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ABSTRACT: The intermittent nature of photovoltaic (PV) power poses significant challenges to grid operations. However, accurate
forecasting is difficult since PV power depends on weather conditions that fluctuate within minutes. To address this, a novel multi-
layer weather classification-based regression model (MWCR) is developed to predict the PV output power for the coming 24 h in
different datasets with 1-h and 5-min as time steps. The key idea is to classify weather conditions at each time step to capture the
rapid PV power fluctuations. To address the absence of irradiance sensors, the power ratio of predicted power obtained by a long-
short term memory (LSTM) model over the maximum power in a clear sky is used to reflect sky condition. Classification is based on
power ratio, local irradiance, temperature, wind speed, and humidity. Then, for each class, a regression model with the same inputs
is developed. To improve the accuracy of the model, an LSTM model predicting power is integrated as an additional input to the
regression model. Prediction results of three datasets at 1-h and 5-min time steps demonstrate superior accuracy for both models
compared to an LSTM model alone in all testing datasets, especially on a day with high PV power fluctuations.

KEYWORDS: photovoltaic (PV) power forecasting; long-short term memory (LSTM) power; classification-based regression; multi-
layer weather classification-based regression (MVWCR)

1 Introduction

The penetration of green energy resources is becoming more
crucial these days than ever, due to the rapid increase in global
average temperature caused by burning fossil fuels [1]. In recent
years, countries are investing more in renewable energy since it is
identified as a replenishing resource that produces zero emissions
[2]. PV energy is one of the most widely used green energy
resources, with a worldwide capacity of 1100 GW by the end of
2024, which was sufficient to satisfy 2.1% of total energy
consumption worldwide [3]. The main problem associated with
PV energy is its intermittent nature. The generation of power
from a PV plant depends on the solar radiation at a specific
location and time [4]. PV power depends on highly variable
weather conditions such as cloud cover, humidity, and
temperature [5]. These meteorological factors show high
variations within minutes resulting in rapid PV power
fluctuations. Different solutions have been utilized to address the
intermittent nature of PV output power, such as power
forecasting to allow for advanced preparation for upcoming
fluctuations.

Different PV power forecasting techniques have been
developed as reviewed in Section 2. These techniques are classified
as physical and data-driven. For physical approaches [6-9], prior
knowledge of PV physical parameters along with climatological
factors are needed. However, these parameters may not be
available. Data-driven techniques are independent of physical

parameters [10], and some of them can derive PV power from
historical data without considering meteorological factors [11].
However, due to the intermittent nature of PV, the power-to-
power forecasting approaches cannot catch the rapid fluctuations
of weather conditions. To capture the relationship between
weather conditions and PV output, regression models were
developed [12, 13]. Their forecasting accuracy is high on sunny
days, but low on days with varying weather conditions.

In this paper, a multi-layer weather classification-based
regression (MWCR) model is developed to forecast 24 h ahead
PV power at 1-h and 5-min time steps in Section 3. The key idea
is to classify weather conditions based on irradiance, temperature,
humidity, and wind speed at each time step to capture the rapid
fluctuations in weather conditions. Due to the absence of
irradiance sensors, the publicly available local irradiance based on
clear sky cannot reflect the actual sky condition. To address this,
the ratio of predicted power obtained by a long-short term
memory (LSTM) model over maximum power calculated by the
physical model is used to replace local irradiance to account for
the sky condition. By using the k-nearest neighbor, weather
conditions are classified into clear sky, partly cloudy, mostly
cloudy, and cloudy. Then, for each weather class, a unique
regression model is developed by the general regression neural
network (GRNN). Climatological factors used for regression are
local irradiance in clear sky, temperature, humidity, and wind
speed along with the power ratio. As LSTM model power-to-
power prediction gives an estimate of the PV power, it is also
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Nomenclature
I, Solar constant
Ic Irradiance during the measurement
Isrc Standard test condition irradiance
k Power temperature coefficient
L City latitude
n Number of the day in a year
Ppy Maximum PV output power
Ppv max Maximum PV power in clear sky
Pgrc Power at the standard test condition
Tc Temperature at the operating point
Tsrc Temperature at the standard test condition
8 Declination angle of the sun
w® Hour angle

added as input to the regression model to develop the enhanced
model.

The above models are tested using PV power data collected
from a 2-MW solar farm located at Rochester Institute of
Technology in the USA for 3.5 years with 5 min as a time step as
discussed in Section 4. Three different weather datasets are used
for testing. The first dataset is to test the model performance in a
real-case scenario based on 1-h historical actual and historical
forecasted weather data available for 3.5 years. The second one is
to test the model behavior to sudden PV fluctuations based on
actual historical 5-min weather data available for 3.5 years. The
third one is to test the model behavior to sudden PV fluctuations
under weather forecasting error. An error is added to the actual 5-
min weather for one month to reflect the effect of the forecasting
error. Performance evaluation is based on the common error
metrics correlation coefficient (r), root mean squared error
(RMSE), mean absolute error (MAE), and mean absolute percent
error (MAPE). Numerical testing results show our models
outperform a standalone LSTM model, especially during days
with high weather fluctuations.

The main contributions of this paper are summarized below:

1. Classification of weather conditions at each time step to
address the rapid PV power fluctuation.

2. A regression model for each weather class for PV prediction
with the absence of irradiance sensors data, and an enhanced
MWCR model with an LSTM model power prediction added to
inputs for regression.

3. Improved PV power forecasting accuracy compared to single
regression, convolutional neural networks (CNN), gated recurrent
unit (GRU), and LSTM models during different days of the year,
especially days with high weather fluctuations.

2 Literature review

This section gives a summary of the existing work on forecasting
the PV output power. Section 2.1 reviews regression models,
Section 2.2 shows power-to-power forecasting methods using only
PV power data, and Section 2.3 summarizes weather classification
methods.

2.1 PV power forecasting using regression

Regression models need previous knowledge of weather data and
PV output power. Selecting input data and regression models are
discussed in Sections 2.1.1 and 2.1.2, respectively.

