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I. INTRODUCTION
The transportation sector is widely acknowledged as a major source of CO2 emissions, a key driver of climate
change [1]. The shift toward electric vehicles (EVs) has gained significant attention as a strategy to reduce the
environmental impact of transportation. EVs have the potential to lower CO2 emissions and improve air quality
compared to traditional internal combustion engine vehicles. Transitioning to electric mobility is essential for
achieving sustainable transportation and addressing the challenges of climate change and air pollution.

In recent years, interest in EV adoption has increased, with a focus on reducing the life-cycle CO2 footprint. Studies
have compared the reduction in CO2 emissions from hybrid and electric buses within transit networks, providing
insights into the environmental benefits of these technologies [2]. Research has also explored the benefits of solar-
powered EV charging stations, highlighting both economic advantages and reductions in CO2 emissions [3].
Additionally, the decrease in harmful emissions is a key benefit of EV adoption. Studies on carbonyl emissions from
gasoline and diesel vehicles underscore the importance of transitioning to cleaner alternatives like EVs [4]. Further,
the development of zero-emission drive units for battery electric vehicles has shown a significant reduction in tire
emissions through the use of advanced filter systems [5]

This study conducts a comparative analysis of machine learning models to predict expected price of EV vehicles,
focusing on global market trends, particularly in US. The goal is to evaluate the performance of different models in
forecasting EV sales and understanding market dynamics. The demand for EVs has been rising steadily in recent
years, driven by environmental concerns, government incentives, and advancements in EV technology. This growth
is expected to continue as EVs become more affordable and diverse models enter the market. Accurately forecasting
EV prices can provide valuable insights for businesses, consumers, financial institutions, and policymakers. This is
shown in Fig.1.
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Fig.1:-Increasing trends of EV models in the recent years

Over the past year, the market for electric vehicles (EVs) has expanded. About 25,000 EVs were sold in CY2020,
which is a notable tenfold increase over CY2010. The majority of the increase is attributable to the two- and three-
wheeler segments, which are known as the "close to the bottom peaches" of the EV industry. Since they are less
expensive than the electric passenger or commercial vehicle segments, they are the primary forces behind EV sales.

Objectives of the research
¢ To understand the rise in the use and sales of Electric vehicles globally particularly US

e To pre-process and analyse the dataset based on different feature variables.
e A comparative analysis on the performance of ML models based on different evaluation metrics

II. LITERATURE REVIEW

The purpose of machine learning (ML) models for predicting electric vehicle (EV) prices has gained significant
attention in recent years due to the growing demand for EVs, driven by environmental concerns, technological
advancements, and government incentives. For companies, legislators, financial institutions, and consumers to
make well-informed decisions about EV investments and market strategies, accurate pricing forecast is essential.
Regression models, artificial neural networks (ANN), support vector machines (SVM), and ensemble learning
techniques are some of the machine learning (ML) approaches that have been investigated to increase the precision
and dependability of EV price forecasts.

A brief overview on the use of ML models for prediction is discussed in the Table 1 below:-

Table 1: - Literature Summary

Author( | Year Model Key Attributes Outcome Limitations/

s) Type Recommendation
S

Noor 2017 | Multiple Size, engine | 98% Proposed integrating
and Linear capacity, exterior | prediction many machine
Jan|[6] Regression | color, posting | accuracy learning techniques
date, number of into a group to
ad views, power increase the
steering, mileage, precision of
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MACHINE LEARNING APPROACHES
Through the use of mathematical models and data processing, machine learning (ML) enables computers to learn
from and get better at exploiting data without explicit programming. Machine learning is part of the larger field of
artificial intelligence (AI). Machine learning (ML) uses pattern recognition algorithms to analyze data and create
predictive models. Similar to human learning, ML models can improve their predictions with more data and
experience. This adaptability allows ML models to handle dynamic data and situations where coding a direct

solution is impractical.
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Machine Learning Types: - There are four primary categories of machine learning;:

e Unsupervised learning (association and clustering)
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¢ Supervised learning (classification and regression)
e Learning Under Semi-Supervision

e Learning Reinforcement

Supervised and unsupervised learning are the most commonly used approaches, while reinforcement learning is
used for sequential decision-making tasks [10]. Currently, computers require training before they can make
decisions independently. The term "supervised" refers to the presence of a teacher or expert guiding the learning
process.The system is trained using labelled data in supervised learning, where the right answers (class labels) are
pre-provided. Support Vector Machines (SVM), Random Forest, and Decision Trees are examples of popular
supervised learning algorithms. Unsupervised learning, on the other hand, is applied when there are no class labels
in the input data. Finding the data's underlying structure in order to categorize or organize it is the aim.
Unsupervised learning can be divided into two primary categories: association and clustering. Affinity Propagation
and K-means clustering are two well-known unsupervised methods.

