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Abstract:

This will help handle the huge volumes of data (consumption, production/efficiency) associated with our
worldwide energy usage. In addition to using various machine learning models, the system will also utilize
Natural Language Processing (NLP) techniques to automatically convert technical findings into easily
understandable, human readable narratives. The proposed project identifies many different data sources,
including smart meters, renewable energy sensors, and publicly available data sets of energy consumption,
production, etc., and combines them to create a comprehensive system for tracking and analyzing energy
usage patterns. In addition, machine learning algorithms will assist in identifying areas of efficiency and
predicting future demand, while highlighting the many opportunities available for integrating renewable
energy sources. Using Natural Language Processing (NLP), this system will automatically produce a
structured report that summarizes the most important results and provides a visual representation for each
result, along with an actionable strategy for various stakeholders (policymakers, utility providers, and
community organizations). By utilizing this approach, the report will eliminate much of the time spent on
generating reports manually, while also creating a consistent method of reporting such data. By
demonstrating how Al can be utilized to promote sustainable energy practices, improve energy efficiency,
and provide equitable access to affordable, clean energy, this proposed project will illustrate the potential
for intelligent systems to do more than optimize the management of energy. Intelligent systems can also
help fulfill the global sustainability initiatives in a more substantial manner. In addition to the predictions, a
rule-based Natural Language Processing (NLP) module will be included in this system to produce detailed
analytical reports automatically. Each report will include insights about data quality, feature correlations,
model performance, and actionable recommendations, making the report understandable to individuals who
may not have technical expertise.

Keywords — Affordable and Clean Energy, Smart Data Analytics, Automated Report Generation,
Predictive Energy Management
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1.Introduction: generated from sensors, smart meters, and

Energy management has become a critical
challenge in modern society due to increasing
energy demand and the need for sustainable and
efficient utilization of resources. With the rapid
growth of industries and smart infrastructures, large
volumes of energy consumption data are being
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monitoring systems. However, analyzing this data
manually is complex, time-consuming, and often
leads to inefficient decision-making.

To solve this problem, we are creating a new Al-
based system that incorporates Machine Learning
and Natural Language Processing (NLP). The
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system uses Linear Regression models to estimate
energy usage from many different input variables,
like temperature, solar generation, etc. The models
are also evaluated for their accuracy and reliability
by using Mean Absolute Error, RMSE, and R?
score. The results show that all models produce
excellent predictions with very low error rates and
stable output trends. The key innovation of this
project is the integration of disparate components
into a single system.

2.Proposed:

2.1 Overview

An Al-based framework to analyze energy
consumption and produce automated, human-
readable reports. The Al-based framework uses ML
for predictions, and NLP for generating reports. The
intent of the Al-based framework is to provide an
end-to-end solution where energy consumption is
predicted and the prediction provided is explained in
a structured manner.

The
overcome

Al-based framework was
limitations

developed to
associated with existing
commercial energy metering systems. Existing
commercial energy metering systems are limited in
their functionality; most are used for data collection
or visualizing energy consumption, but are unable to
provide intelligent information to assist in the
decision-making process. With the incorporation of
ML predictive models and intelligent report writing
via NLP, the proposed Al-based framework offers a
valuable resource to improve decision-making and
optimize energy consumption.

2.2 System Architecture

The overall architecture of the proposed system is
designed as a pipeline consisting of multiple
interconnected modules. The workflow of the system
is illustrated here:
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Fig. 1 System Architecture
2.3 Data Input Module

Data Input Module - This is in charge of collecting
and loading the datasets into the system. Unlike
traditional systems that rely on predetermined fixed
datasets, the system proposed provides dynamic
selection of datasets through a graphical user
interface. Users can upload the dataset in CSV
format and will be able to select the properties of the
datasets that are used for analysis.

The datasets usually consist of:
» Temperature
* Solar Generation

* Energy Consumption
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» Other Environmental / Electrical Variables

This flexibility enables this solution to be used with
varying types of energy dataset and therefore with
real world applications.

