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0-L-0de Flatrorm environments. The proposed platform automates key ML pipeline steps, including data preprocessing,

Al feature engineering, model selection, and hyperparameter tuning, while incorporating domain-specific
knowledge to handle unique industry requirements such as fluctuating energy demands and regulatory
Energy compliance. The modular architecture allows for customization and scalability, making the platform

adaptable across various energy sub-sectors like renewable energy, oil and gas, and power distribution.
Our findings highlight the platform's potential to democratize advanced analytical capabilities within the
energy industry, enabling non-expert users to generate sophisticated data-driven insights. Preliminary
results demonstrate significant improvements in data processing efficiency and predictive accuracy. The
paper details the platform's architecture, including data lake and entity-relationship diagrams, and
describes the design of user interfaces for data ingestion, preprocessing, model training, and deployment.
This study contributes to the field by offering a practical solution to the complexities of ML in the energy
sector, facilitating a shift towards more adaptive, efficient, and data-informed operations.
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1. INTRODUCTION

The advent of machine learning (ML) has significantly transformed various sectors, with the energy industry
standing out as a prime beneficiary of this technological revolution. The deployment of ML in energy
encompasses a wide range of applications, from optimizing renewable energy production to predictive
maintenance of infrastructure. However, the complexity of developing and deploying effective ML models
can be a significant barrier, particularly in an industry that traditionally has not focused on software
development. This is where Automated Machine Learning (Auto-ML) comes into play, providing tools and
frameworks that automate the ML pipeline from data preprocessing to model selection and tuning.

The need for an Auto-ML platform specifically tailored for the energy sector is driven by unique challenges
such as high variability in data types, stringent reliability requirements, and the critical nature of operational
efficiency. An effective Auto-ML platform for this sector must not only automate the model development
process but also ensure that the models are scalable, robust, and compliant with industry-specific regulations
and standards.

Our research question is Can a No-Code Auto-ML platform specifically tailored for the energy sector
effectively address the unique challenges faced by energy industry professionals, thereby enhancing
operational efficiency and decision-making processes? with the hypothesis: A No-Code Auto-ML platform
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designed with domain-specific knowledge and tailored features for the energy sector will democratize access
to advanced machine learning capabilities, leading to significant improvements in data processing efficiency,
predictive accuracy, and overall operational efficiency, even for users with limited technical expertise.

This paper introduces a novel Auto-ML platform designed specifically for the energy industry. We discuss the
core components of the platform, including the architecture, entity-relationship (ER) diagram, data lake
architecture, ML approach, and design interfaces for the ML pipeline. The objective is to offer a comprehensive
tool that empowers energy sector professionals with little to no ML expertise to leverage predictive analytics,
thereby enhancing decision-making and operational efficiency.

2. THEORETICAL BACKGROUND
2.1. Auto-ML Pipeline

2.1.1. Structure

The construction of an ML pipeline begins with establishing its structure. The process starts with cleaning the
input data through various steps. Subsequently, feature selection and generation are tailored to the specific
domain of application. Ultimately, the model is trained using the processed features. In practice, experienced
data scientists often modify and expand this basic structure to suit specific needs.

Most Auto-ML frameworks utilize a fixed pipeline structure (McGushion, 2019): data cleaning, feature
selection, and a modeling phase. The preprocessing phase typically involves selecting one of several well-
known algorithms, such as matrix decomposition techniques. Although the data cleaning steps often include
imputation and scaling, certain steps may be unnecessary depending on the dataset, such as imputation in a
dataset without missing values. By adhering to a fixed structure, the complexity of designing a pipeline is
reduced, as it primarily involves choosing suitable preprocessing and modeling algorithms. However, this
rigidity can sometimes result in suboptimal performance for complex datasets that may require more nuanced
preprocessing.

To achieve optimal results, data science experts often design highly customized pipelines for specific ML
tasks, which is not feasible with rigid pipeline structures. The initial approach to generating flexible ML
pipelines using genetic programming was introduced by Olson & Moore, (2016), where pipelines are treated
as tree structures and modified through the combination and mutation of sub-graphs (Koza, 1994; Banzhaf,
2006).

