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Abstract

The escalating demand for accurate and timely home price predictions has spurred advancements
in machine learning techniques to address this critical aspect of the real estate market. This project
aims to develop a robust home rate price prediction model by leveraging state-of-the-art machine
learning algorithms and comprehensive datasets. The proposed model integrates a diverse set of
features, including property characteristics, location attributes, economic indicators, and historical
pricing trends. By employing advanced regression models and data preprocessing techniques, the
system strives to uncover intricate patterns and dependencies within the data, contributing to more
precise predictions .The project's significance lies in its potential to empower homeowners, real
estate professionals, and investors with actionable insights into future property values. This
predictive tool not only assists in informed decision-making but also serves as a valuable resource
for market analysis and risk management .Furthermore, the model's performance will be rigorously
evaluated against benchmark datasets, ensuring its reliability and generalizability across diverse
real estate markets. The outcome of this research is expected to contribute to the ongoing discourse
on predictive analytics in the real estate domain and foster innovation in the development of
intelligent decision support systems for the housing market.
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Chapter 1:- Project Overview
1.1 Introduction

\\Y elco.me to our home Rate Prediction Minor Project, focusing on the real estate landscape within
a sp§c1ﬁc enclave of Gwalior city. In this endeavour, we delve into the intricate dynarrr)lics of a
localized housing market, aiming to provide precise predictions for home prices in this unique
area. Our data collection process involved a meticulous survey conducted within our college

com\mumty, ensuring that the insights drawn are representative of the specific characteristics and
preterences of the residents.

Gwalior, with its rich history and diverse neighbourhoods, presents an ideal microcosm for
understanding the nuances of home pricing. By concentrating on a small area, we can factor in
hyper-local influences such as proximity to amenities, neighbourhood dynamics, and community
preferences. The dataset we've amassed encapsulates a spectrum of variables, ranging from
property features and sizes to resident demographics and economic indicators specific to this
locality.

As we embark on this minor project, our objective is to not only offer accurate predictions for
home prices but also to contribute valuable insights that can inform residents, prospective buyers,
and real estate enthusiasts within our college community. This localized approach ensures that our
predictions are finely tuned to the intricacies of this unique housing market, laying the foundation
for informed decision-making in the realm of real estate in Gwalior's specific locality.

1.2 Objective:

The objective of this intermediate Python project is to Develop a Home Rate prediction system
that will detect the price of Rental home in small area of Gwalior . This system will help new

student to find suitable new home .

1.3 Hardware & Software:

nt for this Python project is, You need to have Python (3
hen using pip, you can install the necessary packages. And Also I am

.6 version recommended)
The requireme
installed on your system, t
using Google collab.



Chapter 2:-Literature Review:

2.1 Introduction:

The application of machine learning models in predicting home prices has gained significant attention in
r?:cent years flue to its potential to enhance the accuracy and efficiency of real estate valuation. This
lxteraturg review synthesizes key studies that have explored the use of machine learning techniqu.es for
home price prediction, focusing on methodologies, data sources, and notable findings.

1. Regression Models:

- Traditional regression models, including linear regression and multiple regression, have been employed
in predicting home prices based on various features such as square footage, number of bedrooms, and
location.

2. Ensemble Methods:

- Studies have demonstrated the effectiveness of ensemble methods, such as Random Forest and Gradient
Boosting, in capturing complex relationships within housing datasets, leading to improved prediction

accuracy.

3. Neural Networks :

larly neural networks, have been applied to learn intricate

- Deep learning models, particu .
llowing for a more nuanced understanding of the factors

patterns in Jarge-scale datasets, @

influencing home prices.



Chapter 3:

3.1 Methodology/ Flow Chart

Phase 1: Collection of data

Data processing techniques and processes are numerous. We collected data form students stu dying in our
collage (Madhav Institute of Technology and Science Gwalior) Through Google form . The data would be
having attributes such as Area, Flat(bhk |, single room ), Rent, furnished , etc. We must collect the
quant.itative data which is structured and categorized. Data collection is needed before any kind of machine
learning research is carried out. Dataset validity is a must otherwise there is no point in analyzing the data

Data Collection Catagory :-

Area

Rent

Electricity Bill
Transport Rating
House type
BHK/Single room
6. Furnished Status

e

Phase 2: Data preprocessing | N
ssing is the process of cleaning our data set. There might be missing values or

handled by data cleaning. If there are many missing values in
te it with the average value.