Table 1 Dataset

time lgeneration coallignit: derived ga: fossilgas hard coal oil oilshale fossil peat
Ell 2015-01-0 447 329 0 4844 4821 162 0 0
3l 2015-01-0 449 328 0 5196 4755 158 0 0
2015-01-0 448 323 0 4857 4581 157 0 0

Bl 2015-01-0 438 254 0 4314 4131 160 0 0
3 2015-01-0 428 187 0 4130 3840 156 0 0
&l 2015-01-0 410 178 0 4038 3590 156 0 0
Bl 2015-01-0 401 172 0 4040 3368 158 0 0
W 2015-01-0 408 172 0 4030 3208 160 0 0
&) 2015-01-0 413 177 0 4052 3335 161 0 0
2015-01-0 419 177 0 4137 3437 163 0 0

(FY 2015-01-0 422 173 0 4059 3516 167 0 0
il 2015-01-0 421 226 o 3931 3845 166 o o

kY 2015-01-0 428 303 0 3784 4220 167 0 0
B 2015-01-0 425 288 0 3754 4404 167 0 0
3 2015-01-0 423 260 0 3779 4256 166 0 0

il 2015-01-0 421 183 0 3708 4038 160 0 0
£Y 2015-01-0 422 256 0 3813 4191 163 0 0
EY 2015-01-0 426 322 0 3967 4707 165 0 0
§) 2015-01-0 427 282 0 4756 4756 164 0 0
2015-01-0 442 303 0 4410 4918 147 0 0

EPY 2015-01-0 a4s 318 0 4324 5025 154 0 0
EEN 2015-01-0 443 325 o 4684 5043 154 o 0
P2 2015-01-0 440 322 0 4870 4990 154 0 0
LY 2015-01-0 438 320 0 4685 4942 160 0 0
B 2015-01-0 368 0 0 3189 1291 193 0 0
EYdl 2015-01-0 368 o 0 2902 1190 192 0 0
PXY 2015-01-0 358 0 0 2772 1023 189 0 0
EEY 2015-01-0 353 0 0 2936 1016 188 0 0
0l 2015-01-0 354 0 0 2893 1103 189 0 0
2015-01-0 354 0 0 2889 1120 190 0 0

2.4 Data Preprocessing Module

The Data Preprocessing Module ensures that the
input data is clean, consistent, and suitable for
analysis. This step is crucial because raw data often
contains missing values, noise, and inconsistencies.

The preprocessing steps include:
o Handling missing values
e Removing duplicate records

One of the fundamental statistical measures used
during preprocessing is the calculation of the mean
value of the dataset:

Mean = (3x)/n (1)

Where:
e x represents individual data values
o nrepresents the total number of observations

o 2.5 Feature Selection Module

Available at www.ijsred.com

o Feature selection is important for making the
model perform better. This module will apply
a feature selection method to find and select
the relevant input variables (features) that
you will use to train your machine learning
model.

e For example:

The input features (X) would be
temperature and solar generation.

e« The target or output variable (y) would be
energy consumption.

Table 2 Feature and Target Columns

£ Choose feature and target columns

Dataset: energy_data (1).csv

Feature columns (Ctrl+click for multi-select) Target columns (Ctrl+click for multi-select)

ime time

lgeneration biomass lgeneration biomass

generation fossil brown coal/lignite igeneration fossil brown coal/lignite
igeneration fossil coal-derived gas igeneration fossil coal-derived gas
lgeneration fossil gas igeneration fossil gas

igeneration fossil hard coal igeneration fossil hard coal
lgeneration fossil oil lgeneration fossil oil

generation fossil oil shale igeneration fossil oil shale
lgeneration fossil peat lgeneration fossil peat

generation geothermal lgeneration geothermal

generation hydro pumped storage aggregated | [generation hydro pumped storage aggregated

n Mac to select multic lumr
Ma elect multiple columns

Machine Learning Module

2.6

The Machine Learning Module is the core
component of the system. It uses supervised learning
techniques to model the relationship between input

features and energy consumption.

