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Abstract: India's automobile market is huge, with many people selling their used cars to new buyers as second
or third owners. Platforms like Cars24, CarDekho, and OLX help connect sellers and buyers, but figuring out the
right price for a used car is challenging. Machine Learning (ML) can help by using past car sales data to predict a
fair price. In this case, Supervised Learning techniques, including Random Forest and Extra Tree Regression
algorithms, were applied using the Scikit-Learn library. These algorithms proved to be highly accurate in
predicting prices, regardless of the dataset size.

General Terms: Machine Learning, Artificial Intelligence, Data Mining.

Keywords: Used Car Selling Price Prediction Using. Logistic Regression, Lasso Regression,
Heat Map, Angular Framwork.

I. INTRODUCTION

Predicting the price of a used car, which doesn’t have the standard pricing of a new vehicle directly from the
factory, is indeed a multi-faceted and challenging task. The complexity arises from numerous factors like the
car’s age, model, condition, mileage, and even external factors like fluctuating fuel prices, which have
increasingly become a concern in today’s economic landscape. As the resale market for used cars grows, so does
the need for accurate pricing mechanisms, because buyers and sellers are more reliant on these estimates to
make informed decisions. In many cases, legal agreements between the two parties hinge on the estimated
price of the car, which is why it’s critical for these estimates to be as accurate as possible.

Accurate price prediction becomes even more significant as buyers are looking for a fair valuation that
considers every aspect of the car, while sellers want to ensure they get the best possible price in a highly
competitive market. Using data-driven methods like machine learning to predict prices with the highest
precision not only builds trust in the process but also creates a more efficient marketplace where transactions
can occur with greater confidence. In essence, the ability to predict used car prices accurately benefits all
parties involved by ensuring that both the seller and buyer have a fair basis for their transactions, thus reducing
disputes and increasing satisfaction in the buying and selling experience ccurate price prediction becomes even
more significant as buyers are looking for a fair valuation that considers every aspect of the car, while sellers
want to ensure they get the best possible price in a highly competitive market. Using data-driven methods like
machine learning to predict prices with the highest precision not only builds trust in the process but also
creates a more efficient marketplace where transactions can occur with greater confidence. In essence, the
ability to predict used car prices accurately benefits all parties involved by ensuring that both the seller and
buyer have a fair basis for their transactions, thus reducing disputes and increasing satisfaction in the buying
and selling experience

Predicting the price of a car that is not coming directly from the factory is a complex and critical task, especially
as the demand for used cars in the resale market continues to grow. This challenge has been further
compounded by rising fuel prices, which add another layer of complexity for used car sellers. Both individuals
and organizations often prefer to conduct transactions with legal agreements based on an estimated price,
making it crucial to find an accurate and fair price estimation. Achieving a high degree of precision in predicting
the actual price of a used car would not only benefit sellers but also give buyers confidence in the fairness of the
transaction. By leveraging machine learning algorithms to predict prices with greater accuracy, it becomes
possible to streamline the buying and selling process, ensuring both parties have a reliable basis for negotiation
and decision-making so we had used the various supervised learning algorithms such as
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1. LINER REGRESSION MODEL
1. Linear Regression:

Linear Regression is most used = Machine Learning supervised algorithm which works on train to predict a
well established output that is dependent on the input data. These algorithms generally trains the set and
results the output. Regression Analysis is about a predictive modeling methodology that has a objective to
investigate the relation ship between various input data. For simple regression problem ( a single x and single
y) the format model follows as

Y=B0+B1*X

When we move on higher model and discuss on com plexity of the model that varies as per B0 and B1 Values.
Example : Weight =B0 +B1 * height

Using the coefficient values will help you predicting the Weight values as per the height which falls into Linear
Regression model

II. LITERATURE SURVEY

The price of a pre-owned car depends on various factors such as the model year, mileage, overall condition, and
the equipment or features it possesses. With so many variables influencing the price, it becomes difficult to
estimate it accurately using traditional rule-based algorithms. Instead, a more effective strategy is to employ
inductive learning methods, which allow the system to learn from a dataset and predict the price based on the
patterns within that data. This makes machine learning particularly suitable for this application.

