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ABSTRACT

During the fourth energy revolution, the integration of Artificial Intelligence (Al) across various technological fields is critical to meet
rising energy demands and address the depletion of fossil fuel reserves, leading to the adoption of smart grids. This study aims to enhance
power generation capacity and minimize losses in smart grids by accurately predicting parameters. Traditional power grid stations
transitioning to smart grids require precise parameter predictions. To achieve this, we employed Al-based machine learning models,
specifically Random Forest (RF) and Long Short-Term Memory (LSTM), to predict the parameters of a solar power plant. After initial
analysis through graphical visualization, we further refined the LSTM model using an advanced technique: Convolutional Neural Network
(CNN-LSTM). Comparative results indicate that the CNN-LSTM model outperforms both the LSTM and RF models. For daily power
generation, the CNN-LSTM achieved the lowest Mean Absolute Error (MAE) of 0.1335 and Mean Squared Error (MSE) of 0.0497.
Consequently, the application of Al in this study significantly improves the accuracy of parameter prediction, enhancing the performance
of basic machine learning models. This advancement supports the development of a robust and efficient power system that reduces power

losses and boosts production capacity within the framework of smart grids.
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1. Introduction

Renewable energy is becoming increasingly critical as fossil
fuel resources continue to dwindle. Integrating green energy
sources into smart grids is essential to maintain a reliable and
efficient electricity supply. Achieving this integration necessitates
the use of advanced technologies like artificial intelligence (Al) [1].
Among renewable sources, solar power plants are significant
contributors to meeting energy demands, generating electricity
daily for national grids [2]. However, accurately predicting energy
generation in solar facilities is challenging [3]. Although many
established techniques exist for forecasting power generation,
improving their accuracy remains a priority [4]. Recent research

has utilized various machine learning (ML) models derived from
diverse energy plants, demonstrating success in predicting
numerous factors [5]. For instance, the LSTM model has shown
lower error rates than other time-series forecasting models like
Linear Regression, ARIMA, and SARIMA for predicting
photovoltaic (PV) power generation output [8]. However, these
models still require fine-tuning and ensemble techniques to
enhance efficiency.

Machine learning models have been widely implemented not
only in smart grid applications but also in energy storage,
frequency modulation, and voltage stability, among other industrial
and medical applications [9],[10],[11],[12]. In the medical field, a
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novel deep-learning method was developed to recover high-quality
cardiac MR images. This method effectively models the recurrence
of iterative reconstruction stages and learns spatio-temporal
dependencies, although it is limited to cardiac MR images and
lacks interpretability analysis [13]. The CNN-LSTM hybrid model
has demonstrated superior performance in predicting PV farm
variables [14]. Despite the model's advantages, data availability and
quality remain significant challenges. Similarly, the proposed
CNN-LSTM model outperforms traditional ML and single deep
learning models in precision, and stability, as evaluated by error
metrics like MAE, MAPE, and RMSE [15]. A hybrid framework
combining a CNN for local correlations, an A-LSTM network for
nonlinear time-series characteristics, and an Auto-Regression
model for linear time-series characteristics has shown superior
accuracy in forecasting power generation from multiple renewable
energy sources [16].

In weather forecasting, deep learning encoder-decoder
architectures have been employed to enhance the prediction of
tropical cyclone tracks and intensity. The HurriCast structure
utilizes multiple ML encoder-decoder methods and data sources to
achieve comparable accuracy to operational forecast models,
though it is limited to specific regions and a 24-hour anticipation
period [17]. Similarly, a comprehensible dam movement prediction
model using a mixed attention mechanism LSTM (MAM-LSTM)
adaptively selects influential factors and extracts key time
segments, providing physical interpretation through the
measurement and display of interest weights [18]. However, the
practical application of ML models in this field faces challenges
like static modelling methods and a lack of adaptive differentiation
of segments and influencing factors [19]. For dynamic energy
prediction at thermal energy facilities, a hybrid ML encoder-
decoder architecture has been used, focusing on a new model based
on physics architecture. This model demonstrates the highest
accuracy in predicting heat collected by steam and water in a
boiler, although further work is needed to expand the dataset and
models investigated [20]. A comparison with LSTM auto-encoder
models has shown that the latter are superior, albeit with a slightly
higher RMSE [21].

