two weather stations 
and PV plant. In the proposed approach, the SR measured by the 
Cranfield weather station is used as the reference weather parameter to 
select predictors from both weather stations. The selection of SR as the 
reference was made since it is the most significant predictor of PV 
generation. In step 1, the PCC function is used to calculate the correla
tion matrix of weather parameters reported by the on-site weather sta
tion in Cranfield. The weather parameters with moderate to strong 
positive correlations to SR are then selected as predictors for the fore
casting model. By being strongly correlated to SR, this implies that these 
weather parameters will also have a strong linear relationship with PV 
generation and therefore are good predictors. In step 2, the correlation 
matrix is determined for the recorded weather parameters from the 
Bedford station. Again, the weather parameters with moderate to strong 
positive correlations to SR are selected as predictors. In step 3, the 
predictors from steps 1 and 2 and the historical PV generation supplied 
by the PV power plant meter (response) are combined using LLDF and 
are selected as inputs into the RLA. The input data is further pre- 
processed by using Eq. (2), before being separated into 75% training 
data set and 25% for model testing. The RLA flowchart presented in 
Figure 1 trains and test different forecasting algorithms and identifies 
the best forecasting model based on the lowest RMSE. Figure 2 shows an 
illustration of the forecasting architecture.

Case study description

Three scenarios are examined, and the outcomes are compared, to 
gauge the effectiveness of the forecasting architecture.

a. Scenario 1: Weather data measured by the Cranfield weather station 
with moderate to strong positive correlation to SR are selected as 
predictors to PV generated via PCC.

b. Scenario 2: Weather data measured by the nearby Bedford weather 
station with moderate to strong positive correlation to the measured 
SR at the Cranfield weather station are selected as predictors to PV 
generated via PCC. This scenario represents existing PCC-based 
scenarios mentioned in Section 2.

c. Scenario 3: SR-correlated weather data from both stations are com
bined using LLDF and used as predictors to PV generated.

The above scenarios will investigate whether using LLDF increases 
the forecasting model’s accuracy and therefore is a valid component of 
the proposed forecasting architecture.

Results and discussion

Results from the case study and methods given in the previous 
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sections are summarized here. The outcome of the correlation matrix of 
the on-site meteorological variables is shown in Section 5.1. The cor
relation matrix of the weather variables captured by the Bedford 
weather station is shown in Section 5.2. Based on RMSE and R2 values 
for the three case scenarios mentioned above, Section 5.3 shows which 
prediction model is the most accurate. Additionally, a prediction for the 
following day is used to demonstrate how well the model performs. 
Section 5.4 shows results validating LLDF and SR as the reference 
parameter, while the validation of the proposed model in residential 
rooftop applications is shown in Section 5.5.

Cranfield correlation matrix

According to the first step of the proposed forecasting architecture, 
weather parameters from the on-site weather station that have moderate 
to strong positive correlations to SR are selected based on coefficients 
above 0.4. Figure 3 shows a graphical representation of the weather 
parameters from the Kisanhub Weather Station in 2019.

Using the PCC function, the correlation matrix and plots are ob
tained. Table 4 and Figure 4 show the results. In Figure 4, the scatter
plots show the relationship between a pair of variables and a trendline 
whose slop is equivalent to the correlation coefficient (boldly 

Fig. 1. Flow Chart of the Regression Learner App Methodology

Fig. 2. Proposed three-step forecasting architecture
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highlighted in each subplot). The major diagonal are subplots contain
ing the distribution of each variable as a histogram. Table 4 corroborates 
the values of the correlation coefficients in Figure 4 and shows the three 
weather parameters, Heat Index, Temperature and Wind Chill, with 
coefficients above 0.4.

This step is crucial in finding the predictors (SR included) or input 
variables into the forecasting algorithm for Scenario 1 and one-half of 
the predictors for Scenario 3. The selection of temperature-related pa
rameters is consistent with findings from literature. SR has a strong 
linear relationship to outdoor surface air temperature [81,82]. Heat 
index is also called apparent temperature [83] and wind chill can also be 
expressed as wind chill temperature; a measure of human sensation to 
cold weather temperature [84]. All three weather parameters are related 

Fig. 3. 2019 Weather parameters from the Kisanhum Weather Station in Cranfield University [62]

Table 4 
Cranfield correlation matrix

Solar Radiation

Solar Radiation 1
Wind Speed 0.1515
Relative Humidity -0.5910
Pressure 0.1483
Precipitation -0.0677
Dew Point 0.2164
Heat Index 0.5039
Temperature 0.5184
Wind Chill 0.4993

Fig. 4. Cranfield correlation plot Note: SR = Solar radiation, HI = Heat Index, Temp = Temperature, WC = Wind Chill
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to the measurement of outdoor temperature.

Bedford correlation matrix

Similarly, from the Bedford station, the PCC function is used to 
obtain the correlation matrix where the Hourly Temperature, Hourly 
Wet Bulb Temperature and Hourly Global Radiation all had moderate to 
strong positive coefficients to SR according. Results are displayed in 
Table 5 and Figure 5.

In this step, the input variables for Scenario 2 and the other half of 
Scenario 3 are identified. Parameters related to temperature are once 
again selected. In a similar assessment of twenty-four weather parame
ters, Fraihat et al. [85] used a correlation coefficient benchmark of 0.5 to 
identify which parameter had a strong correlation to SR. Temperature 
and radiation were among eight out of the twenty-four parameters that 
fit this criterion. This is consistent with the analysis here. Scenario 2 is 
similar to a majority of the existing methods that use PCC as described in 
Section 2. The data source is either a nearby or local weather station, or 
a regional/national weather database.