2.1.1 Selecting meteorological factors

Selecting the climatological factors affecting the PV output is
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controversial. The most widely known parameters are
temperature and irradiance [14, 15]. However, more factors
showed an influence on PV output power. Zakzouk et al. [16] did
an experimental study about the effect of normal radiation,
ambient temperature and wind speed on the PV power and
efficiency. As the temperature increases, the PV output power and
efficiency decrease. They increase with increasing the solar
radiation and wind speed as wind cools solar panels preventing
electrons from escalating to the excited state and allowing more
current to pass. Chaichan and Kazem [17] tested the effect of
humidity on the PV panel output over one year, and Park et al.
[18] conducted five different tests to test the relationship between
moisture variation and PV power output. Both studies showed
that humidity reduces the PV efficiency and leads to fast
degradation since water droplets found on the PV panel can
reflect and refract sunlight beams away from the panel causing less
absorption of sunlight by the panel. Jena et al. [19] showed by
experiment that snow decreases the PV output power.
Hosenuzzaman et al. [20] studied the effect of shading on PV
performance; a partial shading of the PV surface can decrease the
PV output power by more than 50%. Samal and Bisoyi [21]
demonstrated that moisture and dust have a high effect on
reducing the PV output power, where dust showed the most
significant influence by reducing generation by 2.73% per day.

2.1.2 Selecting regression model

Different regression models for forecasting the PV power have
been developed. Mathur et al. [22] did a comparative study of the
linear, Poisson and Lasso regression to predict the PV power
based on temperature, humidity and luminous intensity. Results
showed that linear regression outperformed the other two models.
Alfadda et al. [23] used support vector regression to predict one
day ahead of PV power forecasting with one hour as a timestep.
Features selected for regression models were temperature,
humidity, visibility, windspeed, and wind direction. Support
vector regression outperformed the polynomial and Lasso
regressions. Shaban et al. [24] compared classical and neural
network models' performances in PV power forecasting. The
classical model was the multiple linear regression and the neural
network models were a multilayer perceptron using a radial basis
function. Inputs of regression models were temperature and
irradiance. Neural network models showed higher accuracy than
their linear regression counterparts.

Machine learning models have shown higher accuracy over
classical models. Several artificial neural network techniques have
been developed for predicting PV output power. Fentis et al. [25]
tested the performance of two supervised machine learning
techniques, least square support vector regression and feed-
forward neural network with the Levenberg—Marquardt algorithm.
Inputs of the regression models were solar irradiance and cell
temperature. Feed forward neural network outperformed the least
square support vector regression. Serfa Juan and Kim [26]
developed an algorithm that forecasts the PV power using a
generalized regression neural network (GRNN). The developed
model inputs are the IV characteristic curve, weather conditions,
and temperature parameters. The developed model shows a
higher accuracy compared to a feed-forward neural network.

Given the high performance of GRNN model, it was chosen for
comparison with the developed models in this paper.

2.2 Power-to-power forecasting

The PV output power should be available to build a regression
model for prediction. However, the PV output power is time-
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series data and could be used alone to build a power-to-power
time series prediction. Gupta et al. [27] built two machine learning
models, the Facebook Prophet and XGB model for solar power
forecasting. At the end of that study, the XGB model performed
better than the Facebook prophet model. Different deep learning
neural networks (DLNN) have been used for short and long-term
prediction using only historical PV power data. LSTM networks
were first introduced in Ref. [28] as a modified recurrent neural
network. LSTM model output depends on cell states which are the
long-term memory of the network, output data at the previous
time step and input data at the current time step. An LSTM layer
is able to learn long-term dependencies and is often used for both
time series prediction and language model predictions. A simple
architecture consists of a set of LSTM units each representing a
state at time step t and a dense output layer as shown in Fig. 2.
The performance of five different deep learning models has been
tested in Ref. [29] where LSTM achieved the highest accuracy.
Due to the dependency of PV output on meteorological factors,
regression models that relate these factors with PV output have
been more accurate than time-series predictions, especially during
days with highly variable weather conditions [30]. Kardakos et al.
[31] addressed two methods for PV forecasting, the time series
method using autoregressive integrated moving average with PV
power as input, and the artificial neural network (ANN)
regression model with multiple weather inputs, where ANN
shows better accuracy.

2.3 Weather data classification

Forecasting PV power is more challenging in winter than in
summer, due to the high fluctuations in power caused by the
variable weather conditions, such as irradiance, temperature, wind
speed, and humidity in winter. Therefore, weather classification
methods are reviewed in this section. Zhao and Wu [32]
developed a weather classification model using a convolutional
neural network to classify visual images into 4 different classes,
sunny, foggy, rainy, and snowy. The developed model showed a
better accuracy of 5% compared to traditional techniques. Mali et
al. [33] tested the performance of support vector machine (SVM)
and linear regression in classifying weather conditions based on
measured data, temperature, wind speed, humidity, and pressure.
Data were classified into four different classes, cloudy, partly
cloudy, sunny, and cold. Linear regression performs with an
accuracy of 94%, 95%, and 71% using temperature, pressure, and
humidity respectively. Support vector machines’ classification
accuracy was 96%. Naik and Pathan [34] used feed-forward ANN
to predict hourly future weather conditions and classify them
using the Levenberg—Marquardt algorithm. The inputs of the
weather prediction model were temperature, air pressure, and
wind direction. The weather was classified as sunny, rainy, or
partly cloudy. The Levenberg—Marquardt algorithm showed the
best performance over other back propagation algorithms.

2.4 Classification-based regression models

In order to capture the fluctuations of the PV power, several
researchers have developed weather classification-based prediction
models.

Shi et al. [35] developed a PV power prediction model that is
based on weather classification and SVM. Weather conditions
(solar irradiance and temperature) are classified into clear sky,
cloudy day, foggy, and rainy for the whole day, and the PV power
is predicted for the coming 24 h. Results showed a significant
improvement in the prediction accuracy. Agarwal et al. [36]
classified whole day weather conditions using radial basis function
support vector machines into sunny, rainy, and cloudy. Then, the
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neural network model corresponding to each weather class has
been applied to forecast the solar PV output. Wang et al. [37]
divided the daytime into 2-h intervals and added a weather class
for each. Weather conditions are classified into 4 different
categories based on irradiance, temperature, wind speed, and
humidity.

In order to improve the accuracy of PV power forecasting
under continuously variable weather conditions, the developed
model classifies these conditions at each time step rather than the
whole day or large time window as done in prior work.

3 Methodology

This section presents the MWCR model layers, the E-MWCR
(enhanced MWCR) model, evaluation criteria, and dataset
description. The physical model layer is presented in Section 3.1;
LSTM layer in Section 3.2; classification layer in Section 3.3;
regression layer in Section 3.4; the enhanced model is presented in
Section 3.5; evaluation criteria in Section 3.6; dataset description in
Section 3.7 and experimental testing description in Section 3.8.