TYPES OF
MACHINE LEARNING

Supervised Unsupervised Semi-Supervised Reinforcement
Machine Learning  Machine Learning Learning Learnhing

Fig 2: - Types of ML algorithms

III. DATASET PRE-PROCESSING
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Fig.3:- Block Diagram of ML based Prediction for EV dataset

The dataset shows battery electric cars (BEVs) and plug-in hybrid electric vehicles (PHEVs) that are currently
registered with the Washington State Department of Licensing (DOL). There are over two million records in this
collection.

A brief description of the columns included is discussed in the below Table 2.
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Table 2: - Dataset Description

Column Description
VIN (1-10)
The Vehicle Identification Number is a unique alphanumeric code assigned to
each vehicle for identification purposes. This column represents the first 10
characters of the VIN.
County The county where the vehicle is registered in Washington State.
City The city where the vehicle is registered in Washington State.
State The state where the vehicle is registered, which is Washington in this case.
Postal Code The postal code of the registration address for the vehicle.
Model Year The year in which the vehicle was manufactured.
Make The specific model or name of the vehicle.
Electric Vehicle Type Indicates whether the vehicle is a Battery Electric Vehicle (BEV), which runs

solely on electricity, or a Plug-in Hybrid Electric Vehicle (PHEV), which
combines electricity and an internal combustion engine.

Clean Alternative Fuel
Vehicle (CAFV)
Eligibility

Indicates if the vehicle meets the eligibility criteria for Clean Alternative Fuel

Vehicle incentives or benefits.

Electric Range

The distance the vehicle can travel on electric power alone, typically measured

in miles.

Base MSRP

The Manufacturer's Suggested Retail Price, which is the starting price set by the
vehicle manufacturer.

Legislative District

The legislative district associated with the vehicle's registered address.

DOL Vehicle ID

A unique identifier assigned by the Washington State Department of Licensing
(DOL) for each registered vehicle.

Vehicle Location

The precise location of the vehicle, which could be the address or coordinates.

Electric Utility
The name of the electric utility company associated with the vehicle, if
applicable.
2020 Census Tract The census tract associated with the vehicle's registered address, based on the

2020 Census data.

A cumulative summary of the dataset is visualized in the below dataset in Table 3 .

Table 2: Cumulative descriptive summary based on some significant set of features

Postal Code

Model Year Electric  Base MSRP | Legislative DOL 2020
Range District  Vehicle ID Census
Tract

count | 177861.000000
mean | 98172.453506
std 2442450668
min 1545.000000
25% 98052.000000
50% 98122.000000
75% 98370.000000

max | 99577.000000

177866.000000 | 177866.000000 = 177866.000000 | 177477.000000 | 1.778660e+05 | 1.778610e+05

2020.515512 58.842162 1073.109363 29.127481 | 2.202313e+08 | 5.297672e+10

2.989384 91.981298 8358.624956 14.892169 = 7.584987e+07 | 1.578047e+09
1997.000000 0.000000 0.000000 1.000000 | 4.385000e+03 | 1.001020e+09
2019.000000 0.000000 0.000000 18.000000 1.814743e+08 | 5.303301e+10
2022.000000 0.000000 0.000000 33.000000 2.282522e+08 | 5.303303e+10
2023.000000 75.000000 0.000000 42.000000 2.548445e+08 | 5.305307e+10
2024.000000 337.000000 845000.000000 49.000000 4.792548e+08 | 5.603300e+10

The above table includes a summative summary statistic based on different parameters as

table.
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Univariate Analysis

Analyzing a single variable to determine its distribution and properties is known as univariate analysis. Because
the word "uni" means "one," this analysis only looks at one variable at a time. The primary goal is to summarize and
describe the variable's distribution without exploring relationships with other variables. Some significant features
variables are analysed in the Fig. 4.

MODEL OF DIFFERENT EV VEHICLES
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Fig. 4:- Univariate Analysis of feature variable

The data types of the dataset for the given features variable is shown as follows in Fig. 5: -
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VIN (1-1@) object
County object
City object
State object
Postal Code tloated
Model Year inted
Make object
Model object
Electric Vehicle Type object
Clean Alternative Fuel Vehicle (CAFV) Eligibility object
Electric Range int6d
Base MSRP int64
Legislative District ftloatad
DOL Wehicle ID inted
Vehicle Location object
Electric Utility object
2028 Census Tract tloated
dtype: object

Fig.5:- Datatypes of feature variable

Since majority feature variables are of object type which needs be converted into integer types for further pre-
processing. The label encoding technique is applied and the results of conversation is shown below in Fig. 6.

