
International Journal of Advanced Multidisciplinary Research and Educational Development 
Volume 2, Issue 2 | March – April 2026 | www.ijamred.com 
 

ISSN: 3107-6513 
 

 
 

1985 
 

AI-Driven Energy Management Platform Using IoT and  
Machine Learning 

1Balakarthik T, 2Sushma A 
Department of Computer Science, Rathinam College of Arts and Science (Autonomous), Coimbatore,  

Tamil Nadu, India 

Corresponding Author: balakarthik2003@gmail.com 

Electricity demand is escalating rapidly owing to urbanization, industrial growth, and the pervasive adoption of electrical devices, making efficient 
power management a critical societal challenge. This paper presents an AI-driven Power Management System that leverages machine learning 
techniques to forecast future electricity demand and identify peak load periods. The system employs the Gradient Boosting algorithm, which analyzes 
historical power consumption data alongside time-based and environmental features—including hour of day, day of month, month of year, and ambient 
temperature—to generate accurate predictions. Advanced preprocessing pipelines and feature engineering strategies, including lag features and 
rolling averages, are applied to enhance model accuracy. The system produces monthly electricity demand forecasts and provides proactive peak load 
identification. An interactive Streamlit-based dashboard allows users to upload datasets, apply temporal filters, and visualize results through charts and 
summary statistics, thereby supporting data-driven decision-making. The proposed platform contributes to reducing electricity wastage, optimizing 
energy distribution, improving grid stability, and facilitating the efficient utilization of renewable energy sources during peak demand periods. 
Experimental results demonstrate the viability of the approach for intelligent, scalable, and sustainable modern energy management. 

I. INTRODUCTION 

Electricity is among the most indispensable resources un- 
derpinning modern civilization. Its consumption is growing 
at an unprecedented rate due to rapid urbanization, indus- trial 
expansion, and the proliferation of consumer electronic devices 
[1]. Efficient power management has consequently emerged as 
a pressing challenge for both energy providers and end 
consumers. Traditional energy management systems 
predominantly depend on manual monitoring, fixed schedul- 
ing, and historical-average-based estimation—approaches that 
are fundamentally insufficient to accommodate dynamic and 
unpredictable consumption patterns [2]. 

The last decade has witnessed the emergence of Artificial 
Intelligence (AI) and Machine Learning (ML) as transfor- 
mative tools for large-scale data analysis and high-fidelity 
prediction [3]. These paradigms empower intelligent systems 
to learn from historical observations, extract latent patterns, and 
generate forecasts with high accuracy. In the specific context of 
energy management, AI can be applied to predict electricity 
demand, detect impending peak load conditions, and 
dynamically optimize power usage to avert wastage and grid 
instability [4]. 

The Internet of Things (IoT) further amplifies this capa- 
bility by enabling continuous, real-time data collection from 
distributed sensors deployed in residential, commercial, and 
industrial environments [5]. Integrating IoT-sourced streaming 
data with ML-based forecasting models yields a coherent 
platform for proactive energy management. 

This paper presents a comprehensive AI-driven Energy 
Management Platform that combines the Gradient Boosting 
algorithm with an interactive web-based dashboard to deliver 
accurate electricity demand forecasting and peak load detec- 
tion. The principal contributions of this work are: 

• A feature-rich preprocessing pipeline incorporating tem- 
poral decomposition, lag features, and rolling statistical 

aggregates. 
• Implementation of a Gradient Boosting Regressor for non-linear 

electricity demand forecasting. 

The remainder of this paper is organized as follows. Section 
II reviews related work. Section III describes the system 
architecture and methodology. Section IV covers implemen- 
tation details. Section V presents experimental results and 
discussion. Section VI concludes the paper and outlines future 
directions. 

II. RELATED WORK 

Electricity demand forecasting has attracted considerable 
research attention over the past two decades. Early approaches 
relied on statistical methods such as ARIMA (Auto-Regressive 
Integrated Moving Average) [6] and exponential smoothing. 
While these models perform adequately under stationary con- 
ditions, they struggle with the inherently non-linear and multi- 
variate nature of modern electricity consumption patterns. 

The advent of machine learning introduced regression- based 
approaches including Support Vector Regression (SVR) 
[7] and Random Forests [8], which demonstrated improved 
accuracy by capturing feature interactions. Ensemble learn- ing 
methods, particularly boosting-based algorithms, have 
subsequently shown superior performance on tabular energy 
datasets. Chen and Guestrin [9] demonstrated that gradient 
boosting frameworks achieve state-of-the-art results across 
diverse regression tasks, including energy prediction. 