To address the difficulty of predicting the PV power on days
with rapid weather conditions fluctuation, the key idea is to
classify weather conditions in each time slot into four different
weather classes (clear sky, partly cloudy, mostly cloudy, and
cloudy). The classification will be based on temperature, wind
speed and humidity as discussed in the third layer in Section 3.3.
Irradiance is the most significant input for weather classification,
but irradiance sensors are rarely installed in solar farms. So, to
address this issue, the novel idea is to add the ratio of PV actual
power over the maximum power calculated by the physical model
in a clear sky using the local irradiance in clear sky and external
temperature (1st layer discussed in Section 3.1) to reflect sky
condition. However, the actual power for the next 24 h is not
available. So, the LSTM model (2nd layer discussed in Section 3.2)
is added to predict the PV power for the next 24 h with 5 min as a
time step to give an estimate of the actual PV power data. In the
4th and final layer, a unique regression model is built for each
weather class with power ratio, maximum local irradiance,
external temperature, wind speed and humidity as inputs as
presented in Section 3.4. The developed multi-layer model
consisting of four layers is presented in Fig. 1. The enhanced
model with LSTM predicted power added to regression inputs is
defined. In Section 3.6, the model evaluation criterion is
presented.

3.1 Firstlayer: Physical model

Weather data, such as temperature, humidity, and wind speed are
available online for certain areas such as a city or town. However,
irradiance data are not available for small areas. In addition, most
PV panels are not equipped with irradiance sensors. For this
reason, the maximum local irradiance is considered in this study.
The maximum local irradiance, I,,,.,depends on city latitude and
varies from day to day, being higher during the summer months.
Also, irradiance changes from one hour to another due to the
change in the hour angle that is considered 0° at solar noon where
highest solar irradiance is reached. Local irradiance, I, for a
specific area in a clear sky condition is calculated using Egs. (1)
and (2) [38]:

T = Io (14 0.033cos (27(n — 4) /365)) (sin Lsin &
+cosLcosdcosw) (1)

8~ esin ((284+n) 360) 2
365
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Fig.1 MWCR model.

where § is the declination angle of the Sun, # is the sequential
number of the day in a year with n =1 for the 1st of January,
€=2345° L is the city latitude, I, =1.366 kW/m’ is the solar
constant, and w is the hour angle that reflects the variation of the
location of the sun in the sky by time. This value is zero at solar
noon, negative before, and positive after the solar noon. It is
calculated using Eq. (3):

w=(t,—12h) x15/h 3)

where t, is the solar time calculated as in Eq. (4):

A

tg_tc+15/h Z.+E (4)
where ¢, is the civil time in hour, A is the city’s longitude, Z, is the
time zone defined as + or — an integer number of hours in
relation to Coordinated Universal Time. In addition, E is the
“equation of time” used to calculate the difference between the
time shown on a standard clock and the time indicated by the
Sun’s position (as seen on a sundial) [39]. The equation of time
can be approximated as shown in Eq. (5):

E=6.24+0.017 [365.25 (y — 2000) + d] (5)

where d represents the number of days since 1st of January of the
current year y.

Irradiance calculated using Eq. (1) is the irradiance that is
coming from the Sun in a clear sky condition and not the one
hitting the PV panel. So, using Eq. (1) in a PV model will not give
the actual output power, instead, it will represent the maximum
PV power in a clear sky with a panel moving to face the Sun. The
PV power mathematical model, Ppy;, is presented in Eq. (6):

I

PPV:PSTCIL[I'i_k(TC_TSTC)] (6)
STC

where Pgpc is the power at the standard test condition, I, is the

actual irradiance during measurement considering the sky

condition which is less than the maximum irradiance in the clear
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sky I in Eq. (1), Igc is the standard test condition irradiance
(1 kW/m?), k is the power temperature coefficient (0.5%), T¢. is the
temperature at the operating point, and T is the temperature at
the standard test condition (25 °C).

The maximum irradiance calculated in Eq. (1) is substituted in
Eq. (6) to get the maximum PV power in a clear sky as presented
in Eq. (7).

PPV.max - PSchml[l‘i‘k(Tc - TSTC)] (7)
STC

The actual irradiance received by the panels is not available due
to the absence of irradiance sensors; therefore, the actual PV
power cannot be calculated. For this reason, the maximum PV
power in a clear sky calculated in Eq. (7) and the LSTM PV power
to be introduced in the next subsection are used to get the power
ratio that could reflect the sky condition.

3.2 Second layer: Power-to-power prediction by LSTM

An estimate of the PV output power is needed to calculate the
power ratio; however, during real-time forecasting, only time
series predictions can be used to predict the PV power due to the
absence of weather inputs used in regression models. In this layer,
LSTM is used for a time series PV power prediction that depends
only on PV power historical data. The inputs will be P, till P,
which represents the PV power for each 1 h of the input sequence
length. P,,, is the power to be predicted one step after the end of
the input sequence as shown in Fig. 2.

In this study, the output is the LSTM PV power Ppysrm of
sequence length of 24 for the 1-h time step data which represents
the PV power in 24 h at 1-h time steps where P,,,, is the last
output element. A sequence-to-sequence prediction is used with
an input vector including PV power of the length of 3 months
with 1-h time step. The goal is to predict the coming 24 h, so the
output is a sequence of PV power for the next 24 h (24 data
points) with 1-h as a time step at the end of the input vector.
During training, the data will be shifted by 24 h, so the second
input vector to be trained will start from the 2nd of January.

Cybemetics and Intelligence, 2026, 1(2): 9390010
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Fig.2 Single LSTM configuration: one hidden layer with # units and one
dense.

LSTM will continue to train the model till the end of the given
training data.

The power ratio P, of predicted power using LSTM over
maximum power calculated in Eq. (7) can reflect the sky
condition Eq. (8) .

P.= PPV.LSTM/PPV.max (8)

The closer the ratio to one, the irradiance is closer to its
maximum value, and hence the sky is clear. This ratio will address
the issue of the missing actual irradiance value received by the PV
panel.