The proposed system uses Linear Regression, a
widely used algorithm for predicting continuous
values. The mathematical representation of Linear
Regression is given by:

Yy = Bo + Brx1 + Baxy + -+ Brxy (2)
Where:

e yis the predicted energy consumption
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*  Xi,Xy,..,X, are input features
e [3, is the intercept

e [1,B,, ... are coefficients representing the
influence of each feature

The model is trained using historical data by
minimizing the error between actual and predicted
values.

2.7 Prediction Module

After training the model, the model can predict the
energy usage of an individual based on their new
input data.

-

dependent Variable

regression

Y

independent Variables ¥

Fig. 2 Linear Regression

This system allows the user to enter new inputs that
include variables such as weather and solar power
output in order for the model to generate predictions
of current use at the time of input. By using this
module, it will help predict future use of energy
which is vital in order to effectively plan and manage
energy consumption.

2.8 Evaluation Module

The performance of the machine learning model is
evaluated using standard metrics to ensure accuracy
and reliability.

4. Mean Absolute Error (MAE)
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MAE=1/nly -y | (3)
2. Root Mean Square Error (RMSE)
1 52
RMSE = |-3(y = ¥) 4

3. Coefficient of Determination (R? Score)

The R? score measures how well the model explains
the variability of the target variable.

These metrics help in assessing the effectiveness of
the model and comparing different approaches if
required.

2.9 NLP Report Generation Module

The module for Natural Language Processing creates
user readable documents from numerical output.
Previous systems provided just raw data in numerical
forms; they did not provide structured reports

including observations, insights and
recommendations.

The Report includes:

. Summary of input data

. Projected energy consumption

. Performance metrics of the model

. Observations and trends

. Recommendations for energy efficiency.

The system generates meaningful sentences from
analytic results using rule based Natural Language
Processing.
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Structured Human-Like
Data Input Text/Speech Output
NLG System + Chatbot Response
* Autt ted R t
(AFENLE) < Personslized Emall
Fig. 3 NLP Generation
2.10 Output Module

The final output of the system consists of:
* Predicted energy consumption values
*Graphical representation (Actual versus Predicted)

» Automatically generated Report (saved in a text
format)

The output has been designed with an easy-to-use
graphical interface that can be read and interpreted
by a non-technical user.

3. EXPERIMENTAL SETUP

This system is developed using a software-based
platform employing readily accessible tools and
libraries. The programming language of choice for
the development of the system is Python, due to its
high level of simplicity and wide variety of options
as it relates to machine learning and data analysis.

For the data and pre-processing
functionality, the system is designed to utilize the
Pandas Library in order to facilitate the manipulation
of structured datasets efficiently. The machine
learning functionality of the system is developed

using the Scikit-learn Library, which provides

handling

numerous types of machine learning algorithm
implementations such as Linear Regression, to
provide the basis for prediction tasks. The data
visualisation aspect of the system is performed using
the Matplotlib Library to display graphs and plots of
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the actual values versus the values predicted by the
model.

To enhance the user experience and minimise the
amount of programming experience needed by the
end user, the system was developed with a Graphical
User Interface (GUI), which was built using Tkinter.
This GUI allows end-users of the system to easily
upload their datasets into the system, select which
features they would like to analyse, and interact with
the system very simply.

The system runs on a typical computer, with mid-
range specifications (minimum of 8GB RAM and a
modern processor). No specialised hardware is
necessary for the running of the system, making it a
low-cost and scalable alternative to many existing
solutions, requiring only the end user(s) have access
to a standard computer to execute.

4 Results:

The following are outputs which are extracted from
the output which is in textual format(.txt).

Let’s discuss about each figure in depth a little bit.
Fig.4 gives an idea how the results would look like
1.e., an intro. It also tells us about time and date ,when
it’s generated. Some more specific details such as
data file location and no. of total records recorded in
energy report.

ENERGY REPORT

Generated on: 2026-04-11 at 14:19
Data file: C:\Users\vikas gaandia\OneDrive\Documents\energy_datal.csv

Total records: 35022

ENERGY DATA SUMMARY

This report analyzes your energy consumption patterns based on the provided data.
Data covers 35064 records from C:\Users\vikas gaandla\OneDrive\Documents\energy_datat.csv.

