Analysis of Used Car Price Prediction Using
Machine Learning Algorithms
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Abstract— As we can see, nowadays the automobile market is
on boom everywhere. Due to the increase in demand, car prices
are also increasing day by day so there is also a huge market for
used cars. Sometimes, people avoid buying first-hand cars
because according to their budget, they cannot get better
products so most of the time they try to buy used cars. But
sometimes, organizations of used cars started selling the products
in huge amounts or providing good products as well because they
saw us like this first hand but in actuality, it may be second hand.
There may be defects in the engine or batteries as well. This paper
suggests some machine learning techniques in which we will
apply machine learning techniques on the dataset so that based
on existing features we can predict like this is the actual price of
used cars. Data is collected here.

. INTRODUCTION

Nowadays, the transportation industry is supporting the
current GDP of the economy because when we use any new
car, we have to give a price. On the road, car price is not much
but according to the state, we have to give that much amount.
Due to the cost line of the middle-class people, they are not able
to buy new cars according to the time. So, in this case, they
preferred to buy second-hand cars. Determining the exact
selling price of the vehicle is a very difficult process we are
getting the car at a proper rate according to the conditions
whether the engine is good, the battery is good, or after
checking all perspectives. Here we have to calculate price
which is a continuous value that we prefer to apply regression
techniques. To provide the actual rate of the used vehicles or
cars, artificial intelligence techniques will be very helpful in
predicting the car price with proper understanding. The main
goal of this research analysis is to provide the actual price of
the used vehicles to the people so that they will be helpful to
buy or sell the cars to make them better in the automobile
industry. One of the other goals we can also say implement
multiple machine learning techniques and understand which
model is better at providing better efficient results or accuracy.
After data collection, initially, data is in raw format which is
very necessary to be cleaned at any cost otherwise we can apply
the techniques and then find out the better results. So, we
applied the data cleaning and pre-processing techniques in
which we removed the missing values and dropped unwanted
columns. Selecting proper features is very important because
some attributes are not that important as compared to other

features. Label encoding is also implemented properly in which

we convert the string data into integer value.

Data science methods and machine learning
algorithms have become increasingly effective
instruments for used car price prediction in recent years.
Machine learning models can find patterns and
relationships that help improve the accuracy of price
predictions by utilizing large amounts of historical sales
data in addition to pertinent features. Predictions can be
continuously improved and refined over time thanks to
these model's ability to adapt and learn from new data.

Il. RELATED WORK

This recent study presents a research analysis of so
many machine learning models to predict the prices of used
cars. They use Python modules such as pandas, and
matplotlib are employed for data pre-processing and model
development. The authors discuss the impact of different
feature sets on prediction accuracy and compare the
performance of regression-based and tree-based models.

1. METHODOLOGY

A. Data Collection:

Used Car Price dataset is collected from the Kaggle to
implement the machine learning algorithms. This folder
contains the train and test dataset.
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Figure 1: Data Collection
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Figure 2: Dimension of Dataset
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To remove the missing values, we dropped the missing
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C. Data Preprocessing:

Data preprocessing is also one of the important steps to
implement before applying machine learning techniques.
Some columns are in object format so we have changed the
data type into float and numeric. Some columns are also
containing some spaces so we have used the rstrip function
to remove the whitespaces.

Figure 3: Data Description

B. Data Cleaning:

Data cleaning is a crucial step in the process
of building a used car price prediction model. It
involves identifying and correcting errors, handling
missing values, and transforming the data into a format
suitable for analysis.

We checked the missing values for train and
test data using the isnull function and New_price
almost contained a large number of missing values.



count

[ 1 #Data Processing
train_datal[ 'Engine’] = train_datal[ 'Engine’].str.
train_datal[ 'Power'] = traln_datal[ 'Power'].str.rs
train_datal[ 'Mileage’] = train_datal[ 'Mileage’].st
[ 1 #Data Processing

train_datal[ 'Engine’] = train_datal[ 'Engine’].asty
train_datal[ 'Power' ]=pd.to_numeric(train_datal[ 'Pc

Figure 6: Data Preprocessing

As we checked, there are some columns whose data

type is a string, and machine learning never works on string
datasets. So, we have applied the label encoding to convert the
string data into an integer value. There are some missing

val

ues in the seat column also so, we implement the mean

imputation to fill the missing values with the mean of the
umn.
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Figure 7: Label Encoding

Data Visualization:
Data visualization plays a crucial role in understanding

patterns, relationships, and trends within the dataset, which is

€ss

ential for building accurate machine learning models for

used car price prediction.

wh

The first diagram is plotted the count plot of owner type
ich provides the information if the owner is first, second,

third, or fourth and above so that they can easily identify the
price based on how much vehicle is used.
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Figure 8: count Plot of Owner Type

The second diagram is a count plot of fuel type which
provides us the type of vehicle it is means vehicle if diesel,
CNG, petrol, LP or electric vehicle and according to the
graph, most of the user cars are using diesel or petrol.
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Figure 9: Count Plot of Fuel Type

The third diagram is a strip plot between owner type
and price and we analyzed that for the first owner, there are
higher prices of cars.
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Figure 10: Strip plot b/w owner type and price