Performance of forecasting architecture

The weather parameters highlighted in Section 5.1 and Section 5.2 
are the predictors that become the input into the RLA as shown in the 
block-diagram in Figure 6. Table 6 shows the selected weather inputs of 
the three scenarios, with Scenario 3 being the proposed forecasting 
architecture.

Table 6 shows a summary of the training input parameters for each 
scenario when using the RLA, with the historical PV energy selected as 
the response for all of them.

According to Table 6, Scenario 1 has four predictors, Scenario 2 has 
three, while Scenario 3, which combines predictors from Scenarios 1 and 
2 has seven. Each scenario is analyzed separately using the RLA flow
chart in Figure 1. The RLA trains over twenty forecasting algorithms and 
identifies the best performing based on the lowest RMSE. To give an 
example of this, Scenario 3 is analyzed, and the results are shown in 
Table 7 (see Appendix A, Table A1 and A2 for similar analysis on Sce
narios 1 and 2 respectively).

Table 7 shows that Boosted Trees had the lowest RMSE values for the 
testing phase. This model is then used to analyze Scenarios’ 1 and 2 and 
the results are compared to the result in Table 7 and are displayed in 
Table 8.

According to Table 8, Scenario 3 had the lowest RMSE values for 
both training (0.1042) and testing (0.0859), a 6% and 13% improve
ment on testing from Scenario 1 and 2 respectively. This RMSE was also 
the lowest compared to any of the forecasting algorithms used for all the 
scenarios. This proves that by combining strong predictors from more 
than one source using LLDF, the accuracy of the forecast is improved. 
This is likely because forecasting depends on the number of relevant 
inputs in the forecasting architecture that correlate strongly with the 

forecasting output. The 13% increase is also an improvement on existing 
PCC studies such as that mentioned in Jebil et al. [23]. Figure 7 shows a 
graphical illustration of the data points between the predicted and the 
actual responses for the three scenarios. The trendline of Scenario 3 is 
more accurate than the other scenarios because its R-square value of 
0.84 is the closest to 1. Further confirmation of this is how the data 
points are packed closer to the trendline in Scenarios 3 than the other 
scenarios.

Table 8 and Figure 7 shows the model’s performance in learning how 
to predict the PV generation. To investigate its forecasting ability 
further, we evaluate the prediction of a randomly selected day and 
determine how close it is to the actual PV generated. Figure 8 presents a 
comparison of the actual and the predicted amount of energy supplied 
from the PV under Scenarios 1 to 3. It is clear to see that Scenario 3 
(Figure 8c) provides the best approximation of the actual PV generated 
than any of the other 2 scenarios. This is because the PV energy supplied 
in Scenario 1 (Figure 8a) appears to be underestimated between 0 and 
12 hrs, and the afternoon peak between 16-18 hrs is also not repre
sented. In Scenario 2 (Figure 8b), the night and morning energy supply 
(0-12 hrs) are relatively well represented. However, there is a substan
tial dip in the amount of energy predicted between 12 and 13 hrs. There 
is evidence that the model predicts a small energy supply peak between 
16-18 hrs. In Scenario 3, the prediction for the night and morning energy 
supply are in good agreement with the actual data. There is a small dip in 
the forecasted energy supply between 12 and 13 hrs, however, it is of a 
much smaller magnitude than that observed in Scenario 2. The after
noon peak in energy supply is small.

Beyond visually comparing the performance of the scenarios in 
Figure 8, further insight can be provided by estimating the area under 
the predicted curve of each scenario and comparing it to the area under 
the actual curve. The scenario that has the closest approximation of its 
predicted curve to the actual curve has the better performance and ac
curacy. This area is simply the amount of energy supplied (normalized) 
per day. For a simple approximation of this area, the Trapezoidal Rule is 
used. This rule approximates the area under the graph by dividing it into 
smaller trapezoids. The total area under the curve is equal to the sum of 
the area of the trapezoids under the graph. The Trapezoidal Rule is 
shown in Eq. (7) [86]. 

∫b

a

f(x) ≈
(

b − a
2

)

(f(a)+ f(b) ) (7) 

In Eq. (7), limits a and b refer to the hours on the x axis in Figure 8. 
This represents the width of the trapezoid. Values f(a) and f(b) represent 
the corresponding energy supplied (normalized) at hour ‘a’ and hour ‘b’ 
respectively. Eq. (7) was applied to the three scenarios (See Appendix B
for calculation) to compare their approximation of the actual energy 
supplied. The results show that the area under the curve of the actual 
energy supplied is approximately 4.969. Ranking the scenario’s based 
on the closest approximation to the actual area, Scenario 3 is closest with 
an area of 5.115, followed by Scenario 2 with 4.424 and Scenario 1 with 
2.906. This result and the order of performance validates the test result 
in Table 8 in which Scenario 3 (0.0859) outperforms the other scenarios, 
and Scenario 2 (0.0987) outperforms Scenario 1 (0.0917).

A further proof of the versatility of the proposed forecasting archi
tecture can be made with a longer forecast. Section 1 references the 
different types of forecasting time horizons. Figure 9 shows how the 
proposed forecasting architecture of Scenario 3 is applied to a day-ahead 
short-term forecast. Here, a random week in 2019 is selected to show the 
performance of the forecasting architecture when applied to a medium- 
term forecast. The graph shows a good enough approximation, which 
means that the proposed architecture is flexible and can be used for 
predicting longer time horizons.