In existing literature, for example, a study on the "Application of ML techniques to predict the price of pre-
owned cars in Maharashtra" demonstrates a restricted field analysis within that region. However, the scope of
this research extends far beyond simple geographic limitations. Another referenced paper discusses the use of
Support Vector Machines (SVM) to achieve accurate price predictions. A third study explores the use of Big Data
and artificial neural networks (ANN), which takes into account more complex and variable data for vehicles. In
contrast, other papers focus primarily on traditional methods like Linear Regression, Ridge Regression, and
Lasso Regression.

This research aims to broaden the comparative analysis by incorporating Random Forest algorithms alongside
these other machine learning techniques. By extending the study to include a wider range of algorithms, the
paper will offer a more comprehensive understanding of which methods provide the most accurate and reliable
predictions for pre-owned car prices, particularly within the context of Maharashtra's used car market.

2.1 HARDWARE /SOFTWARE REQUIREMENTS:

Hardware requirements Operating system- Windows 7,8,10 Processor- dual core 2.4 GHz (i5 or i7 series Intel
processor or equivalent AMD) RAM-4GB Software Requirements : Google Colab, Python Pycharm PIP 2.7
Jupyter Notebook Chrome.

III. METHODOLOGIES

3.1 BACKGROUND : We started collecting the regular data by Kaggle and data crawled to prepare the data set
for training which took almost one month and prior to this literature survey took 2-3 weeks and a team of 3
people have been contributed as follows. Mr Soham & Pranav, Prathamesh has contribud with Linear and Lasso
regression techniques which consumed one additional month where the results were not much satisfied hence
we got into a decision Model with all other co-authors where Mrs Tanvi & Nikhil has been contributed than
linear regression results.

STEP WISE PROCESS FOR PURPOSED MODEL:
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3.2 COLLECTED DATA SAMPLE:
Data have been collected over 20K Indian data samples where we have collected with various open source
types and classified as below variables

N
‘.— N:IIIII" ﬂf
The Car

Year Of Ve-
hical
Selling Selling Price
Price of the car
Km Km Driven
Driven of the car
Fuel Fuel of the

Seller Ty
of the

Owner Owner of the

Car
Milecage Mileage of
the car
Engine Engine of the
cCar
Max Max Power
Power the car
Seats Seat of the
CAr

3.3 BASIC DATA ANALYSIS & VISUALS
Data have been collected over 20K Indian data samples where we have collected with various open source

types and classified as below variables
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Fuel Type Vs Car Count Body Type vs Car Count

200 568 . pr< ' .]

This has been performed to understand very basic feasibility on the relation towards targeted price vs Fuel
Type and Body Type and then we decided to follow heat map to find the better relation ship between target
(Price) and dependent variables (all other)

IV.  OUTPUTS WITH ACCURACY RESULTS
4.1 Linear Regression:

Applied Linear Regression Algorithms with Training Data Set and Testing data set results as followed: Linear
Regression is a type of supervised machine learning algorithm which is used to predict the value of a dependent
variable based on the value of another independent variable. Here the model finds the best fit linear line between
the independent and dependent variable.

Data Sourcing, Data Understanding

Data cleaning, Manipulation, Visualization and Detecting Outliers
Perform EDA on Prepared Dataset (Univariate and Bivariate Analysis)
Model Preparation

Training and Testing set Data Split

Model Building

Residual Analysis of the Train Data

Making Predictions

© © N ok W

Model Evaluation

Training Data Set Testing Data Set

actual prices vs predected prices
actual prices vs predected prices

R score error: 0.8919593652826856 R score error: 0.8880740662575537,
Accuracy Result : 89.195% Accuracy Result : 88.807%

