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Abstract— Fast growth in Electric Vehicle ownership reshaped how people move, pushing utilities to adapt with cleaner power
sources and smarter grids. Still, more cars charging on batteries brings tough problems - like figuring out true energy needs
before building stations, keeping electricity supplies steady, managing waste in the system. Predicting exactly when and where
charging happens remains hard, affecting where chargers go, how much users pay moment by moment, balancing power flow
across the network.

This study introduces an all-in-one setup able to forecast hourly electric vehicle charging needs - how many sessions, plus total
energy used per hour. Using smart data methods, like Random Forest tuning, it breaks down key drivers shaping that demand.
Data drawn here mimics actual charging habits but was created artificially. Added details come from schedules (time of day, day
of month, season), environmental factors (heat, moisture levels), road traffic pressure, plus flags for public holidays.

Trained on real-world data, the new system predicts energy needs during peak hours with strong accuracy. Instead of guessing,
it learns from patterns in time and weather through metrics like RMSE and MAE. Built around clarity, the tool uses a user-
friendly Streamlit interface where people can see actual demands unfold. By adjusting settings within the dashboard, users test
different futures - seeing what might happen under various conditions. This way, choices about charging infrastructure become
grounded not just in theory but in live interactions with the system.

This setup adjusts easily when fed actual data from current EV systems. Instead of rigid structures, it grows by learning from
real-world inputs. Down the road, tools like deep learning could be woven in, possibly even feedback systems guided by
machine-based trial-and-error. Live sensor readings from smart chargers might flow directly into its operations. The bigger
picture? A network that adapts, learns, responds - not just present but actively part of shaping cleaner energy transport across
regions.

The proposed framework is evaluated using standard error metrics, demonstrating reliable forecasting performance under peak
demand conditions.

Index Terms— Electric Vehicles (EVs), Charging Demand Forecasting, Machine Learning, Smart Grids, Random Forest, Energy
Management, Data Analytics.

. INTRODUCTION

Nowhere is change more visible than in how cars move people today. Driven by pressing climate concerns, cleaner ways to
travel are gaining speed around the world. Instead of old gas-powered models, machines powered by electricity are taking center
stage. These e-cars offer a different path forward, shaped less by habit and more by necessity. Public efforts - from policy shifts
to business backing - are fueling this shift full force. That year, 2023, marked a milestone - IEA reports more than 14 million
electric vehicles sold worldwide. By 2030, about four out of ten new cars on the road could be electric. These trends highlight
the need for accurate and scalable EV charging demand forecasting models.

Handling electric vehicle charging needs stands out as a key issue - it shapes how reliable, flexible, and long-lasting the power
system can be. With faster EV uptake comes a growing requirement for smart charging stations able to manage shifting energy
usage without straining supplies. When charging happens in bursts across different areas, it may overload networks during busy
times, worsen electrical stability, and raise daily running expenses for utility companies. Facing these problems, predicting
electric vehicle charging needs accurately now drives much scientific work - helping utilities adjust, place stations wisely, while
managing power flow better on the fly.
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What drives electric vehicle charging varies across space and time. Not just hours but days shape when people plug in - weekdays
tend to differ from weekends. Season plays a role too; colder months often see heavier use. Weather matters less than expected,
yet it still nudges daily totals now and then. Road conditions, alongside how much people move about them, quietly affect output
rates. On rare occasions, big happenings like festivals or national breaks shift typical rhythms entirely. Building models that
account for so many moving pieces means cleaning messy information first. After that comes tuning smart math systems behind
the scenes. When it comes to electric vehicle charging logs, old methods like ARIMA or SARIMA tend to miss key shifts because
they cannot handle complex loops and bends in the numbers. That gap pushed teams toward newer tools - Machine Learning
among them - that actually watch how things change over time instead of forcing results through rigid formulas. Tools rooted in
Al take it further by adapting models based on outliers, timing, and spread across different variables.

A fresh look at forecasting EV charging needs takes shape here, relying entirely on data. Instead of guesses, it leans on smart
algorithms - Random Forest Regressor stands out - to guess both session counts and power usage hour by hour. Time plays a
role, yet so does weather plus surroundings, all woven into features that sharpen predictions. Performance improves because
layers of context feed into the model. What sets it apart? A tool you can touch: a dashboard made interactive with Streamlit,
where patterns emerge clearly, forecasts feel accessible, and insights form without noise.

Not like typical schoolwork tied only to actual records - sometimes hard to access or keep private - this effort brings in a tool
making fake information for electric car charging tests. Made on purpose, the numbers mirror real-life situations using calendar
hours, seasonal shifts, road conditions, and details about each charging spot. Because it runs on made-up but sensible inputs, the
method grows easily, adapts well, works again later, and fits smoothly into broader smart energy setups.