A closer look at Figure 9 shows some lagging of the predicted to the 
actual curve, along with a few misplaced approximations of PV peaks 

Table 5 
Bedford correlation matrix

Solar Radiation
Solar Radiation 1

Hourly Pressure at Mean Sea Level 0.1237
Hourly Dewpoint Temperature 0.1796
Hourly Rainfall Total -0.0567
Hourly Relative Humidity -0.6463
Hourly Mean Wind Direction -0.0470
Hourly Mean Windspeed 0.1275
Hourly Maximum Gust 0.1688
Hourly Temperature 0.5383
Hourly Wet Bulb Temperature 0.4067
Hourly Global Radiation 0.9367
Hourly Total Cloud Cover -0.1631
Hourly Visibility 0.1779
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(between days 1 and 29). A possible explanation is the effect of noise in 
the pre-processed data. Improving data pre-processing, for example by 
identifying and removing outliers, may lead to a closer approximation of 
the actual PV generated. In addition, Scenario 3 outperformed the other 
scenarios because it had more data points (by having more variables). 
Perhaps this bias could be investigated if the analysis required equal 
number of data points for each scenario.

Validation of PPC with SR and LLDF methods

To further investigate the effect of PCC and the selection of SR as a 
reference parameter, we consider a correlation matrix with reference to 
PV generated. According to Table 9, SR and global radiation have the 
highest correlation to PV generation confirming literature findings that 
SR is the most important predictor to PV. Apart from radiation, the 
hourly temperature (0.4497) has the highest positive correlation to PV 
generation and will be tested as a substitute to SR in predictor selection.

Four additional scenarios are considered using the same Boosted 

Fig. 5. Bedford correlation plot Note: SR = Solar radiation, HT = Hourly Temperature, HWBT = Hourly Wet bulb temperature, HGR = Hourly Global radiation

Fig. 6. Case Study : Three-step forecasting architecture block diagram

Table 6 
RLA model training input parameters

Training 
Input

Scenario 1 Scenario 2 Scenario 3

Predictors *Solar 
Radiation 
*Heat Index 
*Temperature 
*Wind Chill

*Hourly Temperature 
*Hourly Wet bulb 
Temperature 
*Hourly Global 
Radiation

*Solar Radiation 
*Heat Index 
*Temperature 
*Wind Chill 
*Hourly Temperature 
*Hourly Wet bulb 
Temperature 
*Hourly Global 
Radiation

Response PV energy generated (all scenarios)
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Tree algorithm in Table 8, with the full results shown in Appendix A, 
Table A4 to A6. The summary of the results is displayed in Table 10:

a. Scenario 4: Weather data without PCC from the Cranfield weather 
station selected as predictors to PV generated.

b. Scenario 5: Weather data without PCC from the Bedford weather 
station selected as predictors to PV generated.

c. Scenario 6: The weather data from Scenarios 4 and 5 are combined 
using LLDF and are used as predictors to PV generated.

d. Scenario 7: Temperature-correlated weather data from both stations 
are combined using LLDF and used as predictors to PV generated.

Table 10 shows that Scenario 3 remains the best performing model 
with a combined use of LLDF and PCC. Scenarios 1 to 3 outperform 
Scenario 7, confirming SR is better as a reference parameter in features 
than temperature. Additionally, the importance of PCC for feature se
lection is validated as Scenarios 4 to 6 (without PCC) perform relatively 
poorly to Scenarios 1 to 3 (with PCC). Out of the scenarios without PPC, 
Scenario 6 with LLDF performs the best, confirming the positive impact 
of LLDF on forecasting accuracy.

Validation of forecasting architecture

To validate the model, we apply the forecasting architecture in 
predicting PV generation of the three rooftop solar arrays described in 
Section 3.1. The results are displayed in Table 11.

In Table 11, the results show that the proposed architecture main
tains its accuracy in predicting PV generation as evident by the low 
RMSE values. Another important fact is that the proposed architecture 
made the predictions across three different PV system sizes and data 
time periods. By confirming its accuracy for both commercial and resi
dential applications, the models can be universally adopted for different 
distributed generation clients using different historical weather data as 
inputs into the model. However, the R squared values shown here (0.52 
to 0.68) indicate that the goodness of fit to the model can be improved. 
Higher R squared values closer to 1, suggest that the movement of the 
predicted PV values is dependent and explained by the movement of the 
actual PV values. In other words, though the predicted values in 
Table 11 sufficiently approximate the actual values, they could be bet
ter. As mentioned above, including other pre-processing techniques 
could help improve the accuracy.

Conclusion

The proposed three-step forecasting architecture that uses low-level 
data fusion to combine weather parameters from both an on-site and a 
nearby local weather station outperforms models using a singular data 
source. Pearson Correlation Coefficient was used to identify weather 
variables with moderate to strong positive correlations to solar radia
tion. Combining useful data from the two weather stations increased the 
number of strong predictors in the forecasting model and improved its 
performance. In addition, raw meteorological data was pre-processed 