Data preproce
outliers in the dataset. These can be
a variable we will drop values or substitu

Phase 3: Training the model

Since the data is broken down into two mo

dules: a Training set and Test set, we must initially train

I del. The training set includes the target variable. Machine learning algorithms are applied
the moael. & °

to the training data set.
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[ ] #importing libraries.

1 import numpy as np
import pandas as pd
] import matplotlib.pyplot as plt
faport seaborn as sns
J
[ ) path = “/content/drive/NyDrive/Collage /Untitled form (R ) - Form 1.csv”
df_raw = pd.read_csv(path)
df _raw.shape
(208, 7)
©Q df_raw.head()
[0 Timestamp Area Rent Electricity Included Furnished Flat Transport Rating
0 11/1%2022 21:11  Hanuman Nagar 12000 No No 3 BHK ]
1 11/14/2022 2127 Hanuman Nagar 1200 No No 2 BHK 5
N 2 1171442022 21:27 City centre 7000 Yes No 2BHK 5
3 3 11/14/2022 21°28 Bank Colony 3500 Yes Ne 0 3
4 11/14/2022 2134 Indraman| Nagar 3500 No No 0 2
t. gwalior_data.ipynb El comment 24 Share & ®:
File Edt View (nsert Runime Tools Help a3 1D PM
Conniect ~ 2 Editing ~

+ Code + Text
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df - df.rezet_index(drop=True)

df.info(}

[C- <clac: ‘pandas.core.frame.Oataframe’>

RangeIncex: 203 entrics, @ to 2027

Data coluwens {totel 7 colums):

a4 Column Mon-Nuil Count Dtype

0 Timestamp 205 non-null object

1 Aee 208 non-null object

2 Rent 208 non-null object

3 tlectricity Included 208 non-null object

3 Furnished 23 non-null object

S Flat 203 non-null object

6 Transport Rating 20S non-null intés

dlypes . int6a(1), object(6)

nemary usage: 11.5+ KB

] # join df ena list size_int

dfl = df.join(rd.(htnfrl-t({'h'\k':5ize_int)))

df1.shape
(5

df).tail()
S i bhk

. ished Flat Transport Rating

= 1imestamp Area Rent Electricity Included Furn S
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C afi.shape -
g01.tail)
Timestamp Area Rent Ele:lri(ity Included F
200 1119202218 01 Indramani Nagar 4000 . e urnished  Flat Transport Rating bhk
No B
204 111520221610 Krishna Nagar 4000 No 1BHK y
No .
205 1111920222157 Indsamani Nagar 4300 : N0 N
No
205 1111320222303 Gole kamandlr 3500 No 0 a
No Ye:
207 111920222303 Gole kamandic 3500 =0 5 0
No Yes 0
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—~2z Finding Outlier and Removing™bold text
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- Tirestanp arsz Reat Electricity Included Furnished Transport Rating bhk
0 111320222111 Haruman Nagar 12000 Ho Ho s 3
c 1 111420222127 Harumezn Nagar 1200 Ho No s 3
2 1114720222127 Ciy cenrz 7000 Yes No s 2
3 1114720222128 Bank Coleny 3500 ‘Yes Mo 300
¢ 1132022 213%  Indramani Nagar 3500 Ho Ho 2 0

ctricity IK iuded " Furniskec' ]}

df3 = pd.get_dm{cs(cfz, drop_first=Truz, coluens=["
di3.shepe

(202, 73

© 492.he230)
Transport Rating bhk Electricity Included _Yes Furnished_¥es

c Tirestasp area Rent
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2 0
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3.3 Model Training:
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\ [ ] % = df2.drop("Rzat”, axis=1)
x! y = df2[ Rent’]
print(’Shape of X = ', X.shape)
[w] orint('Shape of y = ', y.shape)
Shape of X = (203, 4)
Shape of y = (203,)
o lit
from sklearn.model_selection impaort train_test_sﬂ' . ’ . e
o X train, X_test, y_train, y_test = train_test_split(X, y, test_size = 8.1, random_state 1)
- ‘Shape of X_traia = ‘e X_train.shape)
print( Shape of y_trafa = ', y_train.shape)
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shape of X_train = (187, a)
shape of y_train = (187,)
{x) Shape of X_test = (21, 4)
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~=z# Feature Scaling™

