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Abstract— Real estate markets are highly dynamic,
influenced by factors such as location, property
characteristics, and economic conditions. Predicting
property prices accurately is essential for informed
decision-making by buyers, sellers, and investors. This
study presents a data-driven approach for forecasting
real estate prices using a combination of machine learning
and deep learning models. The dataset includes key
attributes such as locality, estimated value, property type,
number of rooms and bathrooms, carpet area, tax rate,
and facing direction. Preprocessing techniques, including
handling missing values, encoding categorical variables,
and feature scaling, were applied to improve data quality
and consistency. Four models—XGBoost, Convolutional
Neural Network (CNN), Long Short-Term Memory
(LSTM), and Gated Recurrent Unit (GRU)—were
developed to perform prediction. XGBoost captures
strong regression patterns, while CNN extracts complex
feature relationships. LSTM and GRU models are used to
learn underlying data patterns and enhance prediction
accuracy. Model performance was evaluated using MAE,
MSE, RMSE, and R> metrics. Results indicate that deep
learning models provide improved accuracy, making
them effective for real estate price prediction.

Keywords—Real Estate Price Prediction, Deep Learning,
Random Forest, XGBoost, Convolutional Neural
Network (CNN), Long Short-Term Memory (LSTM),
Gated Recurrent Unit (GRU), R? Score.

I. INTRODUCTION

One of the biggest drivers of urban development and
economic expansion is the real estate industry.
Numerous interrelated elements, such as geographic
location, the availability of infrastructure, population
expansion, market demand, and macroeconomic
conditions, all have an impact on property prices.
Accurately forecasting real estate prices is still a
difficult analytical task because of its multifaceted
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Conventional methods of valuation, such
and simple statistical

character.
comparative market analysis
regression techniques, frequently depend on linear
assumptions and a small number of features, which may
not be sufficient to capture nonlinear interactions in large-

scale datasets.

Large amounts of structured real estate data are now
available for computer analysis due to the growing
availability of digital transaction records and government-
maintained property databases. Predictive systems that can
find hidden links in high-dimensional datasets have been
made possible by advances in artificial intelligence,
especially in machine learning and deep learning. When
traditional methods, these

compared to

approaches provide better generality, scalability, and

analytical
adaptability.

The primary objective of this study is to design and
implement an intelligent real estate price prediction
framework using advanced deep learning algorithms. The
system analyzes historical and recent property transaction
records containing attributes such as location, estimated
value, sale price, property type, number of rooms, number
of bathrooms, carpet area, tax rate, and facing direction.
Through systematic data preprocessing—including
cleaning, encoding, normalization, and feature
transformation—the dataset is prepared for efficient model
training.

Multiple predictive models, including ensemble-based
methods and neural network architectures, are employed to
evaluate their capability in forecasting property prices.
Ensemble techniques aim to reduce variance and bias
through aggregated decision-making, while neural
networks model nonlinear relationships using layered
By comparing model

computational  structures.
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performance using standard regression metrics, the
study identifies the most suitable approach for
structured real estate data.

Ultimately, the proposed framework seeks to provide a
reliable and data-driven decision support tool for
property buyers, sellers, investors, and real estate
analysts. By adapting to evolving market conditions,
the system contributes toward improving transparency,
efficiency, and accuracy in urban housing price
estimation.

II. LITERATURE REVIEW

The growing demand for accurate property valuation
has encouraged researchers to explore data-driven
approaches for real estate price prediction using
machine learning and deep learning techniques.

The study titled Real Estate Price Prediction Using
Machine Learning Algorithms by Zahoor et al. [1]
emphasizes the effectiveness of regression-based and
ensemble learning models in housing price estimation.
The authors applied algorithms such as Linear
Regression, Decision Tree, Random Forest, and
Gradient Boosting on structured real estate datasets.
Their findings indicate that ensemble models
significantly outperform traditional regression methods
in terms of prediction accuracy. The study highlights
the importance of feature selection and preprocessing
techniques in improving model performance. However,
the approach mainly focuses on classical ML
algorithms and does not deeply explore advanced
neural network architectures for capturing complex
feature interactions.