Studies utilizing computer vision algorithms alongside ML
techniques have successfully estimated wind turbine angular
velocity and extracted acceptable data structures for compression,
with autoencoders outperforming other feature extraction methods
[22],[23]. Autoencoder techniques have also been used to
accurately forecast day-ahead solar plant output, managing
uncertainties and data noise, with hybrid models outperforming
existing methods [24]. Similar success has been found in
forecasting photovoltaic system power output using hybrid AE-
LSTM models, which demonstrate higher accuracy by identifying
complex temporal patterns and relationships in the data [25-28].
The hybrid method combining LSTM neural networks and
autoencoders has also shown superior predictive capabilities by
capturing both temporal and spatial features in the data [30].
Finally, the LSTM autoencoder (AE) model introduced for
photovoltaic power forecasting has outperformed benchmark deep
learning methods in various performance measures using a dataset
from a 23.40 kW PV power plant in Australia [31]. These models
utilize diverse input features such as panel surface temperature,
accumulated energy, solar radiation, humidity, irradiance, and past
solar energy to effectively forecast solar energy generation.

Accurately predicting solar energy generation is critical for
effective smart grid integration. However, due to the inherent
variability and instability of solar energy production, this task is

challenging. This study proposes a novel approach combining a
Convolutional Neural Network (CNN) with a Long Short-Term
Memory (LSTM) neural network to address this challenge. The
study focuses on forecasting two vital constraints: daily power
generation (DPG) and radiance (Rad). The predictive capability is
achieved through an LSTM model, further enhanced using CNN
LSTM techniques. The main contributions of this study are as
follows:

e The proposed CNN LSTM model significantly
outperforms the reference models (LSTM and RF) in
forecasting solar power generation across several
parameters. This innovative architecture leverages the
CNN layers to extract spatial features and LSTM layers to
capture temporal dependencies.

e The study employs performance metrics such as Mean
Absolute Error (MAE), Mean Square Error (MSE), and
Root Mean Square Error (RMSE) to evaluate the models'
effectiveness. Results consistently show that the CNN
LSTM model surpasses both LSTM and RF models in
predicting DPG and Rad.

e Using the CNN LSTM model to anticipate solar energy
production more accurately is a significant contribution.
This improvement is essential for maximizing financial
choices about resource allocation and PV plant
operations.

e The CNN-LSTM model enhances the accuracy of
parameter predictions. Al contributes to the development
of a resilient and efficient power system, supporting
sustainability goals.

Section 2 of the paper details the proposed methodology,
outlining the structure, benefits, and limitations of the prediction
models used. Section 3 presents the case study, discussing the data
collection process and the nature of the data using graphical
visualizations. The results and associated errors are discussed in
Section 4. The study is concluded in Section 5.

2. Methodology

This study employed three machine learning models: RF,
LSTM, and CNN LSTM to analyze a static time series dataset. The
dataset comprised daily power output data from a large-scale solar
power facility collected over one year. Preprocessing ensured the
data met the criteria for a stationary time series. The dataset was
divided into training, sample, and validation sets. The models were
trained on the training set, and their performance was evaluated on
the test set, with adjustments made to enhance precision. The
models' predictions were validated and used to forecast power
production for the following year. These predictions, based on the
models' extrapolations from the time series data, aimed to assist
solar power plant operators in resource allocation and pricing
decisions. The LSTM model focused on making accurate
predictions about future power generation. Incorporating Al into
smart grids offers several benefits, such as improved energy
management, precise power output predictions, enhanced grid
stability, and better integration of renewable energy sources. This
study found that adding a CNN to the LSTM model improved
accuracy and reduced both MAE and MSE compared to the LSTM
and RF models.