3.3 Third layer: Classification by k-nearest neighbor

Due to the high intermittency of PV power within the same day, a
single regression model is not sufficient for accurate prediction.
Since irradiance has the most significant influence on PV power,
meteorological factors along with power ratio are classified in
terms of sky condition that reflects the irradiance value, ie., clear
sky, partly cloudy, mostly cloudy, and cloudy classes. k-nearest
neighbor (KNN) classifier is used with the ratio of predicted actual
power from the 2nd layer over the maximum power from the 1st
layer, external temperature, wind speed, and humidity as inputs.
KNN assumes that similar labels are close to each other, so it will
assign the test point a class label based on the majority vote.

3.4 Fourth layer: Regression by GRNN

For each weather class, a regression model is built based on
GRNN which was first introduced by D. F. Specht [40]. It is an
improved technique of neural networks based on nonparametric
regression. A GRNN is a radial basis feedforward neural network
that consists of four layers, input, pattern, summation and output
layer as shown in Fig. 3.

For the problem under study the local irradiance, temperature,
humidity, wind speed, and power ratio were used for each
weather class separately to predict the PV output power. The
output is the predicted PV power given the value of the input
vector.

Input  Pattern Summation Output
layer  layer layer layer

Maximum local
irradiance /...,

Predicted PV
power Ppy reg

Temperature
Wind speed

Humidity

Power ratio P,

Fig.3 GRNN model.
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3.5 E-MWCR model

During a sunny day, the maximum local irradiance is close to the
actual irradiance at the PV panel. During a cloudy day, the PV
panel receives the minimum value of irradiance compared to
other weather classes. Therefore, the regression model can predict
the PV power with good accuracy in a clear or cloudy sky. On the
other hand, during a partly or mostly cloudy day, the portion of
received local irradiance is uncertain. The received irradiance by
the panel could take any value from the maximum local irradiance
depending on the cloud cover. Due to the uncertainty of weather
conditions on partly and mostly cloudy days, misclassifications are
expected to occur during days with highly variable weather
conditions, and the MWCR model cannot accurately predict PV
power.

To address the above, the LSTM predicted power is added to
the regression model to estimate the PV power value at a certain
time. Consecutive days are mostly having close average daily
power. LSTM average daily predicted power is most probably
higher than the actual average daily power, due to the fact that PV
power takes an inverted parabola shape on most of the days, so
LSTM will be trained and predict that shape in most cases which
would be far from the actual PV power with fluctuations due to
varying weather conditions. An opposite correlation between
predicted power using LSTM and actual power exists. To build
the E-MWCR model, the LSTM power is added as an additional
input to the regression model in the fourth layer of the MWCR
model (Fig. 1), and all other layers of the MWCR model are kept
with the same inputs and outputs. The LSTM power input to the
regression model is presented as a dashed line in Fig. 4. The
classification layer will help in the prediction of PV fluctuations
and LSTM power will help in getting the predicted power closer to
actual value, for example, actual power will decrease in case of
changing the weather class from clear sky to partly cloudy, LSTM
cannot rapidly transfer from a higher to a lower value and vice
versa, resulting in a higher error in predicting during transition
from one weather class to another. So, a regression with LSTM
power input gives an estimate of the power that should be
dropped after being classified.

3.6 Model evaluation criterion

The performance of layers and multi-layer model is evaluated
based on the common error metrics: correlation coefficient shown
in Eq. (9), mean absolute error (MAE) in Eq. (10), mean absolute
percent error (MAPE) in Eq. (11), and root mean squared error
(RMSE) in Eq. (12).

Y =% (=)

r= = — - 9)
VI G0 L 0i-)
1. n
MAE = ;Zizl\xﬁﬂ (10)
100% x—~n | Xi— i
MAPE = 11
vl ay

RMSE = m (12)

where x; and y, are the actual and forecasted values of the PV
output power respectively, and X and y are the average values of
the actual and the forecasted data, respectively.
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Fig.4 E-MWCR model.

3.7 Dataset description

The testing data were collected from a 2 MW solar farm located at
the Rochester Institute of Technology in New York. The PV
output power is from June 13th, 2018, to December 31st, 2021,
with 5 min time steps (347,124 data points) with some missing
data due to interruption. The solar farm is shown in Fig. 5.

The weather conditions collected from NOAA consisting of
external temperature, humidity, wind speed and direction are
available from June 1st, 2018, to December 31st, 2021, with 5 min
time steps (357,171 data points) with some missing readings due
to interruption. However, only 26,006 time slots, that are
randomly located over the 3.5 years, have weather classes. The
weather classes are classified as 6662 clear sky, 6918 partly cloudy,
5730 mostly cloudy, and a total of 6696 of wintry mix, storm,
snow, flurries, drizzle, and cloudy which are combined as cloudy.
Figure 6 represents the daily average PV output power,
temperature, humidity, and wind speed over the year 2021.

Referring to Fig. 6(a), wind speed records the highest values
between 5 and 22 mph for the days between 320 and 356, which
correspond to mid-November till the end of December. The
lowest wind speed between 1.7 and 5 mph corresponds to days
from 165 to 260, which is mid-June to mid-September. Referring
to Fig. 6(b), the lowest humidity between 30% and 70% is
recorded from days 52 to 92, which corresponds to the end of
February till the first week of April. Other days of the year show
approximately the same fluctuating humidity between 60% and
90%. Referring to Fig. 6(c), the highest temperature values
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between 58 and 84 °F are recorded from days 160 to 240, which
correspond to June, July, and August. The lowest temperature
values between 15 and 29 °F are recorded from days 25 to 50,
which correspond to the end of January and mid-February.
Referring to Fig. 6(d), the maximum power of 1189 kW is
recorded on the 29th of June, and the minimum of 108 kW is
recorded on the 1st of January.

3.8 Experimental testing description

Testing MWCR and E-MWCR performance includes testing of
each layer in the model structure, testing the effect of omitting a
layer from the model and comparing model prediction
performance with other models.

Models” performance is compared with the performance of the
single regression, CNN, GRU, and LSTM models. The single
regression is unclassified regression using GRNN with 5 input
features (local irradiance, temperature, humidity wind speed, and
power ratio); after hyperparameter tuning, hidden layers are set to
30 and 10 neurons, respectively; and activation of “ReLU”. In the
CNN, GRU, and LSTM configurations, the number of hidden
layers is 6, each with 24 units. Units are equal to the number of
time steps in one day (24 h). The epoch size is set to 100, and the
batch size is 64 using the “Adam” optimizer. For MWCR and E-
MWCR, the number of the input features is 5 (temperature,
humidity, wind speed, local irradiance, and power ratio) and 6
(same as in the MWCR model with LSTM predicted power
added), respectively, and the activation function and the number
of hidden layers are the same as those of the single regression.