Hierarchical task networks simplify complex problems into smaller, manageable sub-problems until only
simple operations remain. This approach reduces pipeline structure design to identifying the optimal endpoint
in the network (Mohr et al., 2018). Similarly, Monte-Carlo method, a heuristic search algorithm, progressively
builds more complex pipelines, aiming to find the best performing node in the search tree (Kocsis &
Szepesvari, 2006; Browne et al., 2012; Rakotoarison et al., 2019).

Self-play, a reinforcement learning strategy popularized by developments like AlphaZero, involves generating
training data through self-competition (Lake et al., 2016; Silver et al., 2018). In pipeline structure search, this
method treats the process as a game, where actions include adding, removing, or replacing nodes, and pipeline
performance dictates the scoring (Drori et al., 2018).

Although these methods offer flexibility, they often overlook dependencies between different stages of the
pipeline and overall constraints. To address potential issues, such as the creation of incomplete or inappropriate
pipelines, restrictions can be imposed through a defined grammar, ensuring the generation of practical yet
adaptable pipelines (Drori et al., 2019).

2.1.2. Automatic Data Preparation

Data collection is essential for creating or expanding datasets. Data cleaning involves filtering out noisy data
to ensure it doesn't affect subsequent model training negatively. Data augmentation is crucial for increasing
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model robustness and performance, with further details on these stages provided in the following subsections.
The significance of high-quality datasets in ML has been widely acknowledged, leading to the development
of various open datasets. Finding appropriate datasets for specific tasks, such as those involving medical or
privacy-sensitive data, can be challenging. Two approaches to address this are data searching and data
synthesis. Web searching is common but faces issues like mismatched search results and poor data labeling.
Noise in collected data can be detrimental to model training, necessitating robust data cleaning methods
(Jesmeen et al., 2018). Techniques range from crowdsourcing to automated systems like Katara (Chu et al.,
2015, 2016) and methods focusing on optimizing cleaning operations for efficiency (Krishnan & Wu, 2019).
Continuous data generation poses challenges for ongoing data cleaning, which is crucial for enterprises
managing daily data influxes. Systems that adapt from past cleaning experiences to optimize future workflows
are being developed (Mahdavi et al., 2019).

Data augmentation (DA\) is a significant component of data preparation, discussed separately due to its role in
both generating new data and preventing model overfitting. Recent advances in DA focus on automating the
selection of optimal DA policies using techniques like reinforcement learning and various optimization
strategies (Cubuk et al., 2019; LingChen et al., 2020).

2.1.3. Feature Engineering

It is widely acknowledged that the potential of ML is fundamentally constrained by the quality of data and
features, with models and algorithms serving merely to approximate this upper limit. Within this framework,
feature engineering is critical for maximizing the utility of raw data for algorithmic and model use. Feature
engineering encompasses three distinct phases:

o Feature selection involves creating a subset of features to minimize irrelevance and redundancy, which
helps improve model performance and prevent overfitting. The selected features should be diverse and
have a strong correlation with the target variables.

o Feature construction is the process of creating new features from basic feature spaces or raw data to
improve the model's robustness and generalizability. This typically requires human expertise and includes
preprocessing transformations like standardization, normalization, or feature discretization. Due to the
impracticality of manually exploring all possible feature combinations, automated methods for feature
construction have been developed (Gama, 2004; Zheng, 1998; Vafaie & De Long, 1998). These automated
approaches help in searching and evaluating combinations of operations, achieving results that are often
comparable to or better than manual techniques.

o Feature extraction focuses on reducing dimensionality by applying specific mapping functions to isolate
informative and non-redundant features.