The research on House Price Prediction Using
Ensemble Learning Methods by Kumar et al. [2]
presents a hybrid approach combining multiple
ensemble algorithms such as Random Forest and
XGBoost. The system utilizes features like property
size, number of rooms, and geographical location to
predict housing prices. The hybrid model demonstrates
improved stability and reduced variance compared to
standalone models. This approach is particularly
effective in handling structured tabular data.
Nevertheless, the computational cost of training
multiple ensemble models can be high, and the study
does not extensively address scalability in large urban
datasets.

The work titled Real Estate Price Prediction with Deep
Learning: A Case Study by Almarabeh et al. [3] focuses
on the application of Artificial Neural Networks (ANN)
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for modeling nonlinear relationships in property data. To
improve prediction performance, the system uses past
transaction records and hyperparameter optimization. The
findings demonstrate that deep learning algorithms are
capable of identifying underlying patterns that
conventional regression models can miss. However, the
study's flexibility in smaller datasets may be limited due to
its high training data and computer resource requirements.

In another study, Urban House Price Prediction Based
on a Deep Neural Network by Tian et al. [4], a Deep
Neural Network (DNN) architecture is proposed to
forecast urban housing prices. The model learns
hierarchical feature representations from large-scale
housing datasets and demonstrates superior accuracy
compared to classical statistical techniques. The research
confirms that deep learning is capable of modeling
complex nonlinear dependencies among property
attributes.  However,  overfitting and  model
interpretability remain challenges when applying deep
architectures in real estate analytics.

The comparative analysis conducted by Singh et al. [5]
evaluates multiple machine learning algorithms
including Support Vector Regression (SVR), K-Nearest
Neighbors (KNN), and Random Forest. The study
concludes that Random Forest consistently provides
better predictive performance across different evaluation
metrics. It also suggests that no single model performs
optimally under all circumstances, and dataset
characteristics significantly
effectiveness. A limitation of this work is the absence of

influence model

deep learning-based comparison within the same
experimental setup.

Another relevant study explores Gradient Boosting-
based housing price prediction for metropolitan regions,
emphasizing feature engineering and model tuning
techniques. The research demonstrates that boosting
algorithms effectively minimize bias and variance,
thereby improving generalization performance. While
the results are promising, the study primarily focuses on
boosting methods without evaluating neural network-
based alternatives for nonlinear modeling.

Recent advancements also include hybrid frameworks
that integrate ensemble learning with neural networks to
enhance predictive accuracy. These models aim to
combine the strengths of aggregated decision-making
and layered feature extraction. Although hybrid systems
show improved robustness, they introduce higher
computational complexity and require careful parameter
optimization.
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When compared to conventional statistical methods, it
is clear from the literature that both deep neural
networks and ensemble learning approaches greatly
improve the accuracy of real estate price prediction.
Nevertheless, a lot of research either focuses on a
particular class of models or lacks a cohesive
framework for preprocessing and evaluation.

Thus, the goal of the proposed research is to create a
comprehensive real estate price prediction system that
uses a common data pretreatment pipeline to evaluate
ensemble-based algorithms with deep learning
architectures in a methodical manner. The study aims
to determine the best dependable and scalable method
for precise property price forecasting in dynamic urban
areas by assessing models using consistent regression
performance indicators.

III. EXISTING SYSTEM

Conventional approaches for real estate analysis
primarily focus on evaluating housing markets in urban
regions using statistical techniques and survey-based
data collection methods. These approaches are
commonly applied to study trends in residential and
commercial properties. However, when handling large-
scale and high-dimensional datasets, such methods
become inefficient, time-intensive, and less capable of
capturing complex relationships among multiple
variables.

To address these challenges, earlier methodologies
incorporated clustering frameworks combined with
deep learning techniques. Data obtained from public
government sources were standardized to ensure
consistency and reliability. Autoencoder-based models
were employed for dimensionality reduction, followed
by the application of advanced clustering algorithms to
group similar data patterns and extract meaningful
insights.

The analysis identified key factors influencing property
prices, including transaction volume, average unit
price, and construction-related indices. Although these
techniques enhanced analytical performance, they
mainly focused on pattern identification rather than
accurate prediction. Furthermore, their dependence on
specific regional datasets and complex configurations
limits their adaptability to rapidly changing real estate
environments.