The dataset was split as the first 80% for training, second 10%
for validation, and the last 10% for testing, to maintain the data
sequence to be used for time series prediction models for fair
comparison. Days of missing information are omitted from the
training and testing datasets to make sure that data are kept
sequential. Also, testing days are eliminated from the training
dataset.

MWCR, E-MWCR, and single regression inputs should be the
forecasted weather conditions (temperature, wind speed, and

Cybemetics and Intelligence, 2026, 1(2): 9390010
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Fig.6 Daily average in 2021: (a) wind speed (mph); (b) humidity (%); (c) temperature (°F); (d) power (kW).

humidity) for the next day and not the actual data. The MWCR
model accuracy is tested using 3 different datasets. The first is to
test the prediction performance in a real-life environment using
the historical actual and historical forecasted weather data with 1 h
as a time step. The data are collected from NOAA for training and
validation for 3 years and 54 days (80% of the available 3.5 years)
and the historical forecasted weather data are collected from Ref.
[42] for 4 months and 6 days (10% of the available 3.5 years). The
model has also been evaluated using 5-min weather data to
address the rapid fluctuations in PV power that are not apparent
in hourly data. So, the second test is to test the model performance
during rapid PV fluctuations within minutes assuming perfect
weather forecasting in the future with 5 min as a time step. The
data are the actual historical weather conditions since the
historical forecasted data is not available collected from NOAA
with 5 min as a time step for training, validation and testing (at
80%, 10%, and 10% data split, respectively) for a total of 3.5 years.
In order to perform a more realistic test, a noise is added to the 5-
min actual weather data for one month in the third test to reflect
the forecasting error in the weather data since forecasted 5-min
weather data are not available. The forecasted 15-min weather
data are available for the coming day. However, PV power data
are not recorded at a fixed time steps after December 2021 due to
technical issues. So, testing the model is not possible at the 15-min
time step since forecasted weather data and PV power data are not
at the same time steps in June 2024. The main goal is to create a
noise in the 5-min weather data in a realistic way that matches
variations in weather conditions in the 15-min data on days with

https://doi.org/10.26599/CAI.2025.9390010

close PV power fluctuations for a month when 5-min weather
data and PV data are available. The 15-min weather actual and
forecasted data were collected manually for June 2024 from Ref.
[43]. A probability distribution is created for each day separately
using MATLAB, and the deviation in the actual PV power in each
day is measured. The noise is added to the 5-min weather data of
June 2021 for each day based on the probability distribution
created in a day with the closest PV power deviation. The
cumulative distribution function is measured at each 5-min based
on the 15-min probability distribution to get the estimate of the
forecasted weather. The training and validation datasets are the
same historical actual weather data with 5 min as a time step used
in the second testing case for 3 years and 54 days. The testing data
are the weather data with 5 min as a time step with the added
noise for June 2021.

4 Results

This section presents a summary of testing results of 1st and 2nd
layers in Section 4.1, testing results of 3rd and 4th layers in
Sections 4.2 and 4.3, respectively, the effect of each layer in Section
44, and comparison of MWCR and E-MWCR performance to
other models’ results in Section 4.5.

First, layers are tested individually in a disconnected mode, so
that in case the model shows a low accuracy the cause of the error
will be known. No connection between layers is established and
inputs of each layer are taken from the weather dataset presented
in Section 3.6. The physical layer dataset inputs are taken from the

Available on

NEES L | IEEE Xplore*

Tsinghua University Press



https://doi.org/10.26599/CAI.2025.9390010

9390010-8

Bahij Z, Yan B, McConky K

weather dataset; the LSTM layer inputs are taken from historical
PV data; the classification and regression layers inputs are taken
from the weather dataset without considering the weather class in
the regression layer. After testing each layer separately, all layers
are connected together as shown in Fig. 1 to form MWCR.
Testing accuracy is then evaluated using the common error
metrices mentioned in Section 3.6. The models have been
implemented in MATLAB 2022 Deep Learning toolbox.

4.1 Mathematical model layer and LSTM results

Local irradiance values of Rochester city are calculated using Eq.
(1), where latitude L = 43.16103 °N, w is the hour angle, and solar
constant I, = 1.366 kW/m> There is no prior knowledge of the
physical parameters of the PV panels. Using the historical power
dataset, power at standard test condition Pgyc at temperature of
25 °C and irradiance of 1 kW/m’ is found to be 1636 kW. Using
the physical model presented in Eq. (4), the maximum PV power
Ppy max is calculated in a clear sky condition at irradiance calculated
using Eq. (1). Figure 7 represents actual PV power, PV power
calculated using the physical model, and the ratio of actual power
over maximum power calculated from the physical model for the
year 2021.

According to Fig. 7, the difference between the actual PV power
output and the PV power output calculated using the physical
model is large during the winter since the physical model
considers the local irradiance in clear sky conditions. In addition,
the ratio is closer to one during the summer when most of the
days have clear sky, and the local irradiance is close to the actual
irradiance. The maximum power ratio is 0.976 at day 165 which is
mid-June, and the minimum ratio is 0.586 on the 2nd of January.

4.2 Classification results

KNN classifier inputs are temperature, humidity, wind speed, and
the ratio of LSTM power over maximum power with a k (number
of neighbors) value of 5. The available 26,006 classified time slots
are divided sequentially into 80% for training, 10% for validation,
and 10% for testing. Table 1 represents the confusion matrix of
classifying the 4 different weather classes of the testing data.

As shown in Table 1, the highest classification accuracy is
recorded for clear sky and cloudy since weather conditions of
these two classes come at extremes. Also, the misclassification
occurs between two consecutive weather classes since weather
conditions are close and varies smoothly between two close sky
conditions. For clear sky, only 0.04% was wrongly classified as
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Table1 Classification accuracy

Predicted value
Clear sky  Partly cloudy

Actual value

Mostly cloudy  Cloudy

Clear sky 6633 29 0 0

Partly cloudy 21 6707 165 25
Mostly cloudy 5 52 5484 189
Cloudy 0 22 78 6596

partly cloudy. Cloudy class was misclassified at 1.16% and 0.03%
between mostly cloudy and partly cloudy, respectively. Partly
cloudy was misclassified between mostly cloudy and cloudy with
1.7% and 0.25% respectively. Mostly cloudy recorded the lowest
accuracy where 0.93% and 3.2% were wrongly classified into
partly cloudy and cloudy respectively. The values of temperature,
power ratio, humidity, and irradiance should be highest during
clear sky day and lowest during cloudy day, so these two extreme
classes are classified more accurately than the two others (partly
and mostly cloudy). After testing the KNN classifier and getting
good accuracy, the remaining unclassified weather conditions are
filled.