2.1.4. Model Generation and Evaluation

Model generation within AutoML is about automating the selection and configuration of machine learning
algorithms. Traditional machine learning model development requires a practitioner to manually select an
algorithm suitable for the problem at hand and then experiment with various hyperparameters to find the best
configuration. This is a time-consuming and often technically challenging process, particularly in complex
datasets and problem domains. AutoML simplifies this by using sophisticated algorithms to explore a wide
range of machine learning models. This includes a variety of algorithm types such as:

e Decision Trees: These models perform classification or regression by making decisions based on the
data features. They are easy to understand and interpret, making them a popular choice for many
applications.

e Support Vector Machines (SVMs): SVMs are effective in high-dimensional spaces and are best known
for their use in classification problems.

o Neural Networks: With their ability to model complex nonlinear relationships, neural networks are
suited for tasks like image and speech recognition, where they can capture intricate patterns in data.
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o Ensemble Methods: Techniques like Random Forests and Gradient Boosting Machines combine
multiple models to produce one optimal predictive model, reducing the likelihood of overfitting and
improving prediction accuracy.

AutoML tools typically use a search strategy such as grid search, random search, or more advanced methods
like Bayesian optimization to systematically explore different models and their configurations. These strategies
vary in their efficiency and effectiveness; for example, Bayesian optimization can more quickly generate
optimal model parameters by building a probabilistic model of the function mapping hyperparameters to model
performance.

Once models are generated, model selection stands as a pivotal stage where the optimal model, from those
generated and evaluated earlier, is chosen for deployment. This process involves several intricate steps that
ensure the selected model not only performs well statistically but also aligns with practical, operational criteria:

¢ Ranking Models Based on Evaluation Metrics

These metrics differ depending on the type of task—for instance, accuracy, precision, recall, and F1 score for
classification tasks, or mean squared error and R-squared for regression tasks. In classification tasks, for
instance, while accuracy might give a basic idea of performance, it could be misleading in cases of imbalanced
classes, thereby making metrics like F1 score or AUC-ROC more reliable for assessing model quality. AutoML
systems often employ sophisticated scoring systems that aggregate these metrics to provide a holistic
assessment of each model's performance. This might involve weighting different metrics based on their
relevance to the specific application or using statistical techniques to normalize scores across various metrics.

e Considering Computational Efficiency and Complexity

Beyond just raw performance metrics, AutoML systems also consider the computational efficiency and
complexity of each model. This is crucial because a model that requires excessive computational resources for
training or inference may not be practical, especially in environments with limited hardware capabilities.

o Computational Efficiency: This involves evaluating the time and resources required for training and
making predictions. A model that is slightly less accurate but much faster may be preferred over a top-
performing model that is computationally expensive.

o Model Complexity: Simpler models are often more robust and easier to maintain. They are also less
likely to overfit the training data. AutoML systems can evaluate complexity based on the number of
parameters, the depth of decision trees, or the architecture of neural networks.

e Performance Criteria and Thresholds

Model selection isn't merely about picking the highest-ranked model; it often involves meeting predefined
performance criteria or thresholds. These criteria are set based on business objectives or the specific
requirements of the task at hand. For example, in a medical diagnosis application, a high recall might be more
important than achieving the highest possible accuracy.

e Further Fine-Tuning

Once a model or a set of top models is identified, AutoML systems might engage in further fine-tuning. This
can involve adjusting hyperparameters, scaling up the model with more data, or simplifying the model to
improve computational efficiency without significantly affecting performance. Techniques such as Bayesian
optimization are often employed here to find the optimal configuration with fewer iterations.

e Validation and Testing

Before deployment, the selected model undergoes rigorous validation and testing to ensure that it performs
consistently well on unseen data. This often includes testing on a separate test set that was not used during the
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model training or evaluation phases. It helps confirm that the model’s performance metrics are genuinely
indicative of its real-world capabilities.

e Deployment Considerations

Finally, deployment considerations such as integration with existing systems, the need for real-time versus
batch processing, and the operational environment (cloud, on-premises, edge devices) are taken into account.
The model’s architecture might be adjusted to fit into the deployment environment, ensuring that it delivers
the expected performance in the real world.