4.2 STATISTICAL MODEL:

ML includes random forests, recursive partitioning (CART), bagging, boosting, support vector machines, neural
networks, and deep learning .This consists multiple iterations to get the better accuracy by removing one by
one attributes that are not needed. Statistical modeling is the process of applying statistical analysis to a
dataset. A statistical model is a mathematical representation (or mathematical model) of observed data.
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4.3 REQUIRED DATA COLLETION

. selling prikem_driver fuel seller_typitransmissi ownes  mileage engine  max_powstorque  seats
2014 40000 145500 Diesel  Individual Manual  First Owne23.4kmpl 1248CC  74bhp  190NME s
2012 370000 120000 Diesel  individual Manual Second Or21.14 kmp 1498 CC  103.52 b 250NmME 5
2006 158000 140000 Petrol  Individual Manual Third Own17.7 kmp! 1497CC  78bhp  12.7@ 2.7 5
2010 225000 327000 Diesel  Individus] Manual  First Owne23.0 kmpl 1396CC  SObhp 224 kgm s s
2007 130000 120000 Petrol  Individual Manual  First Owne16.1 kmp! 1298CC S8.2bhp 11.5€ 4,5 5
2017 440000 45000 Petrol  Individual Manual  First Owne20.14 kmp1197 CC  $1.86 bhp 113.75am s
2 2007 96000 175000 LPG Individual Manual  First Owne 17.3 km/k 1061 CC  S7.5bhp 7.8 4,50 5
2001 45000 5000 Petrol  Individual Manual  Second Ov16.1 kmpl 796CC  37bhp  SONmE® 2! a
2011 350000 90000 Olesel  Individual Manual First Owne23.59 kmp1364CC  67.1bhp 170NmE 5
A 2013 200000 169000 Diesef  indnidusl Manual  First Owne20.0kmpl 1399CC  68.1bhp  160NmE@ 5
b » 2014 S00000 68000 Diesal  Individusl Manual Second Or19.01 kmp 1461 CC  108.45 bh  248Nm@ s
L 2005 92000 100000 Petrol  Individual Manual Second Ov17.3kmp! 993CC  €bhp  7ENmE &' s
! v 2009 280000 140000 Diesel  individusl Manual Second Ov19.3kmpl 1248CC  73.9bhp 190NmE s
L £ 2007 200000  BO000 Petrol  Indnvidual Manual  Second Owner
L 2009 180000 90000 Petrol  Indhvidual Manual Second Ov18.9 kmpl 1061CC  67bhp  SANmE@ 3 s
2016 400000 40000 Petrol  individual Manual First Owne18.15kmp1198CC S2bbp  115NmE B
2016 778000 70000 Diesel  indnidusl Manual Second Ov24.52kmp1248CC  88.5bbp 200NME@ 7
3 2012 SO0000  S3000 Diesel  Indhidual Manual  Second Ov23.0kmpl 1396CC  SObhp 224 kgms s
¥ Sooacaoooo sococ Seceol Adacaal o ACda Sdnes Tocs feahba Saucm -