4.3 Regression results

In this section, GRNN was tested to check its performance as a
single layer. No connection between previous layers is established.
The aim is to find the relationship between meteorological factors,
local irradiance in a clear sky, temperature, humidity, and wind
speed, with PV output power for each weather class. The 26,006
data points with assigned weather classes are used. Testing results
for each weather class are shown in Table 2. Figure 8 shows the
predicted vs. actual power for clear sky, partly cloudy, mostly
cloudy, and cloudy days.

The highest recorded PV power in the available 26,006
classified weather is 1636, 1475, 860, and 456 kW in clear sky,
partly cloudy, mostly cloudy, and cloudy classes, respectively, as
shown in Fig. 8. GRNN for a clear sky class shows the best
performance, r is 99.8% due to the close values of actual irradiance
and local irradiance. Cloudy days shows also a good r of 95.65%
since in cloudy days when the sky is completely covered with
clouds, the actual irradiance is a specific portion of the local
irradiance. Partly cloudy and mostly cloudy classes recorded the
lowest accuracy, r of 88.45% and 87.89% since these are classes of
wide range of weather conditions.

4.4 The MWCR model test: Effect of each layer

In order to test the effect of each layer on the performance of the
whole MWCR model, each layer is omitted from the model and
the training and testing performance using evaluation criteria
mentioned in Section 3.6 is evaluated. The 1-h actual weather data
and actual PV data for the first 80% of available data are used for
training and validation. The 1-h forecasted weather conditions
collected from Ref. [42] for the testing data in the dataset along
with the PV power collected at the same time from solar farms are
used for testing

The first and second layers are used to calculate the power ratio

Table2 GRNN accuracy

Testing data r(%) MAE (kW) MAPE (%) RMSE (kW)
Clear sky 99.86 75.25 24.96 170.56
Partly cloudy ~ 88.45 75.64 38.50 169.79
Mostly cloudy  87.89 70.45 47.79 83.48
Cloudy 95.65 49.16 26.45 57.55
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to be used as an input in both the classification and regression
layers (3rd and 4th layers, respectively). The 1st and 2nd layers are
omitted together to test the effect of the power ratio on the
prediction accuracy. The third layer is omitted to test the effect of
the classification layer, so the PV power is predicted using single
regression without classification. Results are shown in Table 3.

Omitting 1st and 2nd layers results in removing the power ratio
P, from the MWCR inputs. The power ratio is used to replace the
irradiance which is the most significant factor affecting the PV
power [20]. This results in a high prediction error, and r is only
4629% in the testing datasets, respectively. Omitting the
classification layer results in a single regression model that will
predict the PV power without classification. All of the model
inputs (power ratio, maximum local irradiance, temperature, wind
speed, and humidity) are kept as inputs for the single regression
model which increases the prediction accuracy over omitting the
power ratio input. The correlation r is 79.4% on the testing
dataset. MWCR model with all inputs and layers records the best
accuracy since it is a classification-based regression model that
uses power ratio to estimate the actual irradiance data.

4.5 Testing MWCR and E-MWCR accuracy
The MWCR and E-MWCR models are tested using three

different datasets: hourly actual weather data, 5-min actual
weather data, and 5-min actual weather data with added noise.
The first is to test the prediction performance in a real-life
environment using the historical actual and historical forecasted
weather data with 1 h as a time step. The second one is to test the
model performance during rapid PV fluctuations within minutes
assuming perfect weather forecasting in the future with 5-min as a
time step. The third one is to test the model performance during
rapid PV fluctuations within 5-min considering weather
forecasting with errors. A distribution of error is formed based on
the error that occurred in the 15-min weather data. The training
and validation datasets are the same historical actual weather data
with 5-min as a time step used in the second testing dataset. The
testing data are the weather data with 5-min as a time step with
the added noise for June 2021. Model performance is compared
with the performance of the single regression, CNN, GRU, and
LSTM models.

4.5.1 Prediction results using the 1-h actual weather data

In this test, the MWCR and E-MWCR are tested in a real-life
environment since both the historical actual and historical
forecasted weather data are available at a 1-h time step for
previous years. The actual 1-h weather and PV data will be

Table3 Effect of each layer on the MWCR model performance

o 7 (%) MAE (kW) MAPE (%) RMSE (kW)
Missing layer — - — - — - — -
Training Testing Training Testing Training Testing Training Testing
First and second 46.29 41.24 288.39 301.46 102.80 285.92 160.20 191.30
Third 81.12 79.40 115.82 123.60 51.10 198.41 112.20 157.23
MWCR 90.11 86.67 51.94 82.15 24.67 40.23 78.87 88.95
E-MWCR 94.89 91.06 49.52 76.30 21.67 38.20 57.56 74.02
. . ‘gﬁ'%‘ N ‘\é ﬂ Hﬁﬁ: Available on
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extracted from the whole available dataset discussed in Section 3.7
for training and the forecasted weather data for Rochester city are
taken from Ref. [42] for testing. Training will be done using the
actual weather conditions, temperature, humidity, wind speed
along with the local irradiance calculated using Eq. (1) and the
power ratio calculated from the 1st and 2nd layers.

During testing, the forecasted weather conditions along with
the calculated local irradiance and power ratio will be used as
inputs for the MWCR model starting after the end of training and
validation data. Other prediction models that are used for
comparison are time series models that require only time series
data of the PV power for the last 3 months at 1-h time step.
Results shown in Table 4 demonstrate the accuracy of E-MWCR
model compared to all others.