2.2. Auto-ML Tools

In this section, features and functionalities of some widely used Auto-ML platforms such as Auto-sklearn,
Auto-Keras, TPOT, Auto-WEKA, H20 Auto-ML,Amazon Sagemaker, and AutoGluon (Thornton et al., 2013;
Feurer et al., 2019).

2.2.1. Auto-sklearn

Auto-sklearn is an open-source tool which utilizes the established Scikit-Learn package in Python (Pedregosa
et al., 2011). This tool automatically identifies the most suitable learning algorithm for a new dataset and fine-
tunes its hyperparameters. Additionally, Auto-sklearn employs Bayesian optimization techniques in its
operations.

2.2.2. Auto-keras

Auto-Keras, also open-source, is constructed atop the Keras library and specializes in automatic neural network
design, particularly for text and image data (Jin et al., 2019). It simplifies complex tasks such as embeddings
and dimensionality reduction, which are typically challenging for novices in deep learning. Auto-Keras also
performs automatic neural architecture optimization, adjusting aspects like neuron counts and layer
configurations. Models developed with Auto-Keras function as standard TensorFlow/Keras models, handling
many preprocessing tasks automatically, such as text data vectorization and cleaning (Jin et al., 2023).

2.2.3. TPOT

TPOT (Tree-based Pipeline Optimization Tool), is an open-source which utilizes genetic programming to
determine the most effective model pipelines. It symbolically represents a model's pipeline, including all stages
from data preparation to modeling. TPOT emphasizes ease of use with minimal user input, generating
sophisticated, high-performance ML pipelines (Olson et al., 2016).

2.2.4. Auto-WEKA

Auto-WEKA leverages the classification and regression algorithms from the WEKA platform, an established
open-source ML framework known for its user-friendly interface (Kotthoff et al., 2019). It is designed to help
beginners by automatically tuning WEKA's algorithms and hyperparameters using Bayesian Optimization,
making it as approachable as other learning algorithms (Kotthoff et al., 2016).

2.2.5.H20

H20, both a commercial and open-source tool, excels in detecting data schemas and analyzing results
comprehensively (Darren, 2016). It is particularly adept at handling time series data, automating feature
engineering, and creating efficient pipelines. H20 Auto-ML performs iterative model comparisons to identify
the best model. It also has a recommender that provides data-driven recommendations tailored to business
needs (Del & Poirier, 2020).

2.2.6. Amazon sageMaker

Introduced by AWS, Amazon SageMaker Autopilot is a cloud-based platform designed to work seaML essly
with well-known deep-learning methods (Iwendi et al., 2022). It automatically identifies the suitable model
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for any given dataset. This platform significantly simplifies the process of building ML models by
autonomously searching for the best models and providing an explainability report that helps users understand
and evaluate the models it develops (Park et al., 2022).

2.2.7. AutoGluon

AutoGluon is an advanced Auto-ML platform known for its automated data preprocessing, model architecture
exploration, and hyperparameter tuning, which together enhance model performance and predictive accuracy
(Ji et al., 2022; Erickson et al., 2020; UC., 2023). It features a diverse array of ML models. AutoGluon is
designed to efficiently determine the most suitable model for specific applications, thereby optimizing
performance and accuracy (UC., 2023). AutoGluon employs a multi-layer stacking strategy that uses the output
of one layer of models as the input for the next layer, continually building complexity. This methodology not
only uses diverse model types within each layer but also combines their outputs to create new feature sets for
subsequent layers, enhancing the model’s ability to learn from the data. In its final stages, AutoGluon
implements ensemble models to prevent overfitting (Ge, 2020).

3. PROPOSED AUTO-ML PLATFORM

3.1. Challenges of Developing Auto-ML Solutions in Energy Sector

Despite advances in Auto-ML, its implementation in the energy sector is still limited. This shortfall is due to
specific challenges within the energy domain that obstruct the adoption of Auto-ML Technologies:

o Developing a high-quality dataset:

It's crucial for models to be trained on data that reflects the format and quality expected in real-world
applications. However, applying automated feature engineering to energy data, which is often highly noisy,
can be challenging and lead to less than optimal outcomes.

o Black-box property of Auto-ML systems:

They do not provide clear visibility into their decision-making processes, such as the exploration of different
model configurations, which can lead to mistrust among both expert and novice users. This distrust is
especially acute in the critical areas of energy operations and infrastructure, where the clarity and
interpretability of algorithms are vital for their integration into existing workflows.

e Big-Data:

The current methods for optimizing ML pipelines struggle to handle the large datasets that are typical in the
energy sector, further limiting the presence of Auto-ML solutions in this area.