Deep learning architectures such as Long Short-Term Mem- 
ory (LSTM) networks [10] have been applied to time-series 
energy forecasting, exploiting sequential dependencies across 
extended temporal horizons. However, such models require 
large training datasets and substantial computational resources, 
limiting their applicability in resource-constrained environ- 
ments. 

IoT-integrated energy management platforms have been 
proposed by several researchers. Ref. [11] introduced a smart 
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grid architecture leveraging IoT sensor networks for 
real-time load balancing. Ref. [12] applied 
reinforcement learning to residential energy 
management systems, achieving meaningful 
reductions in peak demand. Despite these advances, 
a practical and accessible open-source platform 
combining ML-based 
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forecasting with an interactive visualization layer remains 
underexplored, motivating the present work. 

III. SYSTEM ARCHITECTURE AND METHODOLOGY 

A. Overall Architecture 

The proposed platform follows a three-tier architecture 
comprising a Data Layer, a Processing and Intelligence Layer, 
and a Presentation Layer, as described below. 

1) Data Layer: The data layer is responsible for ingest- ing, 
storing, and organizing raw power consumption data. Historical 
consumption records are stored in CSV format, a lightweight 
and universally supported medium that integrates seamlessly 
with Python data processing libraries. Each record captures the 
following primary attributes: (i) Date (date of the observation), 
(ii) Hour (hour of day, 0–23), (iii) Temperature (ambient 
temperature in ◦C), and (iv) Power Consumption (electricity 
usage in kW/kWh). 

2) Processing and Intelligence Layer: This layer encapsu- 
lates the preprocessing pipeline, feature engineering module, 
and machine learning model. Input data flows through valida- 
tion, null-value treatment, temporal decomposition, and feature 
augmentation before being presented to the Gradient Boosting 
model for training or inference. 

3) Presentation Layer: The Streamlit-based dashboard con- 

• Weekend Indicator: A binary flag Is Weekend is as- 
signed (1 if weekday ≥ 5, else 0) to capture the weekend 
consumption drop typical in commercial and industrial 
loads. 

• Lag Feature (Prev Load): The power consumption 
value of the immediately preceding hour is appended. This 
feature encodes short-term temporal autocorrelation in the 
data. 

• Rolling Average (Rolling Avg): A 3-hour backward 
rolling mean of power consumption is computed to cap- 
ture smoothed local trends and reduce noise sensitivity. 

The full feature vector x used for prediction is therefore: 

x = [Hour, Day, Month, Weekday, Temp, Is Weekend, PrevLoad,  

Rol 

D. Machine Learning Model: Gradient Boosting 

Gradient Boosting is an ensemble learning technique that 
constructs an additive model in a forward stage-wise fashion 
[13]. At each stage m, a weak learner (typically a shallow 
decision tree) hm(x) is fitted to the negative gradient of the 
loss function L with respect to the current ensemble prediction 
Fm−1(x): 

 
∂L(yi, F (xi))

  

stitutes the presentation layer. It provides an intuitive interface 
for dataset upload, temporal filtering, and the display of both 

rim = − ∂F (xi)  

F =Fm−1 

raw trends and model predictions through interactive charts 
and summary tables. 

B. Data Preprocessing 

Raw electricity consumption datasets frequently contain 
missing entries, outliers, and inconsistent formatting. The 
preprocessing pipeline addresses these issues through the 
following sequential steps: 

1) Data Loading: The CSV dataset is loaded using 
pandas.read_csv(), and the Date column is parsed into 
datetime objects. 

2) Null Value Handling: Rows containing null or NaN 
values are identified and removed. In production de- 
ployments, forward-fill or interpolation strategies may be 
applied. 

3) Outlier Detection: Extreme consumption values beyond 
three standard deviations from the rolling mean are 
flagged and optionally capped. 

4) Data Type Validation: Numeric columns are cast to 
float64 to prevent type-mismatch errors during model 
training. 

C. Feature Engineering 

Raw temporal and environmental attributes alone provide 

The ensemble is updated as: 

Fm(x) = Fm−1(x) + η · hm(x)  

where η ∈ (0, 1] is the learning rate that controls the contri- 
bution of each tree and serves as a regularization mechanism 
against overfitting. The final prediction after M iterations is: 

M 

yˆ = FM (x) = F0(x) + η · hm(x)  

 
m=1 

For the mean squared error (MSE) loss—appropriate for 
regression—the negative gradient in Eq. (2) reduces to the 
residual rim = yi − Fm−1(xi). 

In   the   proposed   system,   the   Scikit-learn 
GradientBoostingRegressor is configured with M = 200 
estimators, η = 0.05, and a maximum tree depth of 4, 
striking a balance between model expressiveness and 
overfitting risk. 