To test model performance in different weather conditions,
prediction accuracy is calculated on six days over the year as
shown in Table 5 and Fig. 9. One sunny day (1st of August) where
PV prediction is easy with no unpredicted variations in weather
conditions, a spring day (1st of March) when small weather
variations occur, two rainy days (Ist of January and 1st of
October) when the weather class is cloudy for most of the times
and PV power output is low, two days during the transition from
one season to another where weather conditions show rapid
fluctuations (1st of May and 1st of October). On a sunny day with
no PV fluctuations like 1st of August all models show a high r
with the highest recorded by the E-MWCR. During that day the
sky is clear with no highly variable weather conditions, so the PV
power takes a perfect inverted parabola shape making it easier for

Table4 Performance comparison between single regression, CNN, GRU, LSTM, MWCR, and E-MWCR using the 1-h actual data

Model r (%) MAE (kW) MAPE (%) RMSE (kW)
ode
Training Testing Training Testing Training Testing Training Testing
Single regression 81.12 79.40 115.82 123.60 51.10 198.41 212.20 157.23
CNN 82.90 80.30 116.40 120.50 48.98 177.42 195.59 149.26
GRU 83.76 80.50 110.22 117.50 46.21 160.54 154.67 136.49
LSTM 86.74 80.91 93.41 112.40 35.40 111.90 168.23 127.70
MWCR 90.11 86.67 51.94 82.15 24.67 40.23 98.87 88.95
E-MWCR 94.89 91.06 49.52 76.30 21.67 38.20 57.56 74.02
Table5 Performance comparison between LSTM, MWCR, and E-MWCR on different days using the 1-h actual data
Istd (%) MAE (kW) MAPE (%) RMSE (kW)

Y TISTM MWCR EMWCR ISIM MWCR EMWCR LSTM MWCR EMWCR LSTM MWCR E-MWCR
January 87.71 92.48 93.28 26.97 22.08 20.34 65.37 51.92 48.57 49.74 39.16 34.23
March 85.73 95.36 96.34 74.58 44.28 40.34 66.53 49.79 47.16 137.66 84.61 80.35

May 83.38 92.58 94.27 73.40 44.93 40.23 41.93 40.41 37.45 127.76 76.13 70.26
August 97.49 98.39 98.98 78.41 73.28 70.23 49.54 39.66 31.45 13422 119.833 99.23
October 79.83 84.78 85.28 35.74 29.72 25.37 82.72 54.02 48.23 65.29 54.98 46.29

December  82.47 95.15 97.36 34.32 18.93 15.48 64.87 51.44 45.34 85.19 32.13 30.67
1st of January PV power 1stof March PV power 1st of May PV power
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a sequence-to-sequence prediction to predict a “routine” shape
PV power as shown in Fig. 9(d). On days with some PV
fluctuations like on the Ist of January, 1st of March, and 1st of
December, LSTM records less accuracy as r is 87.71% and 85.73%.
The MWCR model improves accuracy significantly: r increases to
92.48% and 95.36%, respectively, and the E-MWCR further
enhances r to 93.28% and 96.34%. As shown in Figs. 9(b) and 9(f),
PV power shows some fluctuations, and the sky is mostly cloudy
or cloudy with weather conditions.

The E-MWCR improved prediction accuracy over both models
on all days, especially on days with high fluctuations in PV power.
In days with seasonal changes such as in the first days of May and
October when there are more fluctuations in the weather
conditions and hence more fluctuations in the PV output power
as shown in Figs. 10(c) and 9(e). The weather forecasting error is
higher during these days that will affect the forecasting error of
both MWCR and LSTM which can be resolved by the E-MWCR
since it considers both weather condition and LSTM power as
inputs to reduce the effect of weather forecasting error and
misclassification of weather class.

4.5.2 Prediction results using the 5-min actual data

The available 1-h weather conditions data fail to capture many
sudden variations in the PV power and the historical forecasted

1st of January PV power

1st of March PV power

weather conditions data at 5-min time steps is not available. For
this reason, this test uses 5-min actual weather data collected from
NOAA for training, validation, and testing, assuming a perfect
weather prediction, to test the model performance during sudden
PV power fluctuations within minutes. In this test, the MWCR
and E-MWCR models performance are compared with single
regression, CNN, GRU, and LSTM. Accuracy of models
prediction using the training and testing data are shown in Table
6. EEMWCR outperformed all other models using both data. Also,
MWCR and E-MWCR are compared to LSTM on different days
of the year, and results are presented in Table 7 and Fig. 10. Figure
11 shows the plots of the predicted power using MWCR and E-
MWCR in Ist days of May and October when the enhanced
model shows the most significant improvement. In the LSTM
configuration, units are set to the number of time steps on one
day (288 5-min slots in 24 h). For MWCR and E-MWCR, the
same inputs as in the 1-h data are used but at 5-min time steps.
Testing at the 5-min time step increased the forecasting error in
all testing days because of the sudden PV fluctuations occurring
within minutes. These fluctuations are difficult to capture in time
series prediction like LSTM. Also, they make weather conditions
forecasting more difficult which will affect the performance of
MWCR model. MWCR outperforms LSTM, and E-MWCR
shows improved accuracy over the MWCR on all testing days. On

1st of May PV power
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Fig. 10 Actual and predicted power in the first day of (a) January, (b) March, (c) May, (d) August, (e) October, and (f) December in the year of 2021 using LSTM and

MWCR at the 5-min actual weather data.

Table6 Performance comparison between single regression, CNN, GRU, LSTM, MWCR, and E-MWCR using the 5-min actual weather data

r (%) MAE (kW) MAPE (%) RMSE (kW)
Model Training Testing Training Testing Training Testing Training Testing
Single regression 79.40 81.12 123.60 115.82 198.41 51.10 157.23 212.20
CNN 80.30 82.90 120.50 116.40 177.42 48.98 149.26 195.59
GRU 80.50 83.76 117.50 110.22 160.54 46.21 136.49 154.67
LSTM 80.91 86.74 112.40 93.41 111.90 35.40 127.70 168.23
MWCR 86.67 90.11 82.15 51.94 40.23 24.67 88.95 98.87
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Table7 Performance comparison between LSTM, MWCR, and E-MWCR on different days using the 5-min actual weather data
Istd r (%) MAE (kW) MAPE (%) RMSE (kW)
st da
Y LSTM MWCR E-MWCR LSTM MWCR E-MWCR LSTM MWCR E-MWCR LSTM MWCR E-MWCR
January 70.79 95.91 97.95 66.28 48.18 34.61 97.92 49.04 32.158 72.60 55.36 39.03
March 92.58 97.11 98.54 102.91 83.35 43.87 89.76 33.40 29.45 127.50 95.59 61.28
May 76.52 86.49 90.66 128.66 93.07 75.03 117.06 68.73 63.52 174.32 131.46 105.97
August 95.57 99.67 99.73 52.303  39.86 38.45 21.96 17.68 13.57 63.92 49.54 45.95
October 73.89 79.67 86.54 72.15 43.26 42.55 176.50 93.87 67.31 80.38 49.18 48.47
December  72.50 98.08 98.77 59.35 38.97 34.01 86.93 67.31 48.43 68.44 44.18 37.95
1st of May PV power output 1st of October PV power output
1400 300
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Fig. 11 Actual and predicted power in the first day of (a) May and (b) October in the year of 2021 using MWCR and E-MWCR at the 5-min actual weather data.