Table 7 
Performance comparison of regression models in RLA For Scenario 3

Train Test
Model MAE MSE RMSE R2 MAE MSE RMSE R2

LINEAR REGRESSION
Linear 0.0724 0.0124 0.1114 0.81 0.0975 0.0138 0.1176 0.57
Interactions Linear 0.0645 0.0109 0.1044 0.83 0.0904 0.0167 0.1293 0.49
Robust Linear 0.0741 0.0191 0.1381 0.71 0.0489 0.0090 0.0950 0.72
Stepwise Linear 0.0646 0.0109 0.1045 0.83 0.0889 0.0162 0.1273 0.50
REGRESSION TREES
Fine Tree 0.0339 0.0044 0.0664 0.93 0.0495 0.0116 0.1079 0.64
Medium Tree 0.0474 0.0081 0.0901 0.88 0.0451 0.0098 0.0992 0.70
Coarse Tree 0.0560 0.0104 0.1019 0.84 0.0432 0.0087 0.0932 0.73
SUPPORT VECTOR MACHINES
Linear SVM 0.0676 0.0129 0.1135 0.80 0.0707 0.0097 0.0985 0.70
Quadratic SVM 0.0598 0.0111 0.1054 0.83 0.0871 0.0178 0.1335 0.45
Cubic SVM 0.0573 0.0010 0.0999 0.85 0.0914 0.0192 0.1384 0.41
Fine Gaussian 0.0433 0.0068 0.0828 0.90 0.0914 0.0137 0.1171 0.58
Medium Gaussian 0.0561 0.0098 0.0992 0.85 0.0608 0.0102 0.1008 0.69
Coarse Gaussian 0.0644 0.0119 0.1092 0.82 0.0504 0.0074 0.0862 0.77
GAUSSIAN PROCESS REGRESSION
Rational Quadratic 0.0007 3.05e-06 0.0017 1.00 0.0948 0.0213 0.1459 0.34
Squared Exponential 0.0013 8.71e-06 0.0030 1.00 0.1411 0.0447 0.2115 -0.38
Matern 5/2 0.0004 9.30e-07 0.0010 1.00 0.0966 0.2194 0.1481 0.33
Exponential 5.41e-05 1.20e-08 0.0001 1.00 0.0639 0.0111 0.1054 0.66
ENSEMBLES OF TREES
Boosted Trees 0.0571 0.0109 0.1042 0.82 0.0448 0.0074 0.0859 0.84
Bagged Trees 0.0413 0.0059 0.0765 0.91 0.0436 0.0082 0.0906 0.75
NEURAL NETWORK
Narrow Neural 0.0561 0.0010 0.0995 0.85 0.0803 0.0146 0.1209 0.55
Medium Neural 0.0535 0.0086 0.0928 0.87 0.1109 0.0206 0.1436 0.37
Wide Neural 0.0491 0.0071 0.0841 0.89 0.1284 0.0295 0.1718 0.09
Bilayered Neural 0.0528 0.0091 0.0956 0.86 0.0631 0.0107 0.1036 0.67
Trilayered Neural 0.0491 0.0081 0.0899 0.88 0.0940 0.0235 0.1534 0.28

Table 8 
Performance comparison of case study scenarios using Boosted Trees

Test Train
Scenario MAE MSE RMSE R2 MAE MSE RMSE R2

Scenario 1 0.0615 0.0118 0.1087 0.82 0.0441 0.0084 0.0917 0.74
Scenario 2 0.0663 0.0128 0.1133 0.80 0.0465 0.0097 0.0987 0.70
Scenario 3 0.0571 0.0109 0.1042 0.82 0.0448 0.0074 0.0859 0.84
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using the Rescaling and List-wise deletion methods, which proved to be 
effective in increasing the accuracy of the model. The proposed archi
tecture is tested on a utility scale solar plant (1 MW), showing a 6% and 
13% prediction accuracy improvement when compared to solely using 
data from the on-site and local weather station respectively. It is further 
validated using data from three residential rooftop solar systems (8 kW, 
10.5 kW and 15 kW), achieving root-mean square values of 0.0984, 
0.0885, and 0.1425 respectively. The low root-mean square values, a 
measure of the predicted PV to actual PV generation, proves that the 
model can be adopted for different PV plant sizes. In determining the 
reference parameter for selecting forecasting features, solar radiation 
achieved an RMSE of 0.0859 compared to temperature with 0.1132 
when the Boosted Tree algorithm was used. Solar radiation had the 
highest correlation to PV generation, confirming it as the most 

important feature for forecasting solar energy. Finally, in an analysis of 
three scenarios without the use of Pearson Correlation Coefficient in 
selecting features, combining weather data from Cranfield and Bedford 
using low-level data fusion outperformed data solely from Cranfield by 
19%, and data from Bedford by 9%. In scenarios with or without PCC, 
low-level data fusion significantly improved the forecasting.

The impact of this study for utility-scale PV plants, solar farms, and 
other large PV installations could be to encourage grid owners and op
erators to install on-site weather stations for forecasting purposes. It is 
best to pair data from a local weather station with data from an on-site 
weather station where the forecasting system is being deployed.

The limitation of the forecasting architecture is that it only works if 
the local weather station and the on-site PV plant measure the reference 
weather parameter, which in this case is solar radiation. In the absence 

Fig. 7. Model performance of Boosted Trees ((a) Scenario 1 (b) Scenario 2 (c) Scenario 3)
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of this, an alternate reference parameter with strong correlation to PV 
generation needs to be determined. Additionally, the scope of the study 
was limited to data within the UK. To test the robustness of the fore
casting architecture, other PV plant in different locations outside the UK 
could be considered. In addition, only weather parameters with strong 
positive correlations to the reference parameter were considered. In a 
future study, the impact of weather parameters with strong negative 
correlations should also be analyzed. Furthermore, the optimization of 
the Regression learner App methodology can be investigated by 
exploring the impact of other validation methods like Cross-validation 
and Holdout validation to see if they directly improve the accuracy of 

the prediction model. Finally, an investigation into other pre-processing 
methods may help reduce the noise in the final output while future 
studies may consider this approach for forecasting other weather 
dependent renewable energy sources like wind and tidal energy.

Fig. 8. Actual and Predicted PV Generation on 12th September 2019 ((a) Scenario 1 (b) Scenario 2 (c) Scenario 3)

Fig. 9. Actual and Predicted PV Generation for Scenario 3 on the 37th Week 
in 2019.

