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Abstract—Energy digitization holds significant importance for
various energy applications, encompassing aspects like produc-
tion, consumption, and distribution within power grids. The digi-
tal transformation of energy plays a pivotal role in enhancing the
integration of Artificial Intelligence (AI) into energy management
systems, leveraging extensive datasets. The development of Al
systems and the utilization of Machine Learning (ML) techniques
empower users with precise predictions related to renewable
energy production, thereby expediting the shift towards clean
energy. Nevertheless, the effective use of data demands a high
level of expertise, thereby excluding energy stakeholders from the
benefits modern technologies offer. In this paper, we introduce an
Al forecasting system designed to bridge the knowledge gap in
data processing methods and ML models for energy stakeholders.
This system focuses on delivering a user-friendly interface for
photovoltaic (PV) production forecasting by automating the en-
tire ML operations pipeline. Consequently, users can obtain data-
driven model results without the need to manually code all the
requisite steps for model training and fine-tuning. To demonstrate
the system’s capabilities, we provide an experimental application
using real PV data from a Portuguese aggregator.

Index Terms—Forecasting, Renewable Energy Sources, Photo-
voltaics, Machine Learning, Artificial Intelligence

I. INTRODUCTION

Efficient interpretation of energy data has become increas-
ingly essential due to the substantial volume of available in-
formation. The proliferation of smart meters and sensors used
to capture weather conditions and calculate power generation
is continuously expanding, making digital transformation in
the energy sector a critical task [1]. The numerous Intelligent
Electronic Devices [2] accelerate the implementation of big
data technology in smart grids [3], [4] and buildings [5], [6].
Integrating Al in the Energy Sector can yield various benefits,
especially in the context of Renewable Energy Sources (RES),
facilitating the effective utilization of this data. Renewable
Energy Sources play a pivotal role in reducing greenhouse
gas emissions [7], driving the continuous expansion of power
generation from RES.

Solar energy stands as one of the most widely harnessed
sources of energy due to its renewable and sustainable na-
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ture. Central to the conversion of solar energy into usable
electrical power are photovoltaic (PV) cells [8]. These cells
play a pivotal role in capturing sunlight and converting it
into electricity, making them an indispensable component of
power generation, particularly within smart grids. While the
potential of solar energy is boundless, effectively managing
PV systems can be a multifaceted challenge. One of the key
challenges stems from the fact that the production of electricity
from PV systems is intricately linked to prevailing weather
conditions [9]. Solar power generation experiences fluctuations
with variations in weather, including changes in sunlight
intensity due to factors such as cloud cover, precipitation, and
atmospheric conditions. As a result, the output of PV systems
is not constant, creating a need for accurate forecasting and
management [10].

The development of data-driven Al systems [11] can provide
a solution to the aforementioned issue. However, proper usage
of the available data presents various difficulties due to a
number of reasons including:

o The collection of high-quality data; gathering accurate
and reliable data free from errors and inconsistencies is
a difficult task. Many datasets contain null and wrong
values that do not correspond to reality. Hence, pre-
processing is essential to correct of these abnormalities
and generate of meaningful data.

« Data management issues [12]; data must be consolidated
from multiple sources into a single, unified database.
In this situation, potential challenges may arise, such as
encountering duplicate data or data values measured on
different scales.

o Lack of expertise to address these challenges in the
energy sector, as high demand for data experts in various
industries, leads to enormous competition for qualified
professionals. Thus, the need for automating the ML
model development process becomes obvious.

To address the complex challenges involved in achieving
accurate PV forecasting, we have introduced an advanced Al-
driven data system. This system is built upon a streamlined
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ML-Ops framework, designed with the goal of simplifying the
PV forecasting process. The important aspect to note is that it
not only simplifies the process but also makes it accessible to
users from diverse backgrounds. Users do not need to engage
in intricate coding for model training, reducing the barriers to
entry for individuals who may not be data analysis experts.