winter days with variable weather conditions, as in the first days of
January and December, as shown in Table 6, LSTM records less
accuracy: r is 70.79% and 72.5%; The MWCR model improves the
accuracy significantly: r increases to 95.91% and 98.08%. In days
with seasonal changes such as in the first days of May and
October when there are more fluctuations in the weather
conditions, MWCR enhanced the prediction accuracy over the
LSTM as shown in Table 7: r increases from 76.52% to 86.49%
and from 73.89% to 79.67%. These days show rapid fluctuations
in the PV output power as shown in Figs. 10(c) and 10(e). From
17:00 to 18:20 of 1st of May, LSTM power shows some spikes that
are much higher than actual power by more than 200 W (210%).

The predicted power obtained by the MWCR can be further
improved by the enhanced model as to be shown next. As shown
in Table 6, the E-MWCR model improved the prediction
accuracy for all days. There is a significant improvement during
days with seasonal changes such as the first days of May and
October when more PV power fluctuations are recorded. During
the first day of May, the enhanced model shows better
performance as compared to MWCR as shown in Table 7: r
increases from 86.49% to 90.66%. In addition, during the first day
of October, r increases from 79.67% to 86.54%. As shown in Fig.
11(a), from 12:20 to 13:20 the MWCR predicted power shows
some spikes that are far away from the actual power, while E-
MWTCR predicted power is close to the actual power. In addition,
as shown in Fig. 11(b), from 11:25 am to 11:55 am the MWCR
predicted power is much higher than actual power, e.g., the
predicted power at 11:40 am is higher than the actual by 150 kW
(106%). The E-MWCR predicted power is closer to the actual
power with a difference of less than 10 kW.

4.5.3 Prediction results using the 5-min actual data with noise

Testing using the actual weather data is impractical in real life
since the forecasting error in the input data will affect the
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prediction model performance. Unfortunately, the historical
forecasted weather data are not available at the 5-min time step.
The future forecasted weather data are available at the 15-min
timestep form Ref. [42] collected manually for June 2024.
However, the PV power data are available only starting from the
middle of 2018 till the end of 2021 every 5 min, so the historical
forecasted 15-min June data of the year 2024 cannot be used for
testing. Testing requires a continuous three-month PV dataset as
input for the LSTM layer. To test the model performance within
minutes of PV power fluctuations, a noise is added to the 5-min
actual weather data of June 2021 to reflect the forecasting error.
To avoid adding random noise, the error is added to the 5-min
data in a way that matches the forecasting error that occurred in
the 15-min weather data of June 2024. The actual and predicted
weather conditions are manually collected for June 2024 every 15
min. The 15-min data are used to generate noise in the 5-min data
for days with close PV deviations. The model is trained using the
same actual 5-min dataset used in Section 4.5.3 and tested only for
June 2021 month using the actual 5-min weather dataset with the
added noise from June 2024 data. The same LSTM model
configuration and MWCR model inputs are used as in Section
4.5.2. The error metrics are calculated for LSTM, MWCR, and E-
MWCR and presented in Table 8.

As shown in Table 8, EEMWCR improved prediction accuracy
and increased r by 6% compared to LSTM and 4% compared to
MWCR. The model with the noised 5-min data is compared to

Table8 Performance comparison between LSTM, MWCR, and E-MWCR on
different days using the 5-min actual data with noise

Model r (%) MAE (kW) MAPE (%) RMSE (kW)

LSTM 90.37 53.23 30.12 66.29

MWCR 92.38 41.47 23.56 54.28
E-MWCR 96.38 36.18 21.45 49.27
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the E-MWCR model with the actual 5-min weather data during
sunny, rainy, and a day with variable weather. Results are
presented in Table 9.

The E-MWCR model is still efficient in predicting PV power in
variable weather conditions using noised weather data. On a
sunny day, prediction using noised or actual 5-min weather data
did not show much difference since during these days the
forecasting error of the weather data are expected to be low, and
thus a close weather data input is used in both models. On a rainy
day, a 6% difference in r between the noised and actual weather
data are recorded since more forecasting errors and noise are
added to the 5-min actual weather data that results in higher PV
prediction error. The most significant difference occurs during a
day with variable weather conditions. A r of 80.67% is recorded
using noised weather data compared to 87.47% using the actual
weather data as an input.

During days with highly variable weather conditions, more
forecasting error is expected in the weather data and hence more
prediction error in the PV power.

5 Conclusions

Forecasting the PV output power is challenging due to the
intermittent nature of weather conditions while existing models
cannot provide accurate predictions during seasonal changes. To
address this, a multi-layer classification-based regression model
(MWCR) is developed, where for each weather class a more
accurate regression model is developed. The model consists of
four layers: the physical layer, the power-to-power prediction layer
using LSTM, the KNN weather classifier layer, and the GRNN
regression layer. To further improve the prediction accuracy in
days with erratic weather, an enhanced model (E-MWCR) is
developed by adding LSTM power to the regression model. With
the actual PV power collected from PV panels at Rochester
Institute of Technology-New York for 3.5 years, the single
regression, LSTM, MWCR, and E-MWCR models are compared.
Models are tested using three different datasets at 1-h and 5-min
timesteps. E-MWCR shows the best performance on all testing
days, especially on days with rapid weather condition fluctuations.
The future work will focus on grid optimization operation with
the forecasted PV power by using the E-MWCR model to reduce
operation costs and greenhouse gas emissions.
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Table9 Prediction accuracy on days with different weather conditions

Weather Actual Noised Actual Noised
Sunny 99.67 95.77 93.65 108.59
Rainy 93.46 87.49 78.54 95.18

Variable 87.47 80.67 134.32 185.46
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