Table 9 
Bedford and Cranfield correlation matrix to PV Generation

PV Generation

PV Generation 1
Solar Radiation 0.8668
Hourly Pressure at Mean Sea Level 0.1152
Hourly Dewpoint Temperature 0.1266
Hourly Rainfall Total -0.0511
Hourly Relative Humidity -0.5119
Hourly Mean Wind Direction -0.0940
Hourly Mean Windspeed 0.0534
Hourly Maximum Gust 0.0741
Hourly Temperature 0.4497
Hourly Wet Bulb Temperature 0.3545
Hourly Global Radiation 0.8569
Hourly Total Cloud Cover -0.2104
Hourly Visibility 0.0524
Wind Speed 0.0690
Relative Humidity -0.5158
Pressure 0.1206
Precipitation -0.0534
Dew Point 0.1253
Heat Index 0.4129
Temperature 0.4241
Wind Chill 0.4087
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Appendix A

.

Table A1 
Performance Comparison of Regression Models in RLA For Scenario 1

Train Test
Model MAE MSE RMSE R2 MAE MSE RMSE R2

LINEAR REGRESSION
Linear 0.0772 0.0155 0.1244 0.76 0.0562 0.0093 0.0967 0.71
Interactions Linear 0.0722 0.0143 0.1197 0.78 0.0955 0.0145 0.1206 0.55
Robust Linear 0.0735 0.0185 0.1360 0.72 0.0688 0.0123 0.1110 0.62
Stepwise Linear 0.0721 0.0143 0.1198 0.78 0.0920 0.0141 0.1188 0.57
REGRESSION TREES
Fine Tree 0.0412 0.0062 0.0787 0.91 0.0486 0.0120 0.1095 0.63
Medium Tree 0.0541 0.0098 0.0990 0.85 0.0458 0.0100 0.1002 0.69
Coarse Tree 0.0599 0.0117 0.1082 0.82 0.0442 0.0091 0.0955 0.72
SUPPORT VECTOR MACHINES
Linear SVM 0.0711 0.0158 0.1256 0.76 0.0673 0.0109 0.1046 0.66
Quadratic SVM 0.0678 0.0138 0.1174 0.79 0.0870 0.0149 0.1221 0.54
Cubic SVM 0.1181 0.0279 0.1671 0.57 0.1294 0.0469 0.2165 -0.44
Fine Gaussian 0.0603 0.0113 0.1065 0.83 0.0744 0.0134 0.1157 0.59
Medium Gaussian 0.0648 0.0128 0.1133 0.80 0.0672 0.0114 0.1070 0.65
Coarse Gaussian 0.0692 0.0140 0.1185 0.79 0.0478 0.0081 0.0901 0.75
GAUSSIAN PROCESS REGRESSION
Rational Quadratic 0.0068 0.0002 0.0147 1.00 0.0613 0.0124 0.1115 0.62
Squared Exponential 0.0625 0.0117 0.108 0.82 0.1008 0.0239 0.1547 0.26
Matern 5/2 0.0608 0.0112 0.1057 0.83 0.0997 0.0230 0.1518 0.29
Exponential 3.03e-4 1.22e-6 0.0011 1.00 0.0744 0.0166 0.1288 0.49
ENSEMBLES OF TREES
Boosted Trees 0.0615 0.0118 0.1087 0.82 0.0441 0.0084 0.0917 0.74
Bagged Trees 0.0502 0.0081 0.0898 0.88 0.0531 0.0093 0.0964 0.71
NEURAL NETWORK
Narrow Neural 0.0643 0.0124 0.1112 0.81 0.0780 0.0128 0.1133 0.61
Medium Neural 0.0616 0.0116 0.1078 0.82 0.1031 0.0234 0.1529 0.28
Wide Neural 0.0596 0.0109 0.1045 0.83 0.1224 0.0327 0.1808 -0.01
Bilayered Neural 0.0621 0.0119 0.1089 0.82 0.0556 0.0108 0.1040 0.67
Trilayered Neural 0.0611 0.0115 0.1070 0.82 0.0957 0.0202 0.1422 0.38

Table 10 
Performance comparison of case study scenarios using Boosted Trees

Test Train
Scenario MAE MSE RMSE R2 MAE MSE RMSE R2

Scenario 1 0.0615 0.0118 0.1087 0.82 0.0441 0.0084 0.0917 0.74
Scenario 2 0.0663 0.0128 0.1133 0.80 0.0465 0.0097 0.0987 0.70
Scenario 3 0.0571 0.0109 0.1042 0.82 0.0448 0.0074 0.0859 0.84
Scenario 4 0.0571 0.0104 0.1018 0.86 0.0689 0.0160 0.1266 0.78
Scenario 5 0.0561 0.0101 0.1003 0.87 0.0623 0.0136 0.1165 0.81
Scenario 6 0.0535 0.0093 0.0963 0.88 0.0588 0.0113 0.1065 0.84
Scenario 7 0.0607 0.0112 0.1057 0.85 0.0609 0.0128 0.1132 0.82

Table 11 
Validation results of proposed architecture using residential solar arrays

BUILDINGS MODEL RMSE MSE MAE R2

B146 Boosted Trees 0.0885 0.0078 0.0499 0.68

B252 MODEL RMSE MSE MAE R2

Boosted Trees 0.0984 0.0097 0.0547 0.67

B052A MODEL RMSE MSE MAE R2

Boosted Trees 0.1425 0.0203 0.0811 0.52
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Table A2 
Performance Comparison of Regression Models in RLA For Scenario 2