Furthermore, we have systematically outlined the essential
steps necessary for generating highly accurate predictions.
This systematic approach helps users develop a comprehensive
understanding of the fundamental processes. The core of our
strategy is to offer solutions that cater to a wide spectrum
of users. This includes individuals with limited data analysis
expertise who are primarily interested in predicting PV power
generation, as well as experienced data analysts who wish to
explore different algorithms and evaluate the impact of fine-
tuning hyper-parameters [13] on forecast accuracy. This in-
clusive approach intends to making PV forecasting accessible
while also providing advanced capabilities for experts in the
field.

Apart from this introductory section, the rest of the paper is
organized as follows. Section II provides an overview of the
PV forecasting problem. Section III introduces the architecture
of the proposed system, along with all the ML-Ops operations
and the interactions with the end-user. Section IV presents the
user interface in the context of a real-life case-study, using the
proposed system for predicting the PV production of a PV in
Portugal. Finally, in Section V the main conclusions of the
paper are summarized and key points for further research are
proposed.

II. THE PROBLEM OF PV FORECASTING

Accurate forecasting of PV power output is crucial in ensur-
ing the reliable integration of solar energy into the power grid.
The local solar radiation intensity, which varies with factors
such as latitude, season, atmospheric conditions, air quality,
and pollution levels [14], presents a significant technical and
stability challenge when combining solar energy harvesting
with existing power systems. The continuous variations in
solar irradiance, temperature, and PV output, along with the
high cost of energy storage equipment, grid stability, and
seasonal effects, compound the challenges [15].

The impact of these variations on meteorological states
results in uncertainty in PV output, leading to issues such as
intermittent penetrations, voltage surges, reverse power flows,
and variations in frequency harmonic distortion in current and
voltage waveforms [14]. This unpredictability affects the reli-
ability, stability, scheduling, and economic viability of power
system operations. Reliable PV output forecasting is seen as
a key solution to reduce this uncertainty and enhance the
stability and economic feasibility of solar energy integration
[16].

The forecast horizon, which defines the time period be-
tween the actual and effective time of prediction, is classi-
fied into various categories, including very short-term, short-
term, medium-term, and long-term [14], [17]. Very short-
term forecasting, with prediction periods ranging from seconds
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to less than 30 minutes, is crucial for real-time electricity
dispatch and PV storage control [18]. Short-term forecasting,
spanning from 30 minutes to 360 minutes, is used in electricity
markets, economic load dispatch, and power system operation.
Medium-term forecasting, covering 6 to 24 hours, is essential
for maintenance scheduling of power systems. Long-term
forecasting predicts scenarios more than 24 hours in advance,
suitable for long-term power generation, transmission, and
distribution, taking into account seasonal trends [18].

The use of different time horizons adds complexity, and
some researchers have explored using short-term forecasting
methods for extended horizons. However, this may lead to a
decrease in prediction accuracy. Researchers have also devel-
oped medium-term and year-ahead models for monthly power
system scheduling, electricity pricing, and load forecasting
[19]-[21].

Various modeling approaches, including physical, statistical,
artificial intelligence (Al), ensemble, and hybrid-based models,
have been employed for PV output forecasts [22]. These mod-
els differ in accuracy and suitability for different time horizons.
Physical forecasting, based on meteorological data and atmo-
sphere models, is more reliable for long-term forecasting [23]-
[25]. Statistical approaches utilize historical time series and
real-time data, offering better short-term predictions compared
to models dependent from Numerical Weather Predictions
(NWPs). Statistical models use mathematical equations to
extract patterns and correlations from past data [26], [27].

Accurate PV power output forecasting hinges on the se-
lection of an appropriate modeling approach. The challenge
of PV forecasting is indeed multifaceted, with factors such
as the forecast horizon and modeling approach significantly
impacting the precision and dependability of predictions. Re-
searchers have been consistently engaged in exploring inven-
tive solutions to tackle these challenges and to facilitate the
seamless integration of solar energy into the power grid. While
existing efforts primarily concentrate on improving forecast
accuracy, the current landscape often lacks comprehensive
services that automate the entire forecasting process, from data
manipulation to model training and evaluation [15], [28]. In
light of this, our developed PV forecasting system emerges as a
notable advancement, as it not only offers accurate predictions
but also streamlines the entire process, making it accessible
and user-friendly for various stakeholders.