Next Attribute to be removed as

> Cars name” into number

lling_prikm_driver fuel seller_typ transmissi owner mileage engine Max_pows torgue seats
450000 145500 Diesel Individual Manual  First Owne23 4 kmp! 1248CC 74 bbp 190NM® 5
370000 120000 Diesel Indevidual Manual  Second Ov21.14 kmp 1498 CC  103.52 bhi 250NME® s
158000 140000 Petrol Individual Manual  Third Own17.7 kmpd 1497 CC 728 bhp 1278027 5
225000 127000 Diesel Individusl Manual  First Owne23.0 kmpl 1396 CC 90 bhp 22 4kgm e 5
130000 120000 Petro! Individual Manual  First Owne16.1 kmpl 1298CC 882 bhp 115845 5
AL0000 AS000 Petrod Indeddusl Manual  First Owne20.14 kmp 1197 CC 81,86 bhp 113.75nm 5
96000 175000 LPG Indrdidual Manual  First Owne17.3 km/ly 1061 CC  57.5bhp 7.88 4,50 5
45000 5000 Petro! Individual Manual  Second Ov16.1 kmpl 796 CC 37 bhp SONmMmES 2 4
350000 90000 Dievel Individual Manual  First Owne23.59 kmp 1364 CC  67.1bhp 170NME 5
200000 165000 Diesel Individual Manual  First Owne20.0 kmpd 1399CC  68.1 bhp  160NMmE 5
SO0000 68000 Diesel Indridusl Manual  Second Ov319.01 kmp 1461 CC 108,45 bh 24SNmE 5
92000 100000 Petrol Indviduasl Manual  Second Ov17.3 kmpl 993 CC S0 bhp FENM®S & 5
280000 120000 Diesel Indovidual Manual  Second Ov19.3kmpl 1248CC  73.9bhp  ISONME s
200000 B000O Petrol Individual Manual  Second Owner
120000 0000 Petrod Indwidusl Manual  Second Oy 189 kmpl 1061 CC 67 bhp SANME 3 5
400000 40000 Petrod Indevidual Manual  First Owne 31815 kmp 1198 CC 82 bhp 1ISNm® 5
TT8000 70000 Diese! Individual Manual  Second Ov24.52 kmp 1248 CC  88.5bhp 200NME® 7
500000 53000 Diesel Individual Manual  Second Ov23.0kmpd 1396 CC 90 bhp 22.4kgme 5

| Next”Year”