Limitations of Existing System:
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e Dependence on traditional statistical models such
as Linear Regression and Comparative Market
Analysis that assume linear relationships between
features.

e Limited feature utilization, often considering only
basic attributes like area, location, and number of
rooms.

e Inability to effectively capture nonlinear
interactions and complex dependencies among
property-related variables.

e Static model training with infrequent updates,
leading to reduced adaptability to changing
market conditions.

e Lack of advanced ensemble learning and deep
learning techniques for improved predictive
accuracy.

e Limited scalability when processing large-scale,
high-dimensional real estate datasets.

e Minimal automation in feature engineering and
hyperparameter optimization.

IV. METHODOLOGY

The methodology adopted for the proposed real estate price
prediction system follows a structured and systematic
approach to ensure accuracy, scalability, and reliability.
The process consists of multiple stages, including data
collection, preprocessing, feature engineering, model
development, training, evaluation, and deployment.

Each phase is carefully designed to transform raw real
estate transaction data into meaningful predictive insights.

1. Data Collection:

The first step in the methodology involves gathering
historical real estate transaction data from publicly
available government portals and verified property
databases. The dataset contains structured attributes such
as location, estimated value, sale price, property type,
number of rooms, number of bathrooms, carpet area, tax
rate, and facing direction. These variables collectively
influence property valuation and serve as input features for
predictive modeling. The collected data is stored in a
structured format such as CSV.

2. Data Preprocessing :

Raw real estate datasets often contain inconsistencies such
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as missing values, duplicate records, categorical text
entries, and outliers. Therefore, preprocessing is
performed to improve data quality and ensure reliable
model training.

Missing numerical values are handled using statistical
imputation methods such as mean or median
substitution, while categorical missing values are
replaced using the mode. Duplicate entries are removed
to avoid redundancy and bias in prediction results.
Categorical features such as property type and locality
are converted into numerical representations using
encoding techniques like Label Encoding or One-Hot
Encoding. Since machine learning algorithms require
numerical input, this transformation is essential.
Feature scaling techniques such as normalization or
standardization are applied to numerical variables like
carpet area and sale price.

X X onin
X 1A X min

X' =

Where Xis the original value, and X'is the scaled value.
This step ensures that all features are on a comparable
scale, particularly for neural network-based models
that are sensitive to variations in magnitude.

Outliers in transaction values are detected using
statistical techniques and removed where necessary to
prevent distortion of model learning.

3. Feature Selection and Engineering

Feature selection is carried out to identify the most
relevant attributes influencing property prices.
Correlation analysis and feature importance techniques
are used to measure the relationship between
independent variables and the target variable (sale
price).

Additional feature engineering is performed to derive
meaningful attributes such as price per square foot or
transaction year extracted from the date column. These
engineered features enhance model performance by
capturing hidden market patterns and improving
explanatory power.

4. Data Splitting

To evaluate model performance effectively, the dataset
is divided into training and testing subsets. Typically,
80% of the data is used for training, while 20% is
reserved for testing. This separation ensures that the
model is validated on unseen data, thereby measuring
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its real-world predictive capability. The training set allows
the model to learn patterns, while the testing set evaluates
generalization performance.

Real Estate Dataset

l

Data Preprocessing

l

Feature Enginecering

l

Train Test Split

L

Model Training

l

Model Evaluation

l

Best Model Selection

L

Deployment

l

Price Prediction Output

5. Model Development

In this study, deep learning models were designed to learn
complex relationships between property features and sale
prices. The objective of each model is to approximate a
function that maps input features to the target value:

y=fX;6)

where X represents input variables, fdenotes model
parameters, and ¥ is the predicted price.

XGBoost is a boosting-based model that improves
prediction accuracy by combining multiple decision trees.
Each tree is built sequentially to reduce the errors of the
previous model. The final prediction is obtained by
summing the outputs of all trees:

Vi = zx:fk (x:)
k=1

The model optimizes an objective function that includes
both prediction loss and a regularization term to control
complexity:
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L=, 3:) + X0(f)

This iterative learning process helps XGBoost capture
complex relationships in the data and produce accurate
predictions.

A Convolutional Neural Network (CNN) was used to

extract meaningful feature patterns from the dataset.