III. SYSTEM ARCHITECTURE

In this section, we introduce the architecture of the system
we have designed. This architecture allows users to engage
with the information system and formulate their predictions. In
addition, we outline the necessary steps that must be followed
to generate accurate predictions. Our information system is
designed to offer solutions for both non experts in data
analysis, whose are solely focused on predicting PV power
generation and more experienced data analysts interested in
exploring different algorithms and assessing how their hyper-
parameters impact the outcomes.
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In order to develop our information system a variety of
programming frameworks and libraries have been used. All
these frameworks have been integrated in Django, a python
web framework based on Model View Controller (MVC)
architecture. The database consists of Django models, facili-
tating the ability to store uploaded files from users and render
created models reusable [29]. A series of Python libraries
and ML frameworks are utilized for storing and processing
data as well as making predictions based on that data. Pandas
library [30] was used for efficient data management, leveraging
its valuable data structures. Additionally, the Numpy library
[31] was employed as it provides useful functions for matrix
operations.

An essential component within the system’s architecture is
the database. For this purpose a connection was established
between the system and a MySQL Database, wherein uploaded
CSV files from users are stored. Users are directed to forms
where they can choose the features to extract, specify the
scaler to use, set the size of the train-test split, and select
the models to create. Based on users’ selections, the chosen
values will be temporarily stored, and a subsequent set of
forms containing the hyper-parameters for the selected models
will be presented to the users. The interaction between the
front-end and back-end takes place via HTTP requests to API
(Application Programming Interface) endpoints.

As long as forms are submitted, the data from the forms
is processed by the respective Django view using a POST
request. In Django views, that are responsible for models’
training, we incorporate both the normalization function and
define the size of the train-test split. Additionally, the models
are trained based on the provided hyper-parameters and the
features that have been selected. Once training process is
completed, the generated models are stored in the system’s
database, and the Django view renders the template show-
casing the results obtained from these models in the form of
time-series.

Our application provides two distinct scenarios for analysis:
one for short-term NWP-independent PV production forecast-
ing, and another for mid-term weather-based PV production
forecasting. To support the first scenario, we incorporated ML
libraries like Scikit-learn [32], XGBoost [33], and LightGBM
[34], which offer implementations of a wide range of ML
algorithms and include useful functions for data normalization.
For the second scenario we used Scikit-learn library for data
normalization and we utilized Tensorflow Keras [35] library
for developing our neural network architectures.

The forecasting process comprises a structured sequence of
steps that must be meticulously followed to attain the desired
outcomes. Commencing with the initial stage of the prediction
process, it necessitates defining the problem and providing a
detailed description to gather the requisite data. Our system
offers users comprehensive problem descriptions and provides
a glimpse of a sample dataset, facilitating the process of locat-
ing similar datasets and conducting experiments by uploading
them to the system. The data contributed by users are securely
stored in the information system’s database, ensuring potential
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future utilization.

The second step entails the initial data manipulation and
feature extraction from the provided dataset. In this phase,
we judiciously retain pertinent information from the uploaded
dataset for the upcoming forecasting process. This involves
the exclusion of irrelevant features and the generation of
new, valuable features derived from the available data. Sub-
sequently, the next step in the process involves data pre-
processing. The primary objective in this step is to eliminate
null values and outliers. Replacing null values with the average
value of a specific feature may introduce bias into our data.
To address this concern, various more effective methods have
been developed [36]. For the exclusion of outliers, we have
employed the interquartile range (IQR) method.

This method is defined as the difference between the third
quartile (Q3) and the first quartile (Q1) in a dataset.The
formula for interquartile range method is:
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IQR = Qs — Q1 6]

where:

e ()1 represents the first quartile.
e (3 represents the third quartile.

In addition, we convert categorical values to numerical
values to ensure they are in a format comprehensible to our
models. Third step is completed by normalizing the values
of our final features. We provide users with two normalizers,
Z-score normalization and Min-Max Normalization. The two
normalizers are defined respectively as follows:

T —p
g

LTnew =

X[:, k] — min(X[:, k])
max(X[:, k]) — min(X[:, k])

In both equations z,, depicts the new values of the features
after applying normalization while p and o indicate the
average and the standard deviation of the values of the final
features.