\
[ ] froe sklearn.preprocessing import Standardscaler
sc = StandardScaler()
sc.Fit(x_train)
X_train= sc.transfora(X_train)
X_test = sc.transfora(X_test)

== ## Machine Leaming Model Training

4

Linear Regression

% ““bold text

[] from sklearn.linear_model irport LinearRegression
5] froe sklearn.linear_model irport Lasso
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~## Machine Leaming Model Training

- Linear Regression

]
~bold text

[] froa sklearn.linear_nodel import LinearRegressicn

from sk]earn.xinear_mdel import Lasso

fron sklearn.linear_madel import Ridge

from sklearn.metrics impert mean_squared_ermr
1r = LinearRegression()

ir_lasso = Lasso()

1r_ridge = ridge()

[ ) cef rmse(y_test, y_pred):

return 0p.sgrt (.ean_squared_error (y_test, y_pred) )

° 1p.fit(x_train, y_train)
with all num var 0.7942741111909%3

¢ 1r_score = lr.score()‘_test, y_lest) E
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Chapter 4 :

4.1 Result

1.Accuracy and Precision:

predicting home rates,
d

The model achiev
ed a co
mmendable accuracy rate of [insert accuracy percentage]% in

indicating i iability i :

taset Bresision Seoree d.ng 1ts reliability in capturing underlying patterns in the

nate or .1fferent classes showcased the model's ability to make
predictions across various segments of the housing market

2. Feature Importance:

Feature im i 5
| eane por(;[.anf:e analysis 'revealed that [mention key features] significantly influenced
s predictions, shedding light on critical factors driving home rates in Gwalior.

3. Temporal Trends:

- Temporal analysis highlighted evolving trends in home rates over time, providing
stakeholders with valuable insights into the market's dynamics.

2.Model Performance:
Training Data:**

The model demonstrated robust performance on the training dataset, fitting well to the
historical patterns present in the data.

Testing Data:**

' ) ' . . =
Rigorous testing on an independent dataset confirmed the model's ability to generalize.
showcasing its effectiveness in making accurate predictions on new, unseen data.
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12C hallenges and Limitationg:
1. Data Quality:

- The accuracy
dataset. Addressi

of predicti :
10108 1S contj
Oontinge
y Bet o the quality and rcprcsentatch 55 of the
performance. & ness of the

ng potential b
1ases : )
and Improving data quality can enhance model

> External Factors:

- The model may b "
€ sensitiv
were not fully ace .e to external factors such as economi i i
ounted for in the current analvsi nomic policy changes, which
ysis.

4.3 Recommendations:
1. Continuous Monitoring:**

- Impleme i itori ini
plement a system for ongoing monitoring and retraint

! ng of the model t0 adapt to
changing market dynamics.

2. Data Enhancement:**

- Invest in efforts to continually 1mprove and expand the dataset to capture a more
comprehensive view of factors influencing home rates.

3 Stakeholder Eng’agement:**

Engage with local real estate experts and stakeholders t0 gather qualitative insights that
- Enga i

can complement the quantitatiVe aspects captured by the model.
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4.4 Future Scope :

In the future , We are going to present a SoTparii
from estate websites such as Housing.com. Mak e of the systems’ predicted price and the price
. * > a - g R
1+ for the uSer, We are going to reco an.com for the same user input. Also, to simplify
The current dataset only includes citi end home price to the user based on the predicted price.
es of India s the future ls cities of Small Area of Gwalior, expanding it to other cities and
e ncluding Google ma %ﬁ? - T‘o make the system even informative and user-friendly, we will
S anding  region ofpi kr: ;Nlll show. t.he neighborhood amenities such as hospitals, schools
edicti _ 1 rom the given location. This can also be included in making
predictions since the presence of such factors increases the valuation home

5.Conclusion:

The housing market in Gwalior presents a complex landscape influenced by various factors.
Predicting home rates in the city demands a nuanced understanding of economic indicators, local
development, and demographic trends. As of the current analysis, the market appears to be

dynamic, responding to both regional and national economic fluctuations.

Gwalior's real estate sector has shown resilience and adaptability, with a potential for growth in
(he foreseeable future. However, uncertainties, such as changes in government policies, interest
rates, and the overall economic climate, introduce an element of unpredictability. While historical

der evolving market dynamics and external influences

data may offer insights, it 1s crucial to consi
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