=)

ID inte4

VIM (1-10) int64
County int64

City int64

State inte4

ZIP Code float64
Model Year floate4
Make int64

Model inte4
Electric Vehicle Type int64
Clean Alternative Fuel vehicle (CAFV) Eligibility int64
Electric Range int64
Base MSRP inte4
Legislative District floate4
DOL Vehicle ID inte4
Vehicle Location int64
Electric Utility int64

Fig. 6:- Pre-processed datatypes of feature variables

BIVARIATE ANALYSIS
A statistical method for analyzing the relationship between two variables is called bivariate analysis. We can better
grasp how one variable affects or is related to another thanks to this analysis. It is especially helpful when
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attempting to investigate the link between one or more independent feature variables (predictor variables) and a
target variable (dependent variable).

Correlation Matrix of Numeric Features

1o
> 0.00 000 0.00 0.00 -0.00 D.O1 0.01 -0.01 0.0Z 0.00 0.01 0.00 0.00 -0.00 0.00
VM (1-10) - ©0.00 0,01 000 016 022 006 CO05 024 013 014 004 003 0.00 0.02
a8
County - 0.00 ©0.01 002 0.04 003 000 002 001l 002 0.00 0.13 0.00 0.02 Q.15
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- o6
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The correlation matrix reveals key relationships among numeric features in the dataset. State and ZIP Code
show a moderate positive correlation (-0.66), indicating that higher electric range tends to reduce eligibility for
clean alternative fuel vehicle benefits. Most other variables show weak or no correlation, suggesting little to no
linear relationship.

Feature selection algorithms are used to identify the most relevant features in a dataset, improving model
performance and reducing overfitting. Feature selection helps by removing irrelevant or redundant features, which
can make the model simpler and more interpretable. Embedded method has been applied on the given the dataset
and the results obtained are as follows

Selected Features and Their Importance (Random Forest)

VIN (1-10) |

Model Year [

Model |

Electric Range |

0.00 0.05 0.10 0.15 0.20 0.25 0.30
Importance
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IV. RESULTS

Machine Learning Models
The following machine learning models are applied on the dataset obtained by eliminating the irrelevant features
and selecting only the relevant ones.

e By drawing a straight line through the data points, linear regression aims to model the connection between one
or more independent variables (X) and a dependent variable (y). It minimizes the Mean Squared Error
(MSE) to estimate the best-fit line.

y—=by+ brxy + bexo+ ... + by, + €

s by = Intercept
e b, = Coefficients (weights)

s ¢ = Error term

e Decision Tree Regression uses a tree-like structure to divide the data into subsets, with each leaf representing
the expected output value and each internal node representing a choice based on a feature..

1. Split data based on the feature that reduces variance the most.

2. Repeat until a stopping criterion is met (e.g., max depth or min samples).

1
¥= FZE’H
i=1

e Random Forest is an ensemble learning technique that minimizes overfitting and increases accuracy by
combining several decision trees. It functions by:

1. Building multiple trees using bootstrap sampling.

2. Averaging the predictions from all trees to reduce variance.

"
1
7 = 7 ; he(x)
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where:
e T = number of trees

e h¢(x) = prediction from tree £

The above mentioned regression algorithms were applied on the pre-processed dataset and the results obtained are
shown in the following Table for predicting the price of electric vehicles.

Linear 488.73 0.3087
Regression

Decision Tree 146.55 0.7927
Random Forest 144.13 0.7961

The evaluation of machine learning models for electric vehicle price prediction reveals that Random Forest
Regression demonstrates the best overall performance among the models tested. The Random Forest model
leverages the combined strength of multiple decision trees, which allows it to strike an optimal balance between
bias and variance. This ensemble-based approach enhances accuracy and reduces overfitting, making it the most
effective model for predicting EV prices. Decision Tree Regression also performs well in capturing complex,
non-linear relationships within the dataset. However, it is more prone to overfitting, where the model becomes
too tailored to the training data, reducing its generalization ability on new data.

In contrast, Linear Regression struggles to handle the complexity and non-linearity present in the dataset. Its
poor performance is reflected in a high Mean Squared Error (MSE) and low R-squared value, indicating that
it cannot accurately capture the underlying patterns in the data. Overall, the results highlight that ensemble
methods like Random Forest are better suited for complex, structured data, while simple linear models are less
effective when dealing with intricate relationships in the dataset.

CONCLUSION

With the lowest Mean Squared Error (MSE) of 144.13 and the highest R-squared value of 0.7961, Random Forest
Regression performs the best overall when machine learning models are evaluated and compared for predicting the
pricing of electric vehicles. This outcome confirms that Random Forest's ensemble learning approach effectively
balances bias and variance, leading to improved accuracy. Decision Tree Regression also shows strong performance
with an MSE of 146.55 and R-squared of 0.7927, capturing complex patterns but with a higher risk of overfitting. In
contrast, Linear Regression struggles with the dataset's complexity, yielding a high MSE of 488.73 and a low R-
squared of 0.3087, indicating poor fit. The findings emphasize the importance of using ensemble-based models for
handling complex, non-linear data and provide strategic insights for businesses and policymakers in the growing
EV market.
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