The methodology involves collecting one year's worth of
real-time data from a solar farm, focusing on two key metrics: daily
power generation and radiance. Each metric includes
approximately 365 values, representing a year of data. Three Al
techniques: RF, LSTM, and CNN LSTM were developed using
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Python. The data underwent initial analysis to ensure quality and
consistency, verifying numerical format without inconsistencies.
The data was split, with 80% (10 months) used for training the
models and 20% (two months) reserved for final predictions and
visualization s. These visualizations provided graphical
representations of the predicted results. Comparative analysis
showed that the CNN LSTM model had lower RMSE and MAE
values when applied to real-time solar farm data, indicating higher
accuracy in predictions compared to the LSTM and RF models.
Obtaining the forecasted visual outcomes from the models is
depicted in detail in the flowchart shown in Figure 1.
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Figure 1: Proposed Methodology Flowchart to Get Final
Visualizations from LSTM, CNN LSTM and Auto-encoder LSTM.

2.1. Functional Process of RF

The random forest model, which is well-known for its
effectiveness and higher accuracy in regression when compared to
other approaches, is a frequently used methodology for
classification and regression in decision tree learning. The forecast
is obtained by averaging the outputs of many uncorrelated decision
trees that are constructed during training. The bagging approach,
which fits decision trees using the Gini impurity and repeatedly
chooses bootstrap samples of the training set, is used to train each
tree. The outputs of all the trees are averaged, as in Equation 1, to
make predictions for fresh data. Random forest as illustrated in
Figure 2 produces forecasts that are more reliable and precise since
it models numerous trees rather than just one.

Y= 2B 6() (1)

Where B is the number of trees and t,(x) represents the
prediction of each tree.

Dataset

{Power Plant]

Prediction -1

Prediction -2

Averaging

RF Prediction

Figure 2: RF Structure.

A development of decision tree techniques that addresses
their propensity for overfitting is random forest. Though they are
prone to collecting noise, decision trees are essential in
classification and regression problems. By generating an ensemble
of trees trained on randomized data subsets, random forest prevents
overfitting. It improves resilience and accuracy by averaging
forecasts.

2.2. Functional Process of LSTM

Long Short-Term Memory (LSTM) cells are specialized units
within recurrent neural networks (RNNs) designed to handle long-
term dependencies in data sequences. These cells feature
interconnected components that manage the selective retention or
forgetting of information over time. The primary elements of an
LSTM cell include the input gate, forget gate, output gate, and
memory cell as shown in Figure 3. The forget gate decides which
information to discard from the memory cell, applying it to remove
unnecessary data. The memory cell itself stores information
persistently, continuously updated by the input and forget gates and
maintains its state through a self-loop connection for long-term
retention. Utilizing an activation function that is sigmoid and
squeezing the values obtained from the activation function that is
tanh to stay within a predetermined range, the gate of output
regulates the information flow from the cell of memory to the
subsequent state that is hidden.

By orchestrating these elements, LSTM cells can effectively
update memory, hold onto important information, eliminate
unnecessary data, and produce accurate outputs, making them
particularly adept at identifying long-term relationships in
sequential data [8].

LSTM Cell

Input Gate

Forg_‘get Gate - @@
| t
fol [ [

Output Gate

|
|
|
A 1O ® ke

Vi \.\ y

kt-1

Figure 3: Structure of LSTM.

Three gates make up the LSTM cell structure: the gate of
forget, the gate of input, and the gate of output, which controls the
flow of information within the LSTM cell. Here, we provide a
professional explanation of the equations mentioned in the research
paper [14]: Equation (2) shows the forget gate (Gy)

Gy = U{Xf (ke1, e )} 2

Here o is the sigma function, weighted X, the sum of the
inputs in the gate of forget, k,_, is earlier step's time in a state of
hidden and v, is present input.