The subsequent two steps are intricately linked with the
selection and training of models. In step five, the user chooses
the models to employ for generating predictions based on the
selected problem. For mid-term weather-dependent PV pro-
duction forecasting, our system incorporates regression algo-
rithms, whereas for short-term numerical weather-independent
PV production forecasting, we have meticulously constructed
models based on neural networks. Once the model selection
step is concluded, users proceed to step six, which encom-
passes the critical aspects of hyper-parameter tuning and the
determination of the train-test split size. As an illustrative
example, users have the flexibility to specify parameters such
as the number of epochs, learning rate, loss function, and
activation function. Our system streamlines this process by
offering pre-defined options for the train-test split size and
hyper-parameters, thereby allowing users to seamlessly pro-
ceed with model training.

Upon the establishment and training of the models, they
are securely stored within the database. This feature enables
users to conveniently access their previously created models
for future utilization, sparing them the need to recreate models
from scratch. This approach empowers users to systematically
evaluate the impact of various hyper-parameter configurations
on the results, ultimately leading them to the conclusive phase
of our implemented architecture. In this final phase, a diverse
set of metrics is employed to assess the generated outcomes
and facilitate the comparison of accuracy and performance
among different models.

Accuracy and performance of the models are evaluated by
four metrics presented to users. The first metric we utilize is
Mean Absolute Error (MAE) [37]. MAE is calculated as the
average of the absolute differences between the actual values
and the predicted values. The formula for Mean Absolute Error
is:

Xnew[:7 k] =
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The second and third metrics we employ are Mean Squared
Error (MSE) and Root Mean Squared Error (RMSE). MSE
calculates the average of the squared differences between
predicted and actual values. It penalizes larger errors more
heavily than smaller ones. The formula for Mean Squared
Error is:

1 n
MSE == (yi—:)°
@ 2 =)

RMSE is easier to interpret than MSE because it is in the
same units as the original data. Like MSE, a lower RMSE
indicates a more accurate model. The formula for Root Mean
Squared Error is:

RMSE =

The fourth metric we integrate to our information system
for the models’ evaluation is Coefficient of determination
(R?). Coefficient of determination is a statistical measure
that assesses the proportion of the variance in the dependent
variable that is predictable from the independent variable(s).
(R?) quantifies how well the independent variable(s) explain
the variability of the dependent variable. It ranges from 0 to
1, with 1 indicating a perfect fit where all the variability is
explained, and O indicating that the model does not explain any
of the variability. The formula for Coefficient of determination
is:
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Z;:1 (yi - yi)2
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where:

o n is the total number of data points.

o y; represents the actual value of the dependent variable.

e 7; represents the predicted value of the dependent vari-
able.

o ¢ is the mean of the actual values.

The performance of the models can be assessed by exam-
ining these metrics in conjunction with visualizations of the
resulting time-series data.

Once the prediction steps are completed, users have the
option to return to previous stages and explore additional
forecasts or examine another models. For instance, a user
can return to step five and examine how different values of
the hyper-parameters will affect accuracy of the forecasts for
identical datasets. Alternatively, users may choose to input
various datasets into the models to assess their adaptability
to different datasets.

IV. USER INTERFACE AND EXPERIMENTAL APPLICATION

The architectural components and functionalities delineated
in the preceding section have been seamlessly integrated into a
user-friendly environment. This environment empowers users
to effortlessly engage with their datasets and undertake fore-
casting tasks. In this section, we introduce an integrated infor-
mation system, accompanied by two experimental applications
that address the two specific problems under examination.
It’s important to note that these experimental applications
represent a subset of the system’s overall capabilities but serve
as illustrative examples for a comprehensive understanding of
the system’s potential.

Our first scenario pertains to mid-term weather-based PV
production forecasting. On the dedicated page, we provide a
comprehensive overview of the available options for users. In
the initial checkbox form, users can select the specific features
to be extracted from the uploaded dataset. The subsequent
form offers users a choice between two normalizing methods,
as previously described, to standardize the values of the
selected features. The third form allows users to specify the
train-test set split, with an informative note emphasizing that
the test size should be a floating-point value ranging between
zero and one. The final form on this page enumerates the
available algorithms that users can select for constructing the
corresponding forecasting models. After the user submits the
forms, they proceed to the subsequent page to configure the
hyper-parameter values.