Train Test
Model MAE MSE RMSE R2 MAE MSE RMSE R2

LINEAR REGRESSION
Linear 0.0780 0.0147 0.1213 0.78 0.0607 0.0010 0.0100 0.69
Interactions Linear 0.0739 0.0141 0.1189 0.78 0.0559 0.0097 0.0984 0.70
Robust Linear 0.0740 0.0167 0.1302 0.74 0.0465 0.0010 0.0998 0.69
Stepwise Linear 0.0739 0.0141 0.1189 0.78 0.0559 0.0097 0.0984 0.70
REGRESSION TREES
Fine Tree 0.0429 0.0066 0.0811 0.90 0.0556 0.0145 0.1204 0.55
Medium Tree 0.0562 0.0103 0.1017 0.84 0.0505 0.0119 0.1092 0.63
Coarse Tree 0.0638 0.0126 0.1122 0.81 0.0483 0.0108 0.1037 0.67
SUPPORT VECTOR MACHINES
Linear SVM 0.0737 0.0150 0..1226 0.77 0.0518 0.0097 0.0985 0.70
Quadratic SVM 0.0713 0.0145 0.1203 0.78 0.0500 0.0095 0.0975 0.71
Cubic SVM 0.0660 0.0133 0.1155 0.80 0.0487 0.0099 0.0997 0.69
Fine Gaussian 0.0611 0.0113 0.1064 0.83 0.0559 0.0108 0.1038 0.67
Medium Gaussian 0.0664 0.0129 0.1136 0.80 0.0497 0.0098 0.0991 0.70
Coarse Gaussian 0.0717 0.0142 0.1192 0.78 0.0503 0.0092 0.0999 0.72
GAUSSIAN PROCESS REGRESSION
Rational Quadratic 0.0020 2.577e-05 0.0051 1.00 0.0597 0.0146 0.1209 0.55
Squared Exponential 0.0639 0.0123 0.1110 0.81 0.0495 0.0100 0.1001 0.69
Matern 5/2 0.0576 0.0104 0.1018 0.84 0.0498 0.0103 0.1015 0.68
Exponential 3.20e-4 3.81e-6 0.0020 1.00 0.0530 0.0118 0.1088 0.64
ENSEMBLES OF TREES
Boosted Trees 0.0663 0.0128 0.1133 0.80 0.0465 0.0097 0.0987 0.70
Bagged Trees 0.0573 0.0094 0.0968 0.86 0.0522 0.0101 0.1007 0.69
NEURAL NETWORK
Narrow Neural 0.0652 0.0128 0.1130 0.80 0.0489 0.0097 0.0985 0.70
Medium Neural 0.0643 0.0124 0.1113 0.81 0.0517 0/0103 0.1015 0.68
Wide Neural 0.0617 0.0115 0.1073 0.82 0.0523 0.0106 0.1031 0.67
Bilayered Neural 0.0630 0.0122 0.1105 0.81 0.0496 0.0105 0.1023 0.68
Trilayered Neural 0.0626 0.0120 0.1096 0.82 0.0507 0.0106 0.1030 0.67

Table A3 
Performance comparison of regression models in RLA For Scenario 4

Train Test
Model MAE MSE RMSE R2 MAE MSE RMSE R2

LINEAR REGRESSION
Linear 0.0762 0.0160 0.1267 0.79 0.0812 0.0194 0.1394 0.73
Interactions Linear 0.0682 0.0137 0.1171 0.82 0.0750 0.0167 0.1292 0.77
Robust Linear 0.0699 0.0175 0.1321 0.77 0.0772 0.0219 0.1481 0.70
Stepwise Linear 0.0688 0.0134 0.1178 0.82 0.0751 0.0168 0.1294 0.77
REGRESSION TREES
Fine Tree 0.0373 0.0057 0.0755 0.92 0.0781 0.0237 0.1539 0.67
Medium Tree 0.0506 0.0096 0.0980 0.87 0.0734 0.0196 0.1398 0.73
Coarse Tree 0.0603 0.0128 0.1130 0.83 0.0718 0.0184 0.1355 0.75
SUPPORT VECTOR MACHINES
Linear SVM 0.0712 0.0164 0.1280 0.78 0.0764 0.0200 0.1416 0.72
Quadratic SVM 0.0657 0.0144 0.1201 0.81 0.0721 0.0177 0.1330 0.76
Cubic SVM 0.0593 0.0127 0.1127 0.83 0.0690 0.0176 0.1326 0.76
Fine Gaussian 0.0401 0.0063 0.0791 0.92 0.0837 0.0205 0.1431 0.72
Medium Gaussian 0.0594 0.0123 0.1110 0.84 0.0693 0.0174 0.1321 0.76
Coarse Gaussian 0.0707 0.0155 0.1244 0.80 0.0763 0.0187 0.1367 0.74
GAUSSIAN PROCESS REGRESSION
Rational Quadratic 0.0002 1.33e-07 0.0004 1.00 0.0718 0.0177 0.1329 0.76
Squared Exponential 0.0536 0.0089 0.0943 0.88 0.0694 0.0156 0.1249 0.79
Matern 5/2 0.0397 0.0050 0.0707 0.93 0.0704 0.0164 0.1279 0.77
Exponential 5.57e-05 9.73e-09 9.86e-05 1.00 0.0686 0.0162 0.1274 0.78
ENSEMBLES OF TREES
Boosted Trees 0.0571 0.0104 0.1018 0.86 0.0689 0.0160 0.1266 0.78
Bagged Trees 0.0427 0.0068 0.0824 0.91 0.0665 0.0162 0.1273 0.78
NEURAL NETWORK
Narrow Neural 0.0628 0.0116 0.1076 0.85 0.0736 0.0168 0.1296 0.77
Medium Neural 0.0638 0.0104 0.1021 0.86 0.0794 0.0164 0.1282 0.77
Wide Neural 0.0524 0.0066 0.0815 0.91 0.0867 0.0208 0.1443 0.71
Bilayered Neural 0.0560 0.0100 0.1003 0.87 0.0734 0.0176 0.1328 0.76
Trilayered Neural 0.0551 0.0093 0.0963 0.88 0.0758 0.0189 0.1374 0.74