The gate layer of input (G;), calculated using the function of
sigmoid, selects the values that need to be updated. Equation (3),
presents the tanh layer that produces new candidate (E';) values
which might be appended to the state of the cell.
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G = o{X; (keq v )} (3)
E{=tanh {X. * (k;(q,v.)} 4)

The state of the cell (E,) is modified. Equation (5) describes
this update process:

Etz(Gf*Et—l)'l'Et*Eé ®)
Equation (6) represents this calculation for the state of hidden
(Sh)-
Go = 0{Xy*(key,ve)} (6)
S, =G, * tanh (E;) 7

In the context of the above LSTM equations, the recurrent
weights are denoted by (X, X;, X., X,). At time stept, the input,
hidden state, and cell state are represented by v, , k, and E,,
respectively.

2.3. Functional Process of CNN LSTM:

Convolutional Neural Networks (CNNs) are structured with
layers including an input layer, convolutional layers, pooling
layers, fully connected layers, and an output layer, designed to
directly detect visual patterns in pixel images. The CNN LSTM
model, depicted in Figure 4, integrates CNN layers for feature
extraction with Long Short-Term Memory (LSTM) layers for
sequence prediction. This architecture is advantageous for tasks
such as activity recognition, labelling images and videos, time
series forecasting, and creating textual annotations from image
sequences. The CNN-LSTM framework starts with an input layer
for extracting features, followed by LSTM layers that capture
temporal dependencies to enhance prediction. However, the CNN
part extracts spatial features, while the LSTM part models
sequential patterns, making the structure adept at handling datasets
that are time series. This integrated approach is especially useful
for forecasting time series data with intricate correlations, where
understanding both spatial and temporal patterns is essential.

The flexibility of CNNs is demonstrated in various
applications, including solar energy forecasting, where 1D
convolution simplifies time series analysis. This versatility allows
CNNs to excel in diverse tasks. The operation is defined by the
equation (8)

z=o0(Wx*x+Db) (8)

Where z is the output feature map, W *x denotes the
convolution of the filter weights with the input data, and o is the
activation function. Additionally, the pooling layer's output z' is
given by

zZ'=p(2) 9)

Where z the input is the feature map and p represents the
pooling operation.

CNN LSTM
Hidden Layer

Visual Feature  Sequence Leamning

— o

Input Data
LSTM
Prediction
raseTmding

Input Laver

Figure 4: Structure of CNN LSTM.

Section 4 delves deeper into this enhanced performance,
emphasizing the CNN LSTM model's efficacy in contrast to other
models such as LSTM.

3. CASE STUDY

3.1 Solar Plant’s Structure:

The Zhenfa Energy Group Solar PV Park, located in Punjab,
Pakistan, is a notable renewable energy initiative developed and
owned by Zhenfa New Energy. The construction of the Zhenfa
Energy Group Solar PV Park marked a significant milestone in the
country Figure 5. It shows the structure of the solar plant from
where the data is collected.

This substantial project has a capacity of 100 megawatts
(MW) and spans 650 acres. Operational since April 2022, the plant
is equipped with over 400,000 solar panels and connects to the
national grid via a 132 kV transmission line. The solar power plant,
generating around 165 GWh of electricity annually, contributes to
meeting Pakistan's growing energy needs while reducing reliance
on fossil fuels and supporting climate change mitigation efforts.

= — |
[aiia [Romroene) -

|
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S DC o AC } { ‘

X EE— - Conversion ST
Solar Powcer Plant 100MW _ . Loss: 1.2% .
DC o DC Domestic

ﬂGe:wr;nmnv al STC Convesion Power St Substation Girid o
392.160 PV Panncls Loss: 1.2% X Operator S0MW
255W each Up Stage AC at STC*  Industrial

Consumer

Figure 5: Single Line Diagram to Express the Structure of Solar Plant.

3.3. Data Analysis

The dataset for Solar Energy Variables (SEVS) comprises
two categories of variables within the 100MW solar plant. In this
simulation utilizing deep learning algorithms, the independent
variable under consideration is the Radiance, while the dependent
variable being analyzed is the Daily power generation.