The fourth diagram is where we plotted the scatter
plot between year and price. According to the analysis,
between 2015 to 2020, there is the maximum price of
used car vehicles.
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Figure 11: Scatter Plot between Year and Price



Fifth diagram is also a scatter plot between price and

engine.
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Figure 12: Scatter Plot b/w price and engine

e sixth diagram we plotted is a heatmap which

represents the correlation matrix of the whole dataset
with numerical values only.

heatnap

gure(figsize=(18, 6
sns.heatmap(train_data.corr(), annot=False, cmap='Blues’
plt.shou()
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Figure 13: Heatmap

<
o

e D B N T B - B |
o O O o o o o

Predicted values of price
o

0 200 40 60 80 100 120 140 160
Actual values of price

Figure 14 Predict values vs actual price

IV. MODEL EVALUATION

After data cleaning and preprocessing, it is time to
apply the machine learning algorithms. We took the
dependent and independent variables to make the
prediction. So, column price is the dependent variable
while all other remaining variables and independent

variables.

Now we split the dataset into training and test data.
70% of the data is for training purposes while the

remaining 30% is for test purposes.

v Data Splitting

[ ] #ata Splitting
% = train datal.drop([ Price’], avis<1)
¥ = train datal[ ‘Price’]

[] fron sklearn.mode] selection import train test split
x_train, x test, y train , y test = train test split(x,y, fest size = 8.38, randon state = 42

Figure 15: Data Splitting

We have applied the machine learning algorithms and

calculated the accuracy score.

Linear Regression:

Linear regression is one of the regression models that
find the linear relationship between the dependent and

independent variables.

v Lingar Reqression

Figure 16: Linear Regression

B. Random Forest Regression:

Random Forest is a supervised learning model that
performs classification and regression data to handle

the continuous and binary data.



v Random Forest Regression

['] import pandas as pd
from sklearn.ensemble import RandomForestRegressor
regressor] = RandonForestRegressor(n_estimators=10, random_state=8, cob_score=Truz)
regressord. fit(x_train, y_train)
y_predl = regressorl. predict (x_test)

C:\Users\SR\anaconda3\1ib\site-packages\sklearn\ensemble\ forest.py:832: Userilarning: Some inputs do not
warn("Some inputs do not have O0B scores. "

° import numpy a5 np
mael = mean_absolute_error(y_test, y predl)
msel = mean_squared_error(y test, y_predl)
rmsel = np.sqrt(mean_squared_error(y_test, y_predl))
r_squared] = r2_score(y test, y_pred1)|
print("Mean Absolute Error of Random Forest Regression:- *,mael)
print("Mean Squared Error of Random Forest Regression:- ",msel)
print("Root Mean Squared Error of Random Forest Regression:- ",rmsel)
print("R Sq uared Ereor of Random Forest Regression:- ",r_squaredl)
Mlean Absolute Error of Random Forest Regression:- 1.808791239255392
Mean Squared Error of Random Forest Regression:-  20.13122642284818
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Figure 17: Random Forest Regression

C. Support Vector Regression:

The goal of support vector recognition (SVR) is to find the best
hyperplane in a high-dimensional feature space to enable
precise prediction. One of the key characteristics of SVR is the
addition of a tolerance margin represented by the parameter €
(epsilon) which establishes the maximum amount that
predicted values may deviate from actual values. This method
seeks to ensure that the majority of data points fall within the
tolerance while minimizing errors.

v Support Vector Machine

[ ] from sklearn.swm import SVR
sur = SWR(
swe.fit(x train, y train)
y_pred2 = svr.predict(x_test

from sklearn.netrics inport mean_sguared_error, r2_score, mezn_sbsolute error

mae2
mse2 = mean_squared_erro

rasel = np.sgrt(mean_squared_error(y test, y pred2))
r_squared? = r2_score(y_test, y_pred2

ared Error of Support Ve

Figure 18: Support Vector Regression

Model Nane Mean Absolute Error Mean Squared Error Root Mean Squared Error R Suared Error

0 Linear Regression ATB4T8 82745081 90%432 1327268
1 Random Forest 1898701 01126 4456784 1836330
2 Support Veclor haching BO4T4E8 134736874 07708 0095450

Figure 19: Accuracy Score

V. CONCLUSION

In the end, we come to the point that it’s now
become very easy with the help of machine learning
techniques to detect and predict the price of cars based
on the few important parameters for which we used our
codes. And we can say that based on the accuracy of the
reports we can predict it. Data science and machine
learning have become very useful and play a vital role
in the company to reduce the workload and can easily
check the conditions of used cars. This method works
by merging the results of different models in Random
Forest this merge is done with a group of decision trees.
This technique assumes an association between the
independent variables and the target variable. In the
scenario of forecasting used car prices, linear regression
serves as a tool to estimate the price of a pre-owned
vehicle by considering its attributes such as mileage,
age, brand, model, and other pertinent factors.

VI. FUTURE SCOPE

In the future, machine learning and artificial
intelligence may combine the data of various websites
and predict the real-time price as well by comparing the
results of cars. We can also apply various deep learning
techniques as well to improve the performance score of
used car prices for better productivity by applying the
best learning rates and training the clusters on the
historical data as well.
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