This paper seeks to overcome these challenges by creating an Auto-ML platform specifically designed for the
energy industry, capable of handling the vast and diverse data streams that characterize today's energy data.
Through iterative consultations with professional traders and data scientists in the energy field, essential data
sources and technical needs have been pinpointed. The ability to efficiently process these data sources at high
speeds is critical for improving forecasting accuracy. The proposed platform will focus on streaming data
analytics, requiring continuous data access, scalability for handling substantial data volumes, and stringent
data quality management.

3.2. Platform Architecture

The platform architecture (Figure 1) describes the key components and how they interact to automate the ML
process. It details the data flow from ingestion to model deployment, including the integration of domain-
specific modules for handling energy data. The architecture is designed to be scalable and flexible, supporting
various types of energy data and ML algorithms.
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3.3. Auto-ML Entity-Relationship (ER) Diagram

The ER Diagram (Figure 2) provides a visual representation of the data relationships within the Auto-ML
platform. This diagram shows how different data entities such as datasets, models, features, and results are
interconnected. The ER diagram serves as a blueprint for database design and helps in ensuring that the data
management component of the platform is robust and efficient, catering to the needs of model training,
evaluation, and deployment.

3.4. Data Lake Architecture

Although distribution companies actively collect data from different systems and many similar data sources,
most of these systems work asynchronously and are stored in independent databases. Therefore, the interaction
between the collected data is extremely weak. The proposed data lake architecture (Figure 3) enables many
different and discrete types of data sources can be integrated with each other. SQL and NoSQL based hybrid,
integrated database infrastructure. Users easily integrate their data, can get started quickly with ML.
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Figure 2. ER Diagram
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3.5. ML Approach

Our proposed Auto-ML platform, at the macro-level uses a model-centric strategy (Figure 4) to automate the
selection, training, and optimization of ML models. This approach focuses on selecting the most appropriate
models based on the characteristics of the data and the specific requirements of the energy sector tasks at hand.
It includes the use of meta-learning to predict the best models and configurations, and how the platform adapts

Figure 3. Data Lake Architecture
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Our ML approach, at the micro-level (Figure 5), enables Utility Users to:

o Integrate data sources from our platform or other data service platforms.

o Easily preprocess raw data without writing code by using predefined blocks.

e Built ML pipelines using predefined ML algorithms.

e Visualize each step of data, input or output of pipeline in preview.

o Deliver Al insights and develop your operations with actionable and qualitative Al insights.

Data Source | Data Source Il Data Source lil
Prepossessing of Datasets
Filling Missing Values Normalization
} ( Integrate Discrete Datasets

Data Integration

97 Split Data for Train and Test

Train Dataset Test Dataset

Random Forest Prediction Approach

Random Forest Regressiot———————{>{Random Forest Prediction

T Preprocessing of Results

Visualization of Resul!E i Preprocessing Resuts

Figure 5. ML Approach (Micro-Level)

3.6. Design

3.6.1. Dashboard Interface

The dashboard interface (Figure 6) provides users with an overview of ongoing activities, performance metrics,
and system statuses. It is designed for ease of use, allowing users to quickly assess model performances,
monitor system health, and make informed decisions about adjustments or deployments.