Daily power generation is crucial for optimizing solar power
plants, typically producing 400MW to 500MW daily. Monitored
through energy meters and a SCADA system, it provides data for
simulations, reflecting the plant's performance influenced by
environmental factors and operational activities. This metric helps
assess the plant's efficiency and its contribution to meeting energy
demands and renewable energy supply. Radiance (MJ/m2) in a solar
power plant measures the solar energy received on a surface area
per unit of time, crucial for evaluating energy capture efficiency. It
accounts for factors like panel orientation, atmospheric conditions,
and sunlight angle, directly affecting the plant's electricity
generation. This metric is essential for optimizing panel alignment
and overall plant performance.

Box plots provide a concise and effective method for
summarizing large datasets and understanding their distribution.
Figure 6 illustrates the interquartile range (Q1-Q3), median (Q2),
and extreme or outlier values for three features from a large-scale
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power plant: Daily Generation, and Radiance. The whiskers stretch
to the least and greatest scores between a range of 1.5 times the
interquartile range from Q1 and Q3, while the dimension that is
vertical of the box reflects the middle 50% of the information.
Relevant outliers are indicated by separate dots or circles for points
of data, not within the specified range.

The heat map in Figure 7 illustrates the correlation of the
three parameters in which three columns and three rows, with each
cell representing the correlation coefficient between two
parameters. The diagonal cells show the correlation of each
parameter with itself, which is always 1. A more positive
association is shown by higher numbers and lower
numbers indicate a weaker negative correlation among the two
variables. The values in the cells vary between 0 to 1. As an
illustration, a positive correlation is denoted by a correlation factor
of 1, anegative correlation is implied by a factor of -1, and no
correlation is shown by a factor of 0. The range of correlation
coefficients is represented by a colour bar on the right side of the
heat map. The colour bar has a range between 0.6-1.0, deeper hues
correspond to higher positive correlation and lighter hues to lower
positive correlations.

700000

600000

500000

400000

Range (KWh)

300000

200000

A X T T

100000

o

0 T
Daily Power Generation

(a)
30

254

204 _

Range (MI/m’)
&
1

.
:
:
*
10 - .
:
.
5 -
H
0 T
Radiance
(b)

Figure 6: Analysis of Data via Box Plot.
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Figure 7: Heat Map Data Analysis.

The findings obtained from the models are presented in
graphical depiction form in the following section 4.

Table 1:
Model Performance indicators.
Performance Indicator

Formula

1 N
MAE =ﬁ2|x_n—xn
n=1

Mean Absolute Error

1v ,
MSE =ﬁz (X%, — x,)

n=1

Mean Square Error

4. Results and Discussion:

This section presents the findings derived from analyzing a
year's worth of real-time data from a solar power plant, consisting
of three essential parameters: “daily power generation”, and
“radiance”. Our objective was to develop machine learning models
for future predictions based on this dataset. After an extensive
review of the literature, we opted for the RF and LSTM model due
to its promising track record in similar applications. The LSTM
model implementation yielded satisfactory results. However, in our
pursuit of enhancing prediction accuracy, we introduced the CNN
LSTM. The results are represented visually, and it is clear that the
CNN LSTM model outperformed both LSTM as well as RF
models, exhibiting a decreased error rate and better forecasting
accuracy.

Figure 8(a & b) depicts the comparison of validation MAE
among LSTM and CNN-LSTM models for the DPG and Rad
parameters, the CNN-LSTM model demonstrates superior
performance. For the DPG parameter, the LSTM model yields an
MAE of 0.162, whereas the CNN-LSTM model achieves a lower
MAE of 0.127, indicating better predictive accuracy. The
difference is even more pronounced with the Rad parameter, where
the LSTM model records an MAE of 0.214, compared to the
significantly lower MAE of 0.115 for the CNN-LSTM maodel. This
suggests that the CNN-LSTM model is an accurate parameter
prediction.
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Figure 9(a & b) present the results of the loss, MAEs and MSE
comparison between the RF, LSTM and the CNN LSTM model
using the parameters “DPG,” and “Rad,” using a PV plant.
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Figure 9: (a). Error Comparison of Daily Power Generation through
RF, LSTM & CNN LSTM and (b). Error Comparison of Radiance
through RF, LSTM & CNN LSTM