E. Peak Load Detection 

Following monthly demand forecasting, the system identi- 
fies the peak load interval by locating the maximum predicted 
value within the forecast horizon: 

limited discriminative signal for a machine learning model. 
The feature engineering module constructs an enriched feature 

t∗ = arg max 
t∈{1,...,T } 

yˆt 
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set as follows: 

• Temporal Decomposition: The Day, Month, and Week- 
day are extracted from the Date field using pandas dt acces 
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F. System Feasibility 

1) Technical Feasibility: The system leverages open- 
source, well-maintained libraries (Python, Scikit-learn, Pandas, 

C. Model Training Pipeline 

The model training pipeline is implemented as a standalone 
Python script. Algorithm 1 outlines the principal steps. 

Streamlit) and runs on commodity hardware (Intel Core i3   
or higher, 4 GB RAM minimum), making it technically 
accessible without specialized infrastructure. 

2) Economic Feasibility: All software components are 
freely available, eliminating licensing costs. The operational 
cost savings from reduced energy wastage and optimized 
procurement are expected to far exceed the implementation 
overhead. 

3) Operational Feasibility: The Streamlit dashboard’s intu- 
itive design minimizes the technical expertise required for day- 
to-day operation. Users can upload new datasets, retrain the 
model, and view updated forecasts within minutes, supporting 
agile operational workflows. 

IV. IMPLEMENTATION DETAILS 

A. Technology Stack 

Table I summarizes the technologies employed in the plat- 
form. 

 
TABLE I 

TECHNOLOGY STACK 
 

Component Technology 
 

 

Programming Language Python 3.x 
Data Processing Pandas, NumPy 
ML Framework Scikit-learn (GradientBoostingRegressor) 
Visualization Matplotlib, Streamlit 
Model Serialization Joblib 
Web Dashboard Streamlit 
Operating System Windows 11 / Linux / macOS 

 
 

 
 

B. Dataset 

The system operates on a one-year historical power con- 
sumption dataset spanning 8,760 hourly records. Each record 
contains the attributes described in Section III. The dataset 
is split 80/20 into training and testing partitions using Scikit- 
learn’s train_test_split with a fixed random seed to ensure 
reproducibility. 

The derived feature set after preprocessing is presented in 
Table II. 

 
TABLE II 

DATASET FEATURE SCHEMA 

Algorithm 1 Gradient Boosting Training Pipeline  

Require: Historical dataset D (CSV) 
Ensure: Trained model FM 

1: Load D; parse Date column 
2: Extract temporal features: Day, Month, Weekday, 

Is Weekend 
3: Compute lag feature Prev Load ← shift(P , 1) 
4: Compute Rolling Avg ← rolling(3).mean(P ) 
5: Drop rows with NaN 
6: Split D into Dtrain (80%) and Dtest (20%) 
7: Train GradientBoostingRegressor on Dtrain 
8: Evaluate on Dtest; compute MAE, RMSE, R2 
9: Serialize model to disk using joblib 

 

 
D. Core Implementation 

Listing ?? presents the central Python code for feature 
engineering, model training, and peak load detection. 

E. Dashboard Design 

The Streamlit dashboard is structured around four functional 
panels: 

1) Dataset Upload Panel:  Accepts  CSV  files  via 
st.file_uploader(). 

2) Filter  Panel:  Provides  date-range  selection  using 
st.date_input() sliders. 

3) Visualization Panel: Renders line charts (hourly trend), 
bar charts (monthly summary), and scatter plots (tem- 
perature vs. consumption). 

4) Prediction Panel: Displays tabular monthly forecasts 
and annotates peak load intervals. 

F. System Testing 

Three levels of testing were conducted: 
Unit Testing: Individual modules (preprocessing, feature en- 

gineering, inference) were validated against synthetic datasets 
with known ground-truth outputs. 

Integration Testing: End-to-end data flow from CSV upload 
through prediction generation and dashboard display was 
verified for correctness and latency. 

System Testing: The complete application was evaluated 

  against multiple real-world dataset subsets and boundary cases 
Feature Type Description 

Date Object Date of the record 
Hour Integer Hour of the day (0–23) 
Temperature Float Ambient temperature (◦C) 
Power Consumption Float Electricity usage (kW/kWh) 
Day Integer Day of the month 
Month Integer Month of the year (1–12) 
Weekday Integer Day of the week (0–6) 
Is Weekend Binary 1 = Weekend, 0 = Weekday 

Prev Load Float Previous-hour consumption Rolling Avg Float
 3-hour rolling mean 
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(e.g., all-weekend periods, extreme temperatures). 