Menu — FBOSDNOTUSATS H
# Dashboard Start with Bosphorus Al AutoVL
L1 Datasets Lorem insum dolor sit amet, ipiscing elit. Sed erat quis nisi bibendum. nec
pulvinar purus scelerisque.
B Review dataset Vestibulum ante insum primis in faucibus orci luctus et ultrices posuere cubilia curae; Maecenas
auctor, nisi id efficitur molestie, cuam libero lobortis sapien, eu interdum purus elit eget nisi.
??if Model Traihing Integer malesuada magna ut ex fermentum, sed lobortis quam suscipit. Donec rutrum diam nec enim
hendrerit, sed tempor arcu consectetur.
5* Logout Phasellus conseguat orci et justo sagittis, nec ultricies enim uitrices. Nulla facilisi. Cras dapibus velit

sit amet nulla vulputate, eget gravida ex ultricies. Suspendisse potenti.

Get Ensemble Prediction
Recent datasets Recent Models
. Once you've trained a model, you
Dataset 2 Energy prediction 3 can use it to make predictions
either online from an endpeint or

Average accuracy: 096 through ensemble requests.

Add Dataset Train New Modall Create ensemble predictions

Figure 6. Dashboard Interface
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3.6.2. Data Viewing and Addition Interface

The data viewing and addition interface (Figure 7) enables users to view existing datasets and add new ones.
It explains how users interact with the data, the types of data supported, and how new data can be uploaded to
the system. The interface facilitates easy management of data resources, including search, filter, and sort
capabilities.

Menu — FEOSDNOTLISATNS 0

oms oo

Qulema D i
B Review dataset

% Madel Training Dataset1 al2324324 csv 01.012000

[5* Logout | |
Dataset 2 bABAGAGE csv 01012000
Dataset & CBA7E756 Excel 01012000 Q | |

Figure 7. Data Viewing and Addition Interface
3.6.3. Data Preprocessing Interface
The data preprocessing interface (Figure 8) enables users to preprocess data which includes options for

cleaning data, handling missing values, normalizing data, and feature engineering. The user-friendly design
allows non-experts to perform complex preprocessing tasks with minimal technical knowledge.

Menu — FEOSDNOTUSA S H o

Selected Dataset : Dataset 2
# Dashboard ~

la Datasets

- data data data data data

% Model Training

data data data data data =
3 Logout

data data data data data

data data data data data

Preprocess Data

Figure 8. Data Preprocessing Interface
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3.6.4. Model Training Interface

The model training interface (Figure 9) enables users to select, configure, and train ML models. It includes
tools for setting parameters, choosing algorithms, and initiating training sessions. This screen also provides
feedback on model performance and diagnostics to help users optimize their models.

Menu —_— FEOSDNOTUSATS 0

# Dashboard Training Method
Datasets Selected Dataset

la Datasets

Model Details

B Review dataset . . .
Training Container Objective | Aim

e Model Training
Energy Demand Forecast

Hyperparameter
E’ Logout optimization Purpose of usage 2

Purpose of usage 3

Generated Models
Method

® AutomL

QO customized Training

Continue

Figure 9. Model Training Interface

3.7. Usability and Preliminary Results

While the proposed No-Code Auto-ML platform for the energy sector presents significant potential, it is crucial
to consider and test specific challenges such as the black-box nature of Auto-ML systems and the need for
high-quality datasets, providing valuable insights into how these issues may affect the platform's deployment
and effectiveness.

3.7.1. Mitigating the Effect of Black-Box Nature of Auto-ML Systems

Trust is essential for the integration of Al-driven solutions into existing workflows, and the opaque nature of
Auto-ML models can hinder this trust. To mitigate this issue, the platform incorporates visualization tools
aimed at enhancing interpretability and transparency. Advanced visualization tools that graphically represent
model behavior and decision pathways, making it easier for users to comprehend complex models.

3.7.2. Robust Data Preprocessing and Cleaning Modules

Energy companies collect data from diverse sources and systems, leading to data silos. Integrating these
disparate datasets into a cohesive whole can be challenging and time-consuming. To address these challenges,
the platform includes robust data preprocessing and cleaning modules. Tools for automated data cleaning that
filter out noise, handle missing values, and standardize data formats to improve dataset quality. Features that
facilitate the integration of data from multiple sources, including SQL and NoSQL databases, to create
comprehensive and high-quality datasets for model training.