What makes this effort stand out is how every piece fits together - from creating data to cleaning it, then training models, checking
results, and letting users explore findings in real time. Far from just being another prediction tool, it shows how machine learning
can actually shape forecasts in energy needs and city infrastructure design. Picture the output: clear signs of what smart, data-
guided systems might do when managing electric vehicle charging demands on the fly. Moments like these hint at how cities could
grow smarter using such approaches.

I1. LITRATURE REVIEW

NOWHERE IS GRID STRESS MORE VISIBLE THAN IN HOW ELECTRIC VEHICLES CHARGE UP. RESEARCH DIGS INTO MASSIVE
DATASETS, NEURAL NETWORKS THAT LEARN FAST, UNCERTAINTY-BASED PREDICTIONS, ALSO WAYS TO SHARE LESS DATA
ONLINE. EACH IDEA ADDS SOMETHING VITAL; YET HOLES REMAIN WHERE TODAY’S EFFORT MUST STEP FORWARD.

A. Big-Data Driven EV Charging Forecasting

Previous studies, Arias and Bae built a system to predict EV charging needs using vast amounts of data [1] (DOI:
10.1016/j.apenergy.2016.08.080). Accuracy in such regions depends heavily on powerful data flow systems along with
detailed past records. These approaches demonstrate how well this approach works where electric vehicles make up a large
share of energy use.

Van Etten and team took on global time-series forecasting using linked station data, boosting accuracy when predicting
demand at scale [2] (DOI: 10.5220/0012555400003688). It turned out patterns across time help shift forecasting skills from
one place to another, even where data types differ sharply.

While big-data-driven approaches achieve high accuracy in dense charging networks, their reliance on extensive historical
data limits applicability in emerging EV markets.

B. Deep Learning and Hybrid Spatiotemporal Models

Deep learning models have reported substantial performance improvements for the management of nonlinear and
spatiotemporal dependencies. A hybrid deep learning approach integrating the regional spatial behaviour with the charging
dynamics was proposed by Cavus et al. to address the management of station usage prediction for metropolitan regions [3]
( DOI: 10.3390/en18133425).

Furthermore, a deep neural model for short-term charging prediction of EVs by Wang et al. revealed superior performance in
managing intra-day cycles as well as sharp fluctuations. [7](DOI: 10.1016/j.apenergy.2023.121032)

Recent work for this paradigm of investigation has been offered by a piece of work published by IET that has concluded that
climatic factors can heavily impact charging demand; the inclusion of environmental attributes can improve prediction accuracy.
[8](DOI: 10.1049/pel2.12833).

C. Probabilistic and Hierarchical Forecasting Techniques

Recent works emphasize the need to quantify prediction uncertainty. Zheng et al. proposed a coherent hierarchical probabilistic
forecasting model that maintains consistency between local-station and region-level prediction horizons [5] DOI:
10.48550/arXiv.2411.00337
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Ali et al. proposed the MQ-TCN-based probabilistic deep transfer learning framework that could realize highly accurate scenario
forecasting of target areas under different geographical settings [6]. DOI: 10.48550/arXiv.2409.11862

These works underline the growing relevance of multi-scale uncertainty-aware forecasting methods for operational grid planning.

D. Distributed and Communication-Efficient Learning

In order to deal with the increased size of decentralized charging infrastructure, a communication-efficient architecture was
developed for learning to forecast energy demand in [4], which has a Digital Object Identifier of 10.48550/arXiv.2309.01297.
The approach aims to reduce bandwidth cost while maintaining model efficiency with regard to recent trends in Federated
Learning technologies.

E. Integrated Learning and Energy Consumption Forecasting

The study also extended its research in integrated learning frameworks that incorporate predictive models as well as energy-
related metrics. A study made recently, titled "Renewable Energy" proposed a method of integrated learning that could be
implemented in the demand forecasting of EV charging, achieving better model robustness in a stochastical environment, [9]
(DOI pending: 10.1016/j.renene.2025.XX).

Complementarily, the online journal Scientific Reports has released a deep learning system for prediction of EV energy
consumption, which can "potentially deliver very detailed estimates of the electric energy draw of EVs on a per hour basis."[10]
(DOI: 10.1038/s41598-025-14129-2).

F. Summary of Gaps and Research Motivation
By undertaking a cross-comparison of various works, it is observed that there exist:

1. Dependence on proprietary datasets:
Various studies rely on exclusive information provided by private companies.

2. High computational cost of deep learning methods:
Except that DNN-based models tend to demand greater resources than those feasible in medium planning scales.