The convolution operation is defined as:
Z=X+W+b

where Wis the filter and bis the bias. The result is
passed through an activation function:
A=o0(2)

which helps the model learn non-linear relationships
between features.
Sequential models such as Long Short-Term Memory
(LSTM) and Gated Recurrent Unit (GRU) were applied
to capture dependencies within the data. In LSTM,
information is controlled through gating mechanisms,
and the cell state is updated as:

Ct=ft'Ct—1+it'Ct

The hidden state is computed as:
h; = o, - tanh (C;)

Similarly, GRU simplifies this process using update
and reset gates. The hidden state in GRU is given by:
he=(Q—2z) hy+2 - h

These models learn internal representations of the data
through multiple training iterations, adjusting their
parameters to better capture underlying patterns. As a
result, they become capable of producing more
accurate and reliable predictions for real estate prices.

6. Model Training and Hyperparameter Tuning

Each model is trained using the prepared training
dataset. During training, the algorithms attempt to
minimize prediction error between actual and predicted
property prices. Hyperparameters such as number of
trees, learning rate, maximum depth, number of hidden
neurons, batch size, and activation functions are tuned
to optimize performance.

Techniques such as cross-validation and early stopping
are applied to prevent overfitting and enhance
generalization capability.
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7. Model Evaluation

After training, the performance of each model is assessed
using standard regression metrics to evaluate prediction
accuracy and error behavior. These metrics provide a
comprehensive understanding of how closely the predicted
values match the actual property prices.

Mean Absolute Error (MAE) calculates the average
magnitude of prediction errors without considering their
direction:

n
1
MAEz—Z =,
" 1Iy, Vil
1=

Mean Squared Error (MSE) measures the average squared
difference between actual and predicted values, giving
more weight to larger errors:

1w .
MSE =~ (3= 9)
i=1

Root Mean Squared Error (RMSE) is the square root of
MSE and expresses the error in the same unit as the target
variable:

RMSE = VMSE

The coefficient of determination (R? score) indicates how
well the model explains the variance in property prices:

R2—=1— Y — 9)?
TG —y)?

MAE reflects average prediction error, while MSE and
RMSE penalize larger deviations more strongly. The R?
score represents the proportion of variance captured by the
model. Together, these metrics provide a reliable and
balanced evaluation of model effectiveness.

8. Comparative Analysis and Deployment

A comparative analysis is conducted to determine the best-
performing model among all implemented algorithms.
Models are compared based on accuracy, stability,
computational efficiency, and generalization ability.

The final selected model is integrated into a user interface
where users can input property features such as location,
area, and property type to obtain real-time price
predictions. The system is designed to be scalable,
allowing future retraining with updated datasets to
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maintain adaptability to evolving market conditions.

V. RESULTS

The performance of the developed models was
analyzed using regression metrics along with sample
predicted values to evaluate their effectiveness in
estimating property prices. The comparison includes
XGBoost, CNN, LSTM, and GRU models, each
assessed based on error measures and prediction
accuracy.

The results indicate that all models are capable of
generating reasonable predictions; however, their
performance varies across different evaluation metrics.
XGBoost provides stable and reliable results due to its
ability to handle structured data efficiently. Among the
deep learning models, LSTM and GRU demonstrate
superior performance, achieving lower error values and
higher R? scores. This indicates their effectiveness in
capturing complex relationships within the dataset.
CNN also performs adequately by extracting feature-
level patterns, but its prediction accuracy is
comparatively lower.

The predicted values further support this observation,
as LSTM and GRU produce outputs closer to the actual
value, reflecting better precision. Overall, the results
highlight that advanced deep learning models are more
effective for real estate price prediction tasks.

Actu
R? Predict
al MA RMS
Model Sco ed
Valu E E
re Value
e
XGBo
) 50.0 2.85 3.77 0.89 48.7
0s

CNN 50.0 3.10 4.05 0.87 479
LSTM  50.0 240 3.48 092 493

GRU 50.0 230 344 093 496

VI. DISCUSSION AND FUTURE WORK

The experimental results demonstrate that the proposed
models are effective in predicting real estate prices
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using structured property data. Among the evaluated
approaches, XGBoost provided stable and consistent
performance due to its ability to handle structured features
efficiently. The deep learning models, particularly LSTM
and GRU, showed improved capability in capturing
complex relationships and dependencies within the dataset,
resulting in better prediction accuracy. CNN was also able
to extract meaningful feature patterns, although its
performance was comparatively moderate.