seats

Mo typtainisiniovnr:  milaigy g MALpoutioning name  year  weling geikm driver el nptranswissiowner  ouleage  engine Somtoque ety
Mo IndhAdiel Mol Fiog Ounc ANl ARKECC T4 bb . TN 3 Matse 2014 450000 14350 Disel Masusl Fint Owm234kmgi 1208CC MBhp  150Nm@ s
SodeRap Indivust Masuel  Second OV 14 kg U CC 10393 BheI0Nm s Siodafay 0 30000 120000 Diesel Maral Second OVILIABMO 1B 10352 b4 250Nm@ 3
Wonda Ot 100000 Petrel  Individust Masusl  Thisd Owe17.7imgl SHITCC Takhp 12792 s MondaCr 7006 158000 160000 Petrol Mansel Thed Owed77impl 1897CC 7839 s
Pyundel & X0 Olewnl  Indhiduel Manost Pt OQmm 2 QAgl I CC Wtho  224Kgm 4 3 Wndeils 2010 22900 127000 Olesel Masuol Fint Owa230hmpl 1396CC 90bhp 224 s
MarvtiSw 12000 Petral  Individugt Manuel _ First Qame 161 kmpt 1296CC 81200 113045 s Marutise 3007 130000 120000 Petrol Mosasl First Owad 6.1 hmpl 1298CC  BR200 5150 4. 3
Nyundai X Q00 Pl ool aneet Mk Qwni 014 ko R107 CC. 8106 bhy 110730m d MusdalX 2017 S0000 45000 Petrol Masual  Firt Owse 20 1@ 1197 CC BL.85bhp 113.750m s
Mira W 006 Indnidust Masuel Fiest Owne17.3hmK 1061 CC_ 57,50 7,88 450 5 ManUWI 2007 %000 AT00 LG Marwal First w170 MV 1061 CC 575000 TE@ 430 5
Mansi 50 S000Petrel  Indvidust Manuel  Second Or1614mpd 76CC  370hp - SIHmM@ 2 4 MAGE0 2001 4500 5000 Petrol Masud!  Second OvI6.Lhmpl 796CC 3Tbhp  SNMB 2 1
Toyoua £t 20000 Oiesel  Indvidudl Masus!  First Own23 S9Amp 1354 CC 67100 1NNME 5 Toyote B8 2011 350000 50000 Diesel Maroal it Ower2359Amo1364CC 67169 170NmE s
Fevd Figo! 164000 Diesel  Incividual Masual _First Oan200kml 1393CC 681009 1KNM@ 5 FordFgol 2013 200000 169000 Oiesel Marsal First Owsa200bmpl 1399CC 6R1DN 160NN 5
it 64000 Diesed Individusl Manual  Sacond Ov19.04 biop 161 CC 10045 Bhy24iNmg s RessdtD 2014 500000 63000 Diesel (Marusl  Second Ov19.01imp 1461 CC 10845 A 243Nm@ 5
Marsti 2oy 00000 Petrol  Indvidus Masusl Second OvI72hmgl MICC  GOBhp  TBtim@ 4 s MantiZes 2005 3000 100000 Petrol Mariel Second OVITIImpl 93CC 6OBND 6N & 5
Mirvt S 360000 Olesed  Indidusl Marual - Second Ov19.Amet 1I48CC 7398y (190N L] MantiSw 2009 280000 240000 Diesel Manas!  Sacond Oy 1930mpl I43CC TA9MN 190NME s
MantiSw 80000 Petrct  Indwidusl Masusl  Second Owner ManutiSw 2007 200000 80000 Petrol Masusl  Second Ownet
Marees Wy 000 Petrol  Individus Mazual  Sacond Oy RS kmes 301 CC (8hp  ANM@ (] MantWi 2003 180000 %0000 Pesrol Masusl Second OVI8%hmol 1061CC GTbhp  S4NM@ 3 s
Mahingra 40000 Peirsl  Indiedusl Mawal  fiest Own 1815 4mp3 198 CC 82850 113NmE 3 Mabindra 2016 40000 40000 Petrol Masusl fintOwsdI81SAmo L1SSCC 82060 11SNme 5
Mttt 2006 70000 Diesel  Individua! Menusl  Second 024,52 bmp IMBCC S5 Bhe 200Nm@ 7 MatEn 2016 778000 70000 Cuesel Masual Socord O\JAS2ime 148CC BSthe XONNE 7
Myundalic 2012 53000 Diesel  Indvidual Manuel  Second O\ZI0AMG! 1396 CC 0B 224 kqmi s Wyurdaili 2012 50000 53000 Chesel Masual  Second V3 0kmpl 1396CC 90Bhp  224Mgmi 5
Aaas A - s — 1" el " TP T L] Saaa. fauL s <
3 J ) S 1 i
| Next"selling Price | Next"Selling Type |
name  yeat  seling prikss divediuel lseller ypiranseisi ownes  miledge engite  max fowtorque  beets hame  year  sallmg prikm g an powitonue  wats
MesstiSw 2014 450000 Indiedusl Masusl  Fiest Ownt 234 4mel IMBCC MBhp  LIONME s Maruo 5w 2014 450000 Tabhy  1504me 5
Siodahap 2038 $10000 Individunl Macual Second On21.18 bmp 1IBCC 10452 A 250N s WedaRaz 2004 370000 10352 b 250Nme@ 5
Honda Gt J006 158000 individual Masus!  Thied Own1?.7hmpl 3O7CC TSbhp 127920 ) HeadaCr 2008 158000 Yok 72N s
yundaic 3010 205000 lindividuat Masusl  fiest Owne2).0kmet 1M6CC 90Bhp 224 kgmi [} Hposdaily, 2010 225000 ok 24wy 5
Mantion 2007 130000 indvedual Mesua!  Fiest Owne 16,1 kmal 1298 CC B8.78%0 1139 4% ) MiDsw 3007 130000 $2bhy 115045 5
MundaiX 2017 840000 indyvidost Masual - First Owne 20,14 kmp 1197 CC 83,46 bhp 313,750 ) HyoedelX 3017 460000 82.04to 113.5am 3
MatiWe 2007 96000 individual Masua!  First Owne 123 AmMB0S1CC 575000 75@4% ) Maruti Wi 2007 313bhp 148 430 5
MoutiB0 2001 45000 ndrvidus Masus!  Second Oy 16,1 kmel 796CC 378hp  SNmE 2 ¢ Mot 80 2008 bty INm@ X 4
Toyota€ti 2031 350000 Indvisus! Masas!  First Owne2339 np 1354 CC 671000 110Nm@ s Topetatti 2011 350000 #7.10hp 170Nme 3
FordFigol 2013 20000 Indhidusl Masual  Fiest Owne0.0kmed 1399CC 63108 1EONME® s fordFignl 2013 200000 $8.10ho 160Nme 3
RenssltD 2000 50000 individuni Masusl  Second V1901 kmp 1851 CC  108.45 BN 2etNm@ s RenauRD 2014 500000 10845 i 248Mme 5
MaatiZen 2005 92000 indiiduni Masual  Secons VT 3hinsl 993CC  EOBhp  ENM@ A [ Maruti 2 2005 §Qbhp  TENm@ 4 5
Mantiow 2000 200000 Individon] Masual  Second OvIS3Amel SMBCC 739580 190NmS ) MentiSw 2009 280000 7195k 190Nme 5
Manstisw 2007 200000 Indhvisual Mascal  Second Ownar MaruGSw 2007 200000
Manti Wy 2000 180000 indiidual Masual  Second OvIS9kmal S01CC G78hp  BNMP 1 ) MaGWy 2009 L8000 Qcces 109 bugl U100 6T0hp - SUNGD X 5
Mahindrs 2016 400000 individusl Masgal  Fieit Owni 18,15 kmp 1108 CC K2bhp  113NmO s Mahinded | 2016 400000 Pt Oweu 1815 4mo LIOECC 826k 115K s
Montitt 206 77000 Silindividusl Masusl Sacond O\ILS2kmpIMBCC B33 200NmP 7 MeyBlit, 216 TN0. o S5y X00Mme )
Mundaiic 2032 00000 530 Diesel  Individusl Masosl  Second O\IIOATG! 1I96CC S0BhD 224 kg [} Mpusdaili 2012 500000 53000 Diewel RO D kmpl LINCS bl 234Nt 3
firin lisws o» 3001 seovn AsdO00 Thmal BECC 4EAMNA AiNmBL i
L] PRIt )
| Next”Transmission