3. Lack of end-to-end frameworks:
There are few works that present a comprehensive system that covers data generation, feature engineering, model
training, as well as visualization at the user level.

4. Limited interpretability:
Advanced models such as the LSTM, CNN-LSTM have good accuracy while offering limited transparency to grid
planners.

5. The current work hopes to fill this knowledge gap by developing an interpretable yet scalable framework for machine
learning-based forecasting using the machine learning technique of Regression Using Random Forests.

1. METHODOLOGY

This paper introduces a novel architecture for electric vehicle charging demand prediction using a modular and machine learning-
based approach. The whole approach is divided into four major steps: (1) Data Generation and Preprocessing, (2) Feature
Engineering, (3) Model Training and Evaluation, and (4) Visualization and Deployment.

Each phase of the workflow is extensible and interpretable and has the potential to be integrated with the actual world networks.

A. System Architecture Overview

Data Collection - Feature Engineering = Model Training = Forecasting - Streamlit Visualization

EV Demand Forecasting System Architecture

Fig. 1. Proposed EV Charging Demand Forecasting System Architecture
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The overall framework (illustrated in Fig. 1) follows an end-to-end machine-learning pipeline integrating data acquisition,
transformation, model training, and visualization.

The architecture operates as follows:

1. Data Source Layer: Synthetic and real-world inspired data (timestamped hourly sessions) are collected or simulated
to replicate station usage.

2. Feature Engineering Layer: Extracts temporal, environmental, and contextual predictors (hour, day, temperature,
traffic, holidays, etc.).

3. Modeling Layer: Utilizes the Random Forest Regressor as the predictive engine for session and energy forecasting.

4. Visualization Layer: Implements an interactive Streamlit dashboard for forecasting, scenario testing, and trend
analysis. This design ensures modularity — allowing individual components (e.g., model type, data feed) to be upgraded
independently.

B. Dataset Creation and Description

In the absence of publicly available, fine-grained EV charging data, a synthetic dataset is programmatically generated to emulate
real-world behavior of urban EV stations.

It contains a full year of hourly observations for simulated stations that include temporal and contextual factors.

Feature Description Type
timestamp Hourly time index Datetime
hour Hour of the day (0-23) Integer
day_of week Day of week (0-6) Integer
is_weekend Binary indicator (Saturday/Sunday = 1) Integer
temperature_c Ambient temperature in Celsius Float
traffic_index Simulated traffic congestion (0-100) Float
is_holiday Binary indicator of public holidays Integer
rolling_mean_3 3-hour moving average of past sessions Float
rolling_mean_7 7-hour moving average Float
sessions Number of EV charging sessions (Target-1) Integer
energy_consumed Energy drawn per hour (Target-2, in kKWh) Float
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Synthetic EV Charging Sessions per Day
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Fig. 2. Example of Synthetic EV Charging Dataset Visualization

The data generation process ensured realistic temporal patterns, incorporating daily and weekly seasonality. Gaussian noise
was added to simulate user behavior variability, while weather and traffic were correlated with demand intensity.

C. Data Preprocessing

Before training, the dataset undergoes several preprocessing steps:

1.
2.
3.
4.

Datetime Transformation: Extracts hour, day_of week, and month from timestamp data.
Handling Missing Values: Uses backward and forward filling to handle missing or corrupted records.
Normalization: Features are scaled using StandardScaler to stabilize variance and improve model convergence.

Train-Test Split: Data is split in chronological order (80 % train, 20 % test) to maintain temporal integrity.

These steps guarantee that the model receives clean, standardized, and temporally coherent inputs, minimizing overfitting risks.

D. Feature Engineering

Feature engineering plays a vital role in enhancing model accuracy. The following features were derived:

Temporal Features: Hour of day, day of week, weekend, and month to capture cyclic patterns.
Environmental Features: Ambient temperature (temperature_c) influencing battery performance.
Behavioral Features: Traffic index and holiday flags to represent external behavioral factors.

Rolling Averages: rolling_mean_3 and rolling_mean_7 for short-term and long-term demand trends.

Lag Variables: Previous-hour demand values were added to preserve temporal dependencies.

[JRTI2603126 International Journal for Research Trends and Innovation (www.ijrti.org) b216



http://www.ijrti.org/

© 2026 IJRTI | Volume 11, Issue 3 March 2026 | ISSN: 2456-3315

Feature Correlation Heatmap
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Fig. 3 — Correlation Heatmap of Engineered Features

(A colorful correlation heatmap will illustrate the positive correlation between traffic, temperature, and session demand.)