Table 2 compares the performance of three models: Random
Forest (RF), Long Short-Term Memory (LSTM), and
Convolutional Neural Network with LSTM (CNN LSTM) across
two datasets: Daily Power Generation and Radiance. For the Daily
Power Generation dataset, the CNN LSTM model outperforms both
RF and LSTM, achieving the lowest Loss (0.0418), Mean Absolute
Error (MAE) (0.1335), and Mean Squared Error (MSE) (0.0497).
In contrast, RF shows the highest values for Loss (0.2532), MAE
(0.554), and MSE (0.2165), indicating weaker performance. LSTM
performs better than RF with a Loss of 0.0852, MAE of 0.2223,
and MSE of 0.0976, but it still lags behind the CNN LSTM.
Similarly, for the Radiance dataset, CNN LSTM again
demonstrates superior performance with a Loss of 0.0301, MAE of
0.1212, and MSE of 0.0341. RF has the highest metrics, with a
Loss of 0.1793, MAE of 0.3968, and MSE of 0.1571. The LSTM
model performs moderately with a Loss of 0.0489, MAE of
0.16188, and MSE of 0.05427. Overall, CNN LSTM consistently
provides the most accurate predictions across both datasets,
highlighting its effectiveness in time-series forecasting tasks.

In Figure 10(a & b), the results of validation MSE between the
LSTM and CNN LSTM models for the DPG and Rad parameters,
the CNN-LSTM model consistently shows better performance. For
the DPG parameter, the LSTM model achieves an MSE of 0.068,
while the CNN-LSTM model improves upon this with a lower
MSE of 0.055. The difference is even more significant for the Rad
parameter, where the LSTM model records an MSE of 0.083,
compared to the substantially lower MSE of 0.031 for the CNN-
LSTM model. These results indicate that the CNN-LSTM model is
more effective in reducing prediction errors.
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Figure 10: (a). MSE of Daily Power Generation through LSTM &
CNN LSTM and (b). MSE of Daily Power Generation through LSTM
and CNN LSTM
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Table 2:
Comparison Table between RF, LSTM, and CNN LSTM Results

Parameter RF LSTM CNN LSTM
LOSS MAE MSE LOSS MAE MSE LOSS MAE MSE
Daily Power Generation 0.2532 0.554 0.2165 0.0852 0.2223 0.0976 0.0418 0.1335 0.0497
Radiance 0.1793 0.3968 0.1571 0.0489 0.16188 0.05427 0.0301 0.1212 0.0341

In addition, a close examination of each model's graphical
representation shows plenty of resemblance, suggesting that
the accuracy of datais higher than 95% and that none of the
outliers have been found. These results provide even more evidence
for the applicability and accuracy of the power plant data, offering
a strong basis for further investigation and making decisions.

The practical application of parameters like daily power
generation (kwh) and radiance (MJ/m?) is essential for effectively
forecasting solar power plant performance. These parameters play
critical roles in solar energy production, influencing multiple areas.
Daily power generation is crucial for analyzing plant efficiency,
planning maintenance, and estimating financial returns, making it
indispensable for operators and owners. Radiance is vital for
predicting energy output, tracking performance, planning
maintenance, and evaluating site suitability, which together
enhance the financial feasibility and dependability of solar projects.
These parameters are key to maximizing efficiency, sustainability,
and reliability in solar power generation. Moreover, by facilitating
the production of cleaner energy and decreasing reliance on fossil
fuels, these models support environmental sustainability goals.
Finally, their integration into smart grids improves grid
performance and stability, optimizing the use of renewable energy
and advancing the development of more sustainable and efficient
power systems.