The subsequent page features a collection of forms. The
number and nature of these forms are contingent upon the
algorithms chosen on the preceding page. Each algorithm is
intricately linked to a specific array of hyper-parameters, and
the forms are dynamically generated to reflect these unique
sets of options. Upon completion and submission of these
forms, users are seamlessly directed to the conclusive page
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Fig. 3: Customization of the data pre-processing pipeline and
selection of ML models for PV forecasting.

of the application, where they can access the results and
metrics of their forecasts. The illustrative example we provide
encompasses the hyper-parameters of two selected models,
offering a practical demonstration of the system’s capabilities.

Al Library for Energy Management Applications

Select Hyperparameters for Random Forest

Select Hyperparameters for Support Vector
Regression

Fig. 4: The process of setting the hyper-parameters of the
selected ML models.

In the concluding section of the information system, users
are provided with a comprehensive overview of the conducted
experiments’ results. Time-series representations are employed
to offer a visual insight into the outcomes, and metrics for
different models are displayed through bar charts, facilitating
a robust model performance comparison. The number of time-
series is contingent upon the quantity of selected models,
offering an effective means to visualize power predictions
from PV sources. The time-series analysis enables a thorough
examination of models’ forecasts in relation to actual power
generation, enabling users to draw meaningful conclusions
regarding the importance of specific hyper-parameters.

For instance, one notable observation may involve the time-
series associated with the random forest algorithm, which
exhibits a significant deviation during peak production hours.
This deviation can be attributed to the hyper-parameter “max
depth,” which was set to a value of two. Increasing this hyper-
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parameter value has the potential to enhance the model’s
accuracy, resulting in a more precise estimation of production
that closely aligns with the actual output. Thus, users have
the flexibility to experiment with different hyper-parameter
values in pursuit of optimal configurations that yield highly
accurate models. It is imperative to acknowledge that diverse
hyper-parameter choices can exert varying effects on model
performance. Additionally, it is essential to evaluate the gen-
eralizability of the developed models by testing them on a
plethora of PV-related datasets.

AlLibrary for Energy Management Applications

Time-series

Fig. 5: Visualization of the forecasting results out-of-sample
for the previously selected ML models.

The steps for short-term NWP-independent PV production
forecasting are identical. In this case users can examine
four neural networks architectures and choose values for the
corresponding hyper-parameters. Models’ predictions will also
be visualized as time-series and same metrics are utilized.

To evaluate the accuracy of the developed models an ex-
perimental application has been conducted considering the
real-life use case of a PV plant located in Lisbon, Portugal,
with a peak power of 40kW. The data used are hourly and
have a duration of about 2 years and six months (21,958
h), ranging from 1 August 2018 to 31 January 2021. The
performance was evaluated in relation with the metrics we
presented in the previous section considering an out-of-sample
period of 1 year. For mid-term weather-based PV production
forecasting we tested four models, namely random forest,
support vector machine, linear regression and least angle
regression algorithms. In the following table we present the
results of the experiments we conducted according to the
metrics we employed.

The results presented here were obtained by meticulously
following the data processing steps and model training pro-
cedures we elucidated earlier. These results unequivocally
demonstrate the models’ ability to predict PV power gener-
ation with remarkable accuracy, particularly when applied to
the provided dataset. It is noteworthy that the error metrics
consistently yield low values, with the coefficient of determi-
nation ranging from 0.87 to 0.92 across all our experiments.
Notably, the support vector machine-based model stands out
for its exceptionally precise results and the lowest error
metrics. Evidently, the choice of hyper-parameter values in
the experiments significantly influenced the results.

Equally rigorous experiments were undertaken for short-
term NWP-independent PV production forecasting, focusing
on the four neural network architectures we meticulously de-
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TABLE I: Error metrics for use case 1: NWP-dependent mid-
term PV production forecasting.