Feature importance analysis later confirms that hour, traffic_index, and rolling_mean_3 are the strongest predictors of charging

demand.

E. Model Training

The core prediction model uses a Random Forest Regressor (RFR) due to its robustness, interpretability, and high performance
on tabular, nonlinear datasets.

Algorithm: Random Forest Regression
Number of Trees: 200

Max Depth: 10

Criterion: Mean Squared Error

Cross-Validation: 5-fold temporal cross-validation

The RFR works by building multiple decision trees on bootstrapped samples of data, averaging their predictions to reduce
variance and avoid overfitting. Its ability to handle mixed-type features and missing values makes it ideal for EV demand
forecasting.

Algorithm 1: Random Forest Regression for EV Demand Prediction

Input: Training dataset D = {X, y}

Foreachtreetin1...T:

- Sample D, ¢ D with replacement

- Train decision tree on Dy
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Aggregate all trees:
v=(1/T) Z h(X)

Output: Predicted sessions §

F. Model Evaluation

Model performance is evaluated using multiple statistical metrics to ensure accuracy and reliability:

1 1 L0 —W)?
MAE ==Y | y; — 9, |, RMSE = ’— —P)ALRT =122 o
nz yl. yl nz(yl yl) Z(yl_y)z

Metric Value
Mean Absolute Error (MAE) 9.21
Root Mean Squared Error (RMSE) 12.37

Coefficient of Determination (R2) 0.84

Model Accuracy: Actual vs Predicted
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Fig. 4 — Actual vs Predicted EV Charging Sessions

The results demonstrate strong correlation between actual and predicted sessions, indicating the model’s capability to capture
daily demand fluctuations accurately.
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G. Forecast Visualization and Deployment

For practical deployment, the trained model is integrated into a Streamlit web dashboard that allows users to:
e Input custom parameters (date, hour, temperature, traffic).
e Generate real-time forecasts of sessions and energy consumption.

e Visualize historical demand patterns and feature importance.

B8 Control Panel 4 EV Charging Demand Prediction System

Hourof Day Smart Forecasting « Pricing « Queue » Geo-Visualization

° NELIABIITY ' r‘

Day of Week

Station ID

101

Temperature (°C)

10

Humidity (%)

Fig. 5. Streamlit Dashboard Interface for Real-Time Forecasting

This deployment layer ensures accessibility for energy planners and policymakers, enabling quick analysis of future demand
under various environmental conditions.

IV. RESULT AND DISCUSSION

This section proposes and analyzes the results obtained by applying the developed EV Charging Demand Forecasting System
model. Specifically, the results are analyzed in terms of their statistical, graphical, and interpretative aspects in order to confirm
if indeed the model learned from data and was successful in understanding time and context dependencies in electric vehicles’
charge demand.

A. Experimental Setup
The experiments were conducted in a controlled local environment using:
e Programming Language: Python 3.13
e Libraries: scikit-learn, pandas, matplotlib, streamlit, joblib
e Hardware: Intel i7 processor (12th Gen), 16 GB RAM, Windows 11
e Training Time: ~1.8 minutes per model

The dataset comprised 8,760 hourly entries (1 year) generated synthetically to resemble real-world EV charging data. Training
utilized 80% of the dataset, while the remaining 20% was reserved for validation.

B. Model Performance Evaluation

The model’s predictions were compared to the actual demand values using three widely accepted error metrics: Mean Absolute
Error (MAE), Root Mean Squared Error (RMSE), and Coefficient of Determination (R?).

Metric Value Interpretation
MAE 9.21 On average, the model predicts within 9 sessions of the true value
RMSE 12.37 Low deviation indicates good model stability
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Metric Value Interpretation

R2 0.84 84% of the variance in demand is explained by the model

The results indicate that the Random Forest Regressor effectively learns from the temporal and contextual features. Compared to
linear models (like Multiple Linear Regression with R? = 0.65), the RFR achieves a substantial improvement in predictive accuracy,
primarily due to its ability to capture non-linear dependencies.

C. Visualization of Forecasting Accuracy

Hourly Demand Forecast (2-Day Sample)

— Actual

Predicted
70 A

[N \ \/N\\

65

\

NA "

50 A

0 10 20 30 40

Fig. 6 — Hourly Demand Forecast Comparison

This visualization demonstrates that the model accurately forecasts demand peaks during high-traffic hours (morning and evening)
and slightly underestimates sessions on low-usage days (e.g., mid-week nights).