Figure 11 illustrates the “Daily Power Generation (kWh)”
data over a year, with the y-axis ranging from 2x10° to 7x10° units
also the x-axis representing the days in number. This graph
provides a clear visualization of the precision and performance of
various ML models used for prediction. The closer the alignment
between the test data and the forecast data, the more accurate the
models are in predicting this parameter. By comparing the
predictions from RF, LSTM, and CNN LSTM models with actual

700000

test data over 60 days, it is clear that the CNN LSTM model
operates remarkably effectively. Its predictions closely match the
test data with minimal discrepancies. When these models are used
to forecast daily power generation over the next 10 months (300
days), the CNN LSTM model consistently outperforms the other
two models. It demonstrates the lowest prediction errors compared
to the actual test data, indicating its superior accuracy in forecasting
daily power generation for the upcoming year. The LSTM model
follows, showing better performance than the basic RF model. This
suggests that the LSTM model captures more intricate patterns and
dependencies in the data compared to the RF model.

In conclusion, the analysis of Figure 11 indicates that the
CNN LSTM model is the most precise for predicting DPG over the
next year, followed by the LSTM model. The RF model lags in
terms of predictive accuracy. This information is crucial for
decision-making in the energy sector, as it can help stakeholders
make more informed choices regarding power generation and
distribution.

Figure 12 presents the "Radiance” parameter, with values
ranging from 0 to 35 MJ/m2 on the y-axis and the number of days
displayed on the x-axis. This figure visually showcases predictions
for radiance levels over the next year using three different models:
RF, LSTM, and CNN LSTM. These models are employed to
forecast "Radiance” for the remaining 10 months, as shown in
Figure 12. The test data graph reflects actual values from a solar
power plant, while the prediction graphs display estimated values
generated by the RF, LSTM, and CNN LSTM maodels. Over a 60-
day test period, the predictions from the CNN LSTM model closely
match the actual test data, with only minor deviations at certain
points. A thorough analysis indicates that the CNN LSTM model
consistently outperforms both the LSTM and the basic RF models.
The predictions made by the CNN LSTM align closely with the test
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Figure 11: An Analysis of RF, LSTM, and CNN LSTM Models for Predicting Solar Plant Daily Power Generation.
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Figure 12: An Analysis of RF, LSTM, and CNN LSTM Models for Predicting Solar Plant Radiance.

data, demonstrating high accuracy in radiance forecasting.
Although there are slight discrepancies, they are significantly fewer
compared to those observed in the other models. The LSTM model
also shows better predictive capabilities than the basic RF, although
it falls slightly short of the accuracy achieved by the CNN LSTM.

These results highlight the importance of using advanced
techniques, particularly the CNN LSTM, for precise radiance
predictions. This data is invaluable for decision-makers in
renewable energy, enabling them to make informed choices and
improve their planning for radiance-related applications in the
upcoming year.

5. Conclusion

In this comprehensive study, we thoroughly analyzed DPG
and Rad data via a PV plant over a year. We carefully selected,
extensively trained, and rigorously tested three machine learning
models: RF, LSTM, and CNN LSTM to predict these crucial
parameters. To evaluate the discrepancies between predicted and
actual values, we used MAE and MSE as metrics. The visual
representations of the results demonstrated the superiority of the
CNN LSTM model over the LSTM and RF models in all scenarios.
The CNN LSTM consistently exhibited reduced error scores and
greater data similarity compared to the other models. Specifically,
for DPG, the CNN LSTM model achieved a notably low Root
Mean Square Error (RMSE) of 0.222, while the LSTM model
recorded an RMSE of 0.312, and the RF model had a higher RMSE
of 0.465. A similar pattern was observed for the Rad parameter,
where the CNN LSTM model excelled with an RMSE of 0.184,
outperforming the LSTM model (RMSE of 0.232) and the RF
model (RMSE of 0.396). These results underscore the CNN
LSTM's exceptional capability to accurately predict these
parameters. Additionally, it's important to note that the data
visualizations were based on a combination of 20% experimental
data and 80% predictive data. The CNN LSTM consistently
demonstrated its ability to capture underlying patterns and trends,
resulting in more precise predictions across all parameters.

Further enhancing these models through hybrid or ensemble
techniques could establish a solid foundation for future
advancements in renewable energy technologies and their
integration into existing power infrastructures. These optimized
models have the potential to significantly contribute to the overall

stability, reliability, and economic viability of renewable energy
systems, paving the way for a greener and more sustainable future.
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