| Next"Fuel”
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4.4 RANDOM FOREST IMPLEMENTATIONS:

It is an ensemble method which is better than a single decision tree because it reduces the overfitting by
averaging the result. We can understand the working of Random Forest algorithm with the help of following
steps We can understand the working of Random Forest algorithm with the help of following steps -

e Step 1 - First, start with the selection of random samples from a given dataset.

e Step 2 - Next, this algorithm will construct a decision tree for every sample. Then it will get the prediction
result from every decision tree.

e Step 3 - In this step, voting will be performed for every predicted result.

e Step 4 - Atlast, select the most voted prediction result as the final prediction result
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The following diagram will illustrate its working -

| Training Training | Training
Sample 1 Sample 2 Sample n
Training Set v v l
Training Training | ......... Training
Sample 1 Sample 1 Sample 1
Test Set
l _ Voting

\,

l

o |
BENEFITS:

e QOvercomes the problem of overfitting of combining decision trees.

o Works for large set of data

e This has less variance to single decision tree

e Proves high accuracy Implementing Random forest on last Statistics modeling resulted
e Rscore error: 0.9143581729539816 Accuracy: 91.435%

4.5 COMPARISON BETWEEN ALL RESULTS :

This comparative study evidence that application of “Random Forest with Statistical Modeling proved the
better accuracy on old car price prediction over other supervised machine learning techniques

The current analysis has been done with open source data base but if could be improvised by association of
“True Value” or similar industry player who can provide the recent actual data set to be trained and tested then
that could result better class definition with greater accuracy.

V. CONCLUSION

The detailed study of the Machine Learning Techniques used with prediction of used Car Prices through various
Supervised Learning approaches as Linear , Lasso, Statistical and Random forest model applied with Training
and test set of data and Random forest over multiple iteration produced a great accuracy approx. 91.5% and it
also leaves the further research methodologies to be applied as deep learning systems like ANN , B-Networks
methodologies. This analysis definitely help the researcher and users widely on determination of prices for old
cars in India.

The current analysis has been done with open source data base but if could be improvised by association of
“True Value” or similar industry player who can provide the recent actual data set to be trained and tested then
that could result better class definition with greater accuracy.
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