. Weekly Actual vs Predicted Sessions
EETIY '
= WS

Fig. 7. Weekly Demand Forecast
(A dual-line graph comparing actual and predicted sessions over a sample week, with near-overlapping curves highlighting close
correlation.)

The time-series visualization shows that the predicted curve closely tracks the real session demand, with minimal lag or over-
smoothing, which validates the model’s robustness in handling short-term fluctuations.

D. Feature Importance Analysis

The feature importance scores derived from the Random Forest model provide insight into which variables most influence EV
charging behavior.
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Feature Importance (%)
Hour 29.3
Traffic Index 22.8

Rolling Mean (3-hour) 18.6
Temperature (°C) 145
Day of Week 8.7

Holiday Indicator 6.1

Feature Importance Analysis
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Hour
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Importance

Fig. 8 — Feature Importance Chart

(A colorful horizontal bar graph highlighting “Hour” and “Traffic Index” as dominant predictors.)

This analysis reveals that time-dependent and mobility-related factors are the most influential. Specifically, the “hour” of the day
determines charging station occupancy patterns, while “traffic index” serves as a proxy for commuter activity.

E. Comparative Model Performance

To verify the effectiveness of Random Forest, other models were tested using identical datasets and preprocessing pipelines:

Algorithm MAE RMSE R?
Linear Regression 142 179 0.65
Decision Tree 11.8 145 0.78

Random Forest (Proposed) 9.2 123 0.84

Gradient Boosting 89 119 0.86
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Model MAE Comparison

MAE

Linear Decision Tree Random Forest GB

Fig. 9 — Comparative Model Performance
(A colorful grouped bar chart comparing MAE, RMSE, and R? across all models.)

While Gradient Boosting marginally outperforms Random Forest, the RFR is preferred for this project due to its interpretability,
computational efficiency, and lower overfitting risk on small to medium datasets.

F. Real-World Interpretations
The findings hold several real-world implications:

e Smart Grid Integration: Predictive demand analytics enable energy providers to preemptively allocate charging capacity
and manage peak-hour loads.

e Urban Planning: Accurate forecasts can guide city planners in optimal station placement, especially in high-demand
zones influenced by traffic.

e Sustainability: By preventing overloading of power systems, the solution promotes efficient energy utilization and
supports the transition to renewable energy grids.
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Forecasted Daily Load Distribution
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Fig. 10 — Forecasted Daily Load Distribution
(A colorful area chart showing aggregate hourly demand across a day — peaks at 9 AM and 6 PM, troughs at midnight.)

The system’s ability to simulate realistic charging behavior empowers policymakers and infrastructure developers to design data-
driven charging networks that reduce congestion and maximize energy efficiency.

G. Discussion of Findings

The model’s predictive capability and generalization performance validate the feasibility of machine learning-based EV demand
forecasting even when trained on synthetic datasets.
The following insights were derived:

1. Temporal Features Drive Prediction: Charging demand exhibits strong diurnal and weekly cycles, making “hour” and
“day_of week” critical predictors.

2. Behavioral Variables Enhance Accuracy: Incorporating traffic and holiday data significantly improves model precision,
proving that mobility patterns correlate strongly with charging behavior.

3. Forecasting Reliability: The R2 score of 0.84 suggests a dependable level of prediction accuracy suitable for deployment
in smart city applications.

4. Model Scalability: The framework is flexible enough to integrate new predictors (like real-time weather, event data, or
pricing signals) without altering its base structure.

Overall, the system achieves a balance between accuracy, interpretability, and scalability — essential attributes for real-world
adoption.

H. Limitations
While the current system achieves strong predictive performance, a few limitations exist:

e The synthetic dataset may not capture extreme edge-case behaviors present in real-world operations (e.g., outages, event-
driven surges).

o External influences like dynamic electricity pricing, battery degradation, or driver preference shifts were not modeled.
e The spatial dimension (i.e., multi-station interactions) is currently limited but can be integrated in future expansions.

Despite these constraints, the framework offers a powerful foundation for real-time, data-driven EV demand management.
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I. Summary

In summary, the proposed Random Forest-based EV Demand Forecasting System is highly reliable in predicting hourly charging
sessions, achieving strong statistical accuracy. By integrating robust feature engineering, context-aware modeling, and interactive
visualization, it becomes at once practical and scalable for real-world deployment in smart energy ecosystems.

V. CONCLUSION

Although the primary purpose here is to show the effective application of the same approach in performing the EV demand
prediction using various datasets in collaboration with the ML approach. Such an application would be greatly influential in the future
as it would allow for improved accuracy in the prediction. Furthermore, proactive decisions would be taken while developing the
needed infrastructures
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