T.O. Falope et al.                                                                                                                                                                                                                               Renewable Energy Focus 50 (2024) 100615 

14 



Table A4 
Performance comparison of regression models in RLA For Scenario 5

Train Test
Model MAE MSE RMSE R2 MAE MSE RMSE R2

LINEAR REGRESSION
Linear 0.0772 0.0154 0.1241 0.80 0.0756 0.0162 0.1274 0.77
Interactions Linear 0.0671 0.0123 0.1110 0.84 0.0683 0.0142 0.1191 0.80
Robust Linear 0.0732 0.0164 0.1282 0.79 0.0735 0.0180 0.1342 0.74
Stepwise Linear 0.0681 0.0128 0.1131 0.83 0.0682 0.0142 0.1193 0.80
REGRESSION TREES
Fine Tree 0.0340 0.0049 0.0698 0.94 0.0654 0.0168 0.1296 0.76
Medium Tree 0.0469 0.0087 0.0932 0.89 0.0624 0.0157 0.1252 0.78
Coarse Tree 0.0574 0.0120 0.1096 0.84 0.0646 0.0163 0.1278 0.77
SUPPORT VECTOR MACHINES
Linear SVM 0.0744 0.0160 0.1263 0.79 0.0734 0.0172 0.1312 0.76
Quadratic SVM 0.0661 0.0135 0.1162 0.82 0.0656 0.0146 0.1207 0.79
Cubic SVM 0.0562 0.0108 0.1039 0.86 0.0607 0.0133 0.1154 0.81
Fine Gaussian 0.0437 0.0074 0.0862 0.90 0.1019 0.0241 0.1553 0.66
Medium Gaussian 0.0565 0.0108 0.1040 0.86 0.0614 0.0134 0.1156 0.81
Coarse Gaussian 0.0740 0.0154 0.1240 0.80 0.0730 0.0164 0.1282 0.77
GAUSSIAN PROCESS REGRESSION
Rational Quadratic 6.61e-05 1.49e-08 0.0001 1.00 0.0570 0.0104 0.1019 0.85
Squared Exponential 0.0577 0.0097 0.0984 0.87 0.0614 0.0121 0.1098 0.83
Matern 5/2 0.0456 0.0062 0.0789 0.92 0.0573 0.0106 0.1028 0.85
Exponential 4.85e-05 7.01e-09 8.37e-05 1.00 0.0557 0.0102 0.1009 0.86
ENSEMBLES OF TREES
Boosted Trees 0.0561 0.0101 0.1003 0.87 0.0623 0.0136 0.1165 0.81
Bagged Trees 00396 0.0058 0.0761 0.92 0.0571 0.0128 0.1130 0.82
NEURAL NETWORK
Narrow Neural 0.0616 0.0107 0.1035 0.86 0.0658 0.0136 0.1167 0.81
Medium Neural 0.0597 0.0088 0.0938 0.89 0.0696 0.0129 0.1136 0.82
Wide Neural 0.0459 0.0043 0.0656 0.94 0.0822 0.0149 0.1221 0.79
Bilayered Neural 0.0532 0.0091 0.0956 0.88 0.0612 0.0134 0.1155 0.81
Trilayered Neural 0.0517 0.0089 0.0942 0.88 0.0605 0.0138 0.1173 0.81

Table A5 
Performance comparison of regression models in RLA For Scenario 6

Train Test
Model MAE MSE RMSE R2 MAE MSE RMSE R2

LINEAR REGRESSION
Linear 0.0722 0.0137 0.1171 0.82 0.0731 0.0141 0.1187 0.80
Interactions Linear 0.0607 0.0101 0.1003 0.87 0.0698 0.0163 0.1277 0.77
Robust Linear 0.0702 0.0178 0.1333 0.77 0.0723 0.0194 0.1392 0.73
Stepwise Linear 0.0618 0.0110 0.1049 0.86 0.0634 0.0111 0.1054 0.85
REGRESSION TREES
Fine Tree 0.0303 0.0039 0.0627 0.95 0.0717 0.0191 0.1382 0.73
Medium Tree 0.0466 0.0085 0.0920 0.89 0.0612 0.0145 0.1205 0.80
Coarse Tree 0.0568 0.0118 0.1086 0.85 0.0638 0.0149 0.1222 0.79
SUPPORT VECTOR MACHINES
Linear SVM 0.0684 0.0145 0.1204 0.81 0.0694 0.0152 0.1234 0.79
Quadratic SVM 0.0572 0.0115 0.1072 0.85 0.0604 0.0121 0.1100 0.83
Cubic SVM 0.0472 0.0086 0.0927 0.89 0.0560 0.0010 0.0987 0.86
Fine Gaussian 0.0444 0.0079 0.0886 0.90 0.1133 0.0295 0.1718 0.59
Medium Gaussian 0.0511 0.0097 0.0986 0.87 0.0566 0.0107 0.1033 0.85
Coarse Gaussian 0.0670 0.0136 0.1166 0.82 0.0676 0.0139 0.1178 0.81
GAUSSIAN PROCESS REGRESSION
Rational Quadratic 8.36e-05 1.87e-08 0.0001 1.00 0.0578 0.0104 0.1018 0.86
Squared Exponential 0.0001 5.15e-08 0.0002 1.00 0.0683 0.0132 0.1150 0.82
Matern 5/2 8.66e-05 2.00e-08 0.0001 1.00 0.0599 0.0110 0.1048 0.85
Exponential
ENSEMBLES OF TREES
Boosted Trees 0.0535 0.0093 0.0963 0.88 0.0588 0.0113 0.1065 0.84
Bagged Trees 0.0358 0.0052 0.0721 0.93 0.0554 0.0114 0.1070 0.84
NEURAL NETWORK
Narrow Neural 0.0560 0.0105 0.1023 0.86 0.0612 0.0111 0.1054 0.85
Medium Neural 0.0553 0.0074 0.0861 0.90 0.0717 00122 0.1104 0.83
Wide Neural 0.0373 0.0026 0.0514 0.97 0.0928 0.0182 0.1349 0.75
Bilayered Neural 0.0479 0.0077 0.0875 0.90 0.0610 0.0132 0.1151 0.82
Trilayered Neural 0.0481 0.0078 0.0885 0.90 0.0612 0.0125 0.1118 0.83
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Table A6 
Performance comparison of regression models in RLA For Scenario 7