Despite these positive outcomes, certain challenges
remain. The prediction performance is influenced by the
quality and diversity of the dataset, and the absence of
important external factors such as economic conditions,
infrastructure development, and policy changes may limit
accuracy. Additionally, the models require careful
parameter tuning to achieve optimal results.

Future work can focus on enhancing the model by
incorporating additional features such as location-based
amenities, market trends, and economic indicators. Further
improvements may include the use of advanced deep
learning architectures, hybrid models, and optimization
techniques to increase prediction efficiency. The
integration of real-time data and visualization tools, such
as map-based interfaces, can make the system more
practical and user-friendly for real-world applications.

VII. CONCLUSION

This study offers a successful method for forecasting real
estate prices by using sophisticated modeling techniques to
organized property data. To increase prediction accuracy
and dependability, the system uses several models, feature
modification, and data pretreatment. The findings show
that, with differing degrees of effectiveness, all applied
models are able to capture connections between property
qualities and price. While deep learning models like LSTM
and GRU performed better in identifying intricate patterns
and dependencies within the dataset, XGBoost consistently
produced solid results. Although CNN's accuracy was only
moderate, it was still able to recognize significant feature
relationships. The evaluation metrics verify that the
suggested method produces accurate prediction results.
Overall, by offering data-driven insights into real estate
pricing trends, the established system can assist investors,
buyers, and sellers in making well-informed decisions. The
study emphasizes how sophisticated modeling tools can
enhance prediction accuracy and adjust to changing market
conditions.

Vol 26 Issue 05, May 2026

Page 1521 of 1524



ISSN No0:2250-3676

VIII. REFERENCES

[1T S. R. Kaluri and S. R. Patan, "Housing Price
Prediction using Machine Learning Algorithms,"
2020 International Conference on Smart
Electronics and Communication (ICOSEC),
Trichy, India, 2020, pp.1382-
1386,doi:10.1109/ICOSEC49089.2020.9215394.

[2] P. Gaur, V. Sharma, and S. Sahu, "Real Estate
Price Prediction Using Machine Learning
Techniques," 2021 2nd International Conference
for Emerging Technology (INCET), Belgaum,
India, 2021, pp- 1-6, doi:
10.1109/INCET51464.2021.9456200.

[3] L. Ma, W. Wang, and Y. Zhao, "A Machine
Learning Model for Real Estate Valuation Based
on Decision Tree," 2021 13th International
Conference on Measuring Technology and
Mechatronics Automation (ICMTMA), Beihai,
China, 2021, pp- 624-627, doi:
10.1109/ICMTMAS52658.2021.00144.

[4] A. Dogru and R. Ozceylan, "Housing Price
Estimation Using Machine Learning Algorithms:
A Case Study in Turkey," 2019 4th International
Conference on  Computer  Science and
Engineering (UBMK), Samsun, Turkey, 2019, pp.
538-543, doi: 10.1109/UBMK.2019.8907141.

[51 S. K. Yadav and A. K. Dubey, "Prediction of
House Prices Using Ensemble Learning
Techniques," 2022 5th International Conference
on Computing, Communication and Security
(ICCCS), Patna, India, 2022, pp. 1-5, doi:
10.1109/ICCCS54432.2022.10006463.

[6] A.R. Sharma and D. Dey, "LSTM Based Deep
Learning Model for Predicting Housing Prices,"
2021 10th International Conference on System
Modeling & Advancement in Research Trends
(SMART), Moradabad, India, 2021, pp. 388—393,
doi: 10.1109/SMARTS52563.2021.9673946.

[7]1 R. Kumari and S. Nag, "Prediction of Housing
Prices using Random Forest Regression," 2020
11th International Conference on Computing,
Communication and Networking Technologies
(ICCCNT), Kharagpur, India, 2020, pp. 1-6, doi:
10.1109/ICCCNT49239.2020.9225441.