V. RESULTS AND DISCUSSION 

A. Model Performance 

The trained Gradient Boosting model 
was evaluated on the held-out 20% test 
partition. Table III summarizes the 
performance metrics obtained. 

An R2 score of 0.9312 indicates that the model 
explains 

approximately 93% of the variance in 
electricity consumption, demonstrating 
strong predictive capability. The inclusion 
of lag 
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TABLE III 
MODEL EVALUATION METRICS ON TEST SET 

 

Metric Value 
 

 

Mean Absolute Error (MAE) 18.43 kW 
Root Mean Squared Error (RMSE) 27.61 kW 
Coefficient of Determination (R2)  0.9312 

 
 

 

 
features and rolling averages contributed substantially to this 
accuracy, as the model could leverage short-term autocorrela- 
tion in the consumption series. 

 
B. Feature Importance 

Analysis of the Gradient Boosting model’s feature impor- 
tances revealed that Prev Load (previous-hour consumption) 
and Rolling Avg were the two most influential predictors, 
accounting for approximately 54% of total feature importance. 
Temporal features Hour and Month ranked third and fourth, 
reflecting the strong diurnal and seasonal periodicities inher- 
ent in electricity demand. Temperature exhibited a moderate 
importance score, consistent with its known correlation with 
cooling and heating loads. Is Weekend showed the lowest 
importance, suggesting that the lag features already implicitly 
encode consumption regime differences between weekdays and 
weekends. 

 
C. Monthly Forecast and Peak Detection 

The system generated a 30-day (720-hour) forward forecast 
for April. The predicted peak load was identified at Day 14, 
Hour 14:00, with a forecasted consumption of 487.23 kW. This 
peak coincided with a simulated high-temperature afternoon 
scenario, validating the model’s temperature-load relationship 
capture. 

The monthly average predicted consumption was 374.6 kW, 
with a standard deviation of 51.2 kW, reflecting realistic 
diurnal fluctuation patterns. 

 
D. Comparison with Baseline Methods 

Table IV compares the Gradient Boosting model against two 
baselines—a simple historical mean estimator and a linear 
regression model—evaluated on the same test set. 

 
TABLE IV 

COMPARISON OF FORECASTING APPROACHES 

E. Dashboard Usability 

The interactive Streamlit dashboard was evaluated in in- 
formal usability sessions with five non-technical users. All 
participants successfully uploaded a dataset, applied a date 
range filter, and interpreted the resulting visualizations without 
any external guidance. The average task completion time was 
under 3 minutes, affirming the dashboard’s accessibility. 

VI. CONCLUSION AND FUTURE WORK 

This paper presented an AI-driven Energy Management 
Platform that integrates Gradient Boosting-based electricity 
demand forecasting with an interactive Streamlit dashboard. 
The system demonstrated strong predictive performance (R2 = 
0.931), accurate monthly peak load identification, and intuitive 
usability, making it a viable candidate for deployment across 
residential, commercial, and industrial settings. 

The key contributions include a robust feature engineering 
pipeline exploiting temporal decomposition and autoregressive 
features, a quantitative comparison establishing the superiority 
of Gradient Boosting over baseline estimators, and a user- 
centric dashboard design validated through usability evalua- 
tion. 

Future Work 

Several avenues merit exploration in future research: 

• Deep Learning Integration: Incorporating LSTM or 
Transformer-based sequence models [14] for extended 
multi-step forecasting horizons. 

• Real-Time IoT Data Integration: Connecting the plat- 
form to live sensor streams via MQTT or HTTP APIs to 
enable online model updating. 

• Renewable Energy Scheduling: Extending the system 
with an optimization module that schedules solar/wind 
dispatch against the predicted demand curve. 

• Cloud Deployment: Deploying the platform on scalable 
cloud infrastructure (e.g., AWS, Google Cloud) to support 
large-scale, multi-site energy management. 

• Federated Learning: Adopting federated learning proto- 
cols to train models across distributed energy consumers 
while preserving data privacy. 
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The Gradient Boosting model consistently outperforms both 

baselines across all metrics, confirming the benefit of 
ensemble-based non-linear modeling for electricity demand 

Method MAE (kW) RMSE (kW) R2 

Historical Mean 61.7 84.2 0.421 
Linear Regression 34.1 46.8 0.763 
Gradient Boosting 18.4 27.6 0.931 



International Journal of Advanced Multidisciplinary Research and Educational Development 
Volume 2, Issue 2 | March – April 2026 | www.ijamred.com 
 

ISSN: 3107-6513 
 

 
 

1992 
 

forecasting. 
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