Key metrics tracked: total load forecast, total load actual, price day ahead

fossil brown coal/lignite, generation fossil coal-derived gas, generation fossil gas

The analysis helps identify usage patterns, potential savin

Fig.4 Energy Report

gs, and future trends.
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Fig. 5 gives more specifications about energy data
with future energy predictions and Reliability
improvements.

It helps us to take necessary steps for future, so that
we can escape from problems (energy crash,
environment adaptation).
Hence, it is better to read these suggestions
generated for the customer.

FUTURE ENERGY PREDICTIONS

+ We predict your total load forecast energy use next time might be around 28856.07 units.
* We predict your total load actual energy use next time might be around 28879.88 units.
* We predict your price day ahead energy use next time might be around 78.35 units.

« This is just an estimate based on current patterns.

RELIABILITY IMPROVEMENTS

To improve energy reliability:
« Install backup power systems like generators or batteries for outages.
« Use smart meters to monitor usage in real-time and detect issues early.
+ Regular maintenance of electrical systems to prevent failures.
« Diversify energy sources (solar, wind) to reduce dependence on one supply.
» Implement load balancing to avoid overloading circuits.
Fig. 5 Future Energy Predictions and Reliability
improvements

Fig 6 provides a Detailed energy consumption
analysis based on the target columns selected by the
user. It has details such as Average daily
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consumption, Highest & lowest recorded energy,
trends etc.,

DETAILED ENERGY CONSUMPTION ANALYSIS

- total load forecast Energy Use:
- Average daily consumption: 28710.54 units
- Highest recorded: 41390.00 units
- Lowest recorded: 18105.00 units
- Typical (median) use: 28903.00 units
- Variability: 4592.26 units standard deviation
- Trend: Energy use is increasing (1.8% change over time)
- Total energy used in period: 1006762125.00 units
- Days analyzed: 35064
- total load actual Energy Use:
- Average daily consumption: 28696.40 units
- Highest recorded: 41015.00 units
- Lowest recorded: 18041.00 units
- Typical (median) use: 28901.00 units
- Variability: 4574.11 units standard deviation
- Trend: Energy use is increasing (1.9% change over time)
- Total energy used in period: 1005196411.00 units

- Days analyzed: 35064

Fig. 6 Detailed Energy Consumption Analysis

ENERGY SAVING TIPS

* To save energy on total load forecast, try reducing related activities or factors.
+ To save energy on total load actual, try reducing related activities or factors.

+ To save energy on price day ahead, try reducing related activities or factors.

+ Switch to LED bulbs to use less electricity.

* Turn off lights and appliances when not in use.

+ Use energy-efficient settings on your heating and cooling systems.

+ Keep your equipment well-maintained to avoid wasting energy.

Fig. 7 Energy Saving Tips

Fig .7 shows that it also benefits non — IT people by
giving energy saving tips for better understanding
on energy and enables communication between the
technical guy and non — technical guy with simple
English.
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price day ahead Prediction
SUSTAINABILITY IMPROVEMENTS

100 1 —— Actual price day ahead

—— Predicted price day ahead

For better energy sustainability:
+ Switch to renewable energy sources like solar panels or wind turbines. 80 1

+ Reduce waste by using energy-efficient appliances and LED lighting.

]
+ Implement recycling programs for old equipment. ® 60
£
o
+ Plant trees and improve insulation to naturally reduce energy needs. E
©
+ Educate household members on sustainable energy practices. _§ 40 4
i~
a
+ Track carbon footprint and aim to reduce it over time.
20 A
DATA SUMMARY
04
There were 70529 missing pieces of information, but we handled them. (|) 1oloo 20'00 30|00 40l00 5060 GOIOO 70‘00

) _ ) . Samples
Some data columns (generation fossil coal-derived gas) don't change much - you might not need them.

Fig. 10 Price day ahead Prediction

The above graphs are based on Linear Regression
algorithm. They are produced by matplotlib module
which gives a brief explanation on the data visually
incredible.