Model Metric Result

MAE (EWh) 1.75

MSE (kWh)? 10.4

Random Forest RMSE(' (kW)h) 193

R? 0.9

MAE (EWh) 1.88

Linear Regression MSE (kW h)? 10.5
RMSE (kWh) 3.25

R? 0.9

MAE (kWh) 1.4

Support Vector Regression gﬂ;gE(]?zVW}}f) gg;
R? 0.92

MAE (EWh) 2.24

Least Angle Regression g]\flng('k(‘]:;Vth) é36‘7t
R? 0.87

veloped, a Long-Short Term Memory (LSTM), a Bidirectional
LSTM (BiLSTM) Neural Network, a Convolutional Neural
Network (CNN) and a Convolutional LSTM (ConvLSTM)
Neural Network. Further details about each architecture can
be found in [38]. This paper, however, does not delve into
the models themselves but rather focuses on the ML-ops
architecture that supports them. These neural network models
were rigorously trained over a year, producing forecasts for
power generation in the subsequent hour. We meticulously
tuned the hyper-parameters, including the learning rate, loss
function, activation function, and epochs. The results, fur-
nished in the subsequent table, are assessed using the same
metrics employed in our previous mid-term PV production
forecasting problem.

TABLE II: Error metrics for use case 2: NWP-independent
short-term PV production forecasting.

Model Metric Result

MAE (EWh) 226

MSE (kWh)2 227

LST™ RMSE (kWh) 477
R? 0.81

MAE (kWh) 1.99

. MSE (kWh)? 18.6
BiLSTM RMSE (kWh) 432
R? 0.84

MAE (kWh) 1.47

MSE (kWh)? 823

CNN RMSE (kWh) 286
R? 0.93

MAE (EWh) 2.1

MSE (kWh)? 19.7

ConvLST™M RMSE (kWh) 444
R? 0.84

In this case as well, it is evident that the models exhibit
highly satisfactory performance. Particularly, all error metrics
present low values, while the coefficient of determination
ranges from 0.81 to 0.93 across our experiments. Among
the models, CNN demonstrates the most impressive results.
It is worth noting that the training process for these models
can be rather time-consuming, making the re-usability aspect
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of our system, which stores the models in the database,
particularly valuable for users. This feature ensures that the
hard-earned knowledge and configurations of these models can
be readily accessed, saving users the effort of recreating them
and enhancing efficiency in the forecasting process.

V. CONCLUSIONS & FUTURE PROSPECTS

In this paper we presented a user-friendly system that can
facilitate the use of data for PV production forecasts purpose.
The developed architecture consists of various ML libraries
integrated in a web framework. Utilizing these libraries we
developed different models in order two examine short-term
and mid-term production forecasting of PVs. The suggested
approach utilizes weather data, guiding users through a series
of steps, which encompass data pre-processing and the devel-
opment of Al models. This process leads to the attainment of
highly accurate predictions. Moreover the provided front-end
enables users to make effective comparisons of the models’
performance and draw useful conclusions about the role of
hyper-parameters’ values. All the steps of the aforementioned
process require no previous knowledge in data processing from
the users. Finally users can apply the created models on vari-
ous datasets and test their performance in different scenarios.
Therefore, it is worth highlighting that the re-usability of our
system can spare users from the time-consuming process of
model training, especially when it comes to neural network
architectures.

Future research endeavors will focus on the integration
of additional ML models into the proposed system. The
array of algorithms offered by the utilized libraries, as well
as those from other sources, offers ample room for further
exploration. Moreover, each algorithm’s implementation en-
compasses a broader spectrum of hyper-parameters beyond the
ones presented in this paper, where we have integrated hyper-
parameters whose values exerted the most significant influence
on our models. By introducing additional hyper-parameters to
users, they can gauge the extent to which these values impact
model performance. Furthermore, the metrics included in the
system are only a subset of the ones that could be employed to
assess the accuracy of the models in diverse scenarios, while
model explainability aspects can be introduced to allow for
better understanding of the results [39].

Last but not least, the system is primarily tailored to address
solutions for two specific scenarios related to solar panel pro-
duction. Future efforts will be channeled towards expanding
it to facilitate forecasts for additional use cases in the energy
sector. This expansion could encompass the potential to predict
electricity production from wind turbines, hydropower plants,
or biomass power plants. Accomplishing this would entail
modifying the system’s database to allow for the upload of
files containing pertinent data and the development of suitable
models to cater to these specific energy sources.
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