[8] S. Qureshi, H. Nasr, and A. Abbas, "Data-Driven
Real Estate Price Estimation Using CatBoost
Regression  Model," 2023  International
Conference on Artificial Intelligence (ICAl),
Karachi, Pakistan, 2023, pp. 103-107, doi:
10.1109/ICAI59155.2023.10119879.

International Journal of Engineering Science and Advanced Technology (IJESAT)

[91[9]1 Y. Sun, X. Liu, and H. Zhang, "Real Estate Price

Forecasting Based on XGBoost Algorithm," 2020
12th International Conference on Intelligent Human-
Machine Systems and Cybernetics (IHMSC),
Hangzhou, China, 2020, pp. 117-120, doi:
10.1109/IHMSC49165.2020.00037.

[10] S. Panwar and R. Gupta, "Comparative Study of

Regression Models for Real Estate Prediction," 2021
2nd International Conference on Advances in
Computing, Communication Control and Networking
(ICAC3N), Greater Noida, India, 2021, pp. 1-6, doi:
10.1109/ICAC3N53548.2021.9725592.

[11] T. Chen and C. Guestrin, “XGBoost: A Scalable

Tree Boosting System,” Proceedings of the 22nd
ACM  SIGKDD  International Conference on
Knowledge Discovery and Data Mining (KDD), San
Francisco, USA, 2016, pp. 785-794, doi:
10.1145/2939672.2939785.

[12] L. Breiman, “Random Forests,” Machine Learning,

vol. 45, no. 1, pp.
10.1023/A:1010933404324.

5-32, 2001, doi:

[13] J. H. Friedman, “Greedy Function Approximation:

[14]

[16]

[17]

[20]

[21]

[22]

www.ijesat.com

A Gradient Boosting Machine,” Annals of
Statistics, vol. 29, no. 5, pp. 1189-1232, 2001.

L. Prokhorenkova, G. Gusev, A. Vorobev, A. V.
Dorogush, and A. Gulin, “CatBoost: Unbiased
Boosting with Categorical Features,” Advances in
Neural Information Processing Systems (NeurIPS),
2018.

F. Pedregosa et al., “Scikit-learn: Machine Learning
in Python,” Journal of Machine Learning Research,
vol. 12, pp. 2825-2830, 2011.

S. Hochreiter and J. Schmidhuber, “Long Short-
Term Memory,” Neural Computation, vol. 9, no. 8,
pp- 1735-1780, 1997.

K. Cho et al., “Learning Phrase Representations
using RNN Encoder—-Decoder for Statistical
Machine Translation,” Proceedings of EMNLP,
2014.

I. Goodfellow, Y. Bengio, and A. Courville, Deep
Learning, MIT Press, 2016.

A. Géron, Hands-On Machine Learning with Scikit-
Learn, Keras & TensorFlow, 2nd ed., O’Reilly
Media, 2019.

H. Liu and H. Motoda, Feature Selection for
Knowledge Discovery and Data Mining, Springer,
1998.

G. James, D. Witten, T. Hastie, and R. Tibshirani,
An Introduction to Statistical Learning, Springer,
2013.

S. Raschka and V. Mirjalili, Python Machine

Page 1522 of 1524

Vol 26 Issue 05, May 2026



International Journal of Engineering Science and Advanced Technology (IJESAT) Vol 26 Issue 05, May 2026

Learning, 3rd ed., Packt Publishing, 2019.

[23] J. Wu, M. Deng, and R. Li, “Real Estate
Valuation Using Hybrid Machine Learning
Models,” IEEE Access, vol. 9, pp. 65432—
65445, 2021.

[24] Z. Zou, K. Tuncali, and S. Silverman,
“Correlation and Feature Selection for Housing
Price Prediction,” IEEE Access, vol. 8, pp.
123456-123468, 2020.

[25] A. Géron, Hands-On Machine Learning with
Scikit-Learn, Keras, and TensorFlow, 3rd ed.,
O’Reilly Media, 2022.

ISSN N0:2250-3676 www.ijesat.com Page 1523 of 1524



International Journal of Engineering Science and Advanced Technology (IJESAT) Vol 26 Issue 05, May 2026

ISSN No0:2250-3676 www.ijesat.com Page 1524 of 1524



	I. INTRODUCTION