Train Test
Model MAE MSE RMSE R2 MAE MSE RMSE R2

LINEAR REGRESSION
Linear 0.0770 0.0149 0.1220 0.80 0.0740 0.0144 0.1199 0.80
Interactions Linear 0.0663 0.0125 0.1119 0.84 0.0648 0.0130 0.1141 0.82
Robust Linear 0.0757 0.0207 0.1440 0.73 0.0728 0.0198 0.1406 0.73
Stepwise Linear 0.0669 0.0129 0.1137 0.83 0.0635 0.0126 0.1122 0.83
REGRESSION TREES
Fine Tree 0.0352 0.0053 0.0727 0.93 0.0176 0.0661 0.1328 0.6
Medium Tree 0.0503 0.0098 0.0991 0.87 0.0655 0.0184 0.1355 0.75
Coarse Tree 0.0624 0.0134 0.1159 0.82 0.0632 0.0154 0.1243 0.79
SUPPORT VECTOR MACHINES
Linear SVM 0.0725 0.0158 0.1255 0.79 0.0696 0.0150 0.1224 0.79
Quadratic SVM 0.0628 0.0134 0.1157 0.82 0.0616 0.0135 0.1164 0.81
Cubic SVM 0.0588 0.0115 0.1070 0.85 0.0607 0.0134 0.1156 0.81
Fine Gaussian 0.0376 0.0056 0.0749 0.93 0.0637 0.0138 0.1174 0.81
Medium Gaussian 0.0569 0.0116 0.1076 0.85 0.0581 0.0122 0.1104 0.83
Coarse Gaussian 0.0696 0.0148 0.1216 0.81 0.0665 0.0143 0.1194 0.80
GAUSSIAN PROCESS REGRESSION
Rational Quadratic 0.0047 0.0001 0.0110 1.00 0.0580 0.0129 0.1134 0.82
Squared Exponential 0.0063 0.0002 0.0141 1.00 0.0701 0.0171 0.1309 0.76
Matern 5/2 0.0031 6.78e-05 0.0082 1.00 0.0622 0.0144 0.1198 0.80
Exponential 4.83e-05 8.75e-09 9.35e-05 1.00 0.0541 0.0117 0.1081 0.84
ENSEMBLES OF TREES
Boosted Trees 0.0607 0.0112 0.1057 0.85 0.0609 0.0128 0.1132 0.82
Bagged Trees 0.0421 0.0067 0.0816 0.91 0.0560 0.0126 0.1122 0.83
NEURAL NETWORK
Narrow Neural 0.0590 0.0112 0.1061 0.85 0.0584 0.0122 0.1104 0.83
Medium Neural 0.0579 0.0096 0.0982 0.87 0.0637 0.0135 0.1162 0.81
Wide Neural 0.0473 0.0059 0.0769 0.92 0.0702 0.0154 0.1243 0.79
Bilayered Neural 0.0521 0.0092 0.0960 0.88 0.0611 0.0137 0.1171 0.81
Trilayered Neural 0.0511 0.0089 0.0941 0.88 0.0613 0.0137 0.1173 0.81

Appendix B 

.

Table B1 
Trapezoidal Rule Calculation of Areas Under the Curves of Figure 8

Hours Actual Scenario 1 Scenario 2 Scenario 3

0 0 -0.06196 0.001677 0.005502
1 0 -0.05747 0.001677 0.00539
2 0 -0.0543 -0.00131 0.009166
3 0 -0.05265 -0.00066 0.01572
4 0.005156 -0.05272 0.008427 0.020084
5 0.044569 -0.06125 0.011387 0.045674
6 0.123169 -0.08926 0.143359 0.110453
7 0.326946 -0.09722 0.274514 0.269908
8 0.444135 0.045696 0.383478 0.500645
9 0.577094 0.252907 0.604034 0.641404
10 0.692264 0.532067 0.641365 0.753875
11 0.726599 0.724883 0.373679 0.696112
12 0.7689 0.731178 0.406016 0.679695
13 0.570539 0.692602 0.642644 0.685248
14 0.303218 0.380112 0.400898 0.333426
15 0.234184 0.092457 0.161005 0.099877
16 0.147901 0.065957 0.108772 0.079057
17 0.004814 0.036532 0.037098 0.034738
18 0 -0.00446 0.033382 0.013739
19 0 -0.01649 0.03967 0.019668
20 0 -0.02783 0.040755 0.025797
21 0 -0.03587 0.050936 0.0334
22 0 -0.03719 0.060723 0.03688
23 - - - -
Approximate Area 4.969 2.906 4.424 5.115
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