3.7.3. Preliminary Results

Empirical validation is crucial to demonstrate the practical effectiveness of the proposed No-Code Auto-ML
platform in real-world energy industry settings. We did a pilot project in collaboration with key stakeholders
in the energy sector. The platform is applied to improve the accuracy of energy demand forecasts, allowing
better matching of supply and demand dynamics. Accurate forecasting is critical for energy providers to ensure
reliability and cost-effectiveness. Initial feedback from the pilot projects has been promising. Users have
reported significant improvements in data processing efficiency and predictive accuracy. Key observations
include:
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o Data Processing Efficiency: The platform's automated data preprocessing and feature engineering
capabilities have streamlined workflows, significantly reducing the time required for data preparation.

o Predictive Accuracy: Enhanced model accuracy has been observed in applications involving high
variability in energy demands, leading to more reliable and actionable insights.

o User Experience: Non-expert users have found the platform's no-code interface intuitive and easy to use,
facilitating broader adoption of machine learning tools within their organizations.

These preliminary results provide a strong foundation for further validation and suggest that the platform can
deliver substantial benefits to energy sector professionals.

4. CONCLUSION

In this paper, we presented the design and implementation of a no-code Auto-ML platform tailored specifically
for the energy industry, aiming to streamline the development and deployment of ML models. The proposed
Auto-ML platform addresses the unique challenges faced by the energy sector, such as high variability in data
sources and strict regulatory requirements, by incorporating domain-specific knowledge into every phase of
the ML pipeline. The modular architecture of the Auto-ML platform allows for extensive customization and
scalability, ensuring that it can be adapted to meet the diverse needs of various energy sub-sectors. This
adaptability fosters a wider adoption of advanced analytics across the industry, from large-scale utility
companies to renewable energy startups. By reducing the barrier to entry for sophisticated data analysis, our
platform empowers industry stakeholders to leverage predictive analytics and ML without the need for deep
technical expertise in these areas. In conclusion, our work contributes a significant tool to the energy industry’s
arsenal, facilitating a shift towards more adaptive, efficient, and data-informed operations. The ongoing
development and refinement of such technologies will be crucial in meeting the evolving demands of global
energy markets and in tackling the pressing challenges of energy sustainability and management.

While the development of the No-Code Auto-ML platform for the energy sector has shown significant promise,
several limitations and challenges were encountered throughout the process. Acknowledging these issues is
crucial for understanding the platform's current capabilities and identifying areas for future improvement. One
of the primary challenges faced during the development of the Auto-ML platform was ensuring the quality and
availability of data. The energy sector generates vast amounts of data, but this data is often noisy, incomplete,
or stored in disparate systems. Developing a high-quality dataset that accurately reflects real-world conditions
is essential for training effective machine learning models. This challenge was partially mitigated by
integrating robust data cleaning and preprocessing modules, but inconsistencies in data sources still posed
significant hurdles. Incorporating domain-specific knowledge into the Auto-ML platform to handle unique
industry challenges such as fluctuating energy demand and regulatory compliance proved complex. While the
platform's modular architecture allows for customization, translating expert knowledge into automated
processes and algorithms required extensive collaboration with domain experts. This process was time-
consuming and highlighted the need for ongoing refinement and expert input to ensure the platform remains
relevant and effective.

The potential for future research and practical applications of this platform has several promising directions to
further enhance its impact and utility. Collaborative and federated learning approaches can be explored to
enable the platform to learn from decentralized data sources without compromising data privacy. This involves
developing algorithms that allow multiple stakeholders to collaboratively train models while keeping their data
local. Such approaches can enhance the platform's ability to generate robust models using diverse datasets
from different organizations. While the platform is designed for the energy sector, its modular architecture
allows for adaptation to other industries. Future research can explore the customization of the Auto-ML
platform for different domains such as healthcare, finance, and manufacturing. This includes developing
domain-specific modules and algorithms that address the unique challenges and requirements of these sectors,
broadening the platform's applicability and impact.
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