Fig. 8 Sustainability improvements and Data
Summary

price actual Prediction

—— Actual price actual 5. APPLICATIONS

—— Predicted price actual

100 -
According to this research, the potential applications

80 1 for the system include... smart buildings, industrial

B energy management systems and renewable energy
@ 60 . .
3 systems etc., and allow organisations to track their
g . .

w0 current energy usage, ascertain understanding of

their future demand and thus optimise their overall

20 energy use.

The findings from the study show that the machine

(‘) 10'00 20’00 30‘00 40‘00 5060 60‘00 70‘00
samples learning system offers accurate predictions about
Fig. 9 Price actual prediction both current and future energy consumption, with

acceptable error levels. Using natural language
processing enables organisations to access
meaningful insights from numerical forecast data
and therefore improves decision making and lessens
the need for manual analysis of such data.

The performance of this system is dependent on the
individual components. Without the machine
learning module we cannot produce forecasts of
energy consumption. Similarly, without the natural

ISSN : 2581-7175 ©IJSRED: All Rights are Reserved Page 2482



International Journal of Scientific Research and Engineering Development-— Volume X Issue X, Year

language processing module we cannot generate
reports automatically. Both modules are essential for
the operation of the system.

6. CONCLUSION

An Energy Analytics solution leveraging Al
Technology, specifically Machine Learning (ML),
Natural Language Processing (NLP) capabilities will
deliver insight into energy consumption through an
integrated approach to predicting, analyzing, and
reporting on energy usage patterns. In terms of
prediction, Linear Regression was used to forecast
energy use for individual customers; results were
evaluated based upon traditional statistical methods
such as MAE, RMSE, R2 score metrics. The NLP
module provided a means for generating both
structured reports and human-readable formats.

This research addresses limitations associated with
traditional energy management by
incorporating intelligent insights and actionable
recommendations into a unified system. In addition,
this approach reduces the amount of time required
for manual data entry, improves accuracy of
reporting and supports sustainable Energy
Management practices.

solutions

Future developments will include enhancements to
the predictive ability with the incorporation of
advanced ML techniques, real-time processing of
incoming data feeds and the application of more
advanced language model-based NLP capabilities.

7.REFERENCES

[1] T. Ahmad, H. Chen, and Y. Guo, “Review of
various modeling techniques for the prediction of
electricity ~ consumption,”  Renewable  and
Sustainable Energy Reviews, vol. 82, pp. 2622-2634,
2020.

Available at www.ijsred.com

[2] M. S. Al-Musaylh, R. C. Deo, Y. Li, and J. F.
Adamowski, “Two-phase extreme learning machine

model for predicting monthly rainfall,” Journal of
Hydrology, vol. 562, pp. 350-365, 2018.

[3] J. Choi and S. Kim, “Machine learning
approaches for energy consumption prediction,”
Energy Procedia, vol. 158, pp. 3665-3670, 2019.

[4] R. K. Jain, K. M. Smith, P. J. Culligan, and J. E.
Taylor, “Forecasting energy consumption using
machine learning,” Energy and Buildings, vol. 42, no.
11, pp. 2173-2181, 2018.

[5] V. Kotu and B. Deshpande, Predictive Analytics
and Data Mining. Burlington, MA, USA: Morgan
Kaufmann, 2019.

[6] K. Li, X. Xie, T. Xiong, Y. Li, and Y. Bai,
“Building electricity consumption prediction using
optimized neural networks,” Energy and Buildings,
vol. 127, pp. 102-112, 2018.

[71 H. Liu, X. Mi, and Y. Li, “Smart energy
management using machine learning,” Applied
Energy, vol. 238, pp. 1466-1478, 2019.

[8] A. Rahman, V. Srikumar, and A. Smith, “NLP-
based report generation systems,” IEEE Access, vol.
9, pp. 12345-12360, 2021.

[9] L. Suganthi and A. A. Samuel, “Energy models
demand forecasting,”
Sustainable Energy Reviews, vol. 16, no. 2, pp.
1223-1240, 2017.

for Renewable  and

[10] Y. Zhang, J. Wang, and X. Zhao, “Short-term
load forecasting using machine learning techniques,”
Energy Reports, vol. 6, pp. 218-226, 2020.

ISSN : 2581-7175

O©IJSRED: All Rights are Reserved

Page 2483



