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ABSTRACT
Accurate prediction of real estate prices plays a significant role in financial planning, investment
decision-making, urban development, and smart city management. Traditional property valuation
approaches mainly rely on statistical regression techniques and expert judgment, which often fail to
model nonlinear market behavior and heterogeneous housing datasets. To overcome these limitations,
this research proposes a novel Hybrid Adaptive Real Estate Prediction Algorithm (HAREPA) within a
machine learning—based hybrid framework.
The proposed system integrates Linear Regression, K-Nearest Neighbor, and Support Vector Regression
models through adaptive ensemble learning. Feature engineering techniques are employed to extract
meaningful attributes and improve learning efficiency. Adaptive weights are automatically computed
using inverse error analysis, enabling dynamic contribution of each model during prediction.
Experimental evaluation is conducted using a real-world real estate dataset obtained from Kaggle.
Performance comparison using Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and
prediction accuracy demonstrates that the proposed HAREPA model significantly outperforms
individual machine learning algorithms. The results confirm improved prediction accuracy, reduced error
variance, and enhanced generalization capability.
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1. INTRODUCTION

The real estate sector represents one of the most influential components of modern economic
systems. Accurate estimation of property prices is essential for buyers, investors, banking institutions,
policymakers, and urban planners. Rapid urbanization, increasing migration toward metropolitan
regions, and dynamic economic conditions have made housing markets highly complex and
unpredictable.

Traditional property valuation methods rely heavily on statistical regression models and manual
appraisal techniques. Although these approaches provide interpretability, they assume linear
relationships among variables and fail to capture nonlinear interactions present in real-world housing
markets. Property prices are influenced by multiple factors including geographic location, accessibility,
neighborhood infrastructure, demographic characteristics, and economic indicators.

The emergence of machine learning has enabled data-driven prediction systems capable of learning
complex relationships directly from historical data. Algorithms such as Linear Regression, K-Nearest
Neighbor, Support Vector Regression, and Artificial Neural Networks have demonstrated promising
results in real estate analytics. However, individual algorithms often suffer from performance instability
when dataset characteristics change.

To address these challenges, this paper proposes a Machine Learning Based Hybrid Framework
supported by the Hybrid Adaptive Real Estate Prediction Algorithm (HAREPA). The proposed approach
integrates multiple learning paradigms and dynamically adapts model importance based on prediction
performance. The objective is to develop a robust, scalable, and intelligent real estate price prediction
system capable of handling heterogeneous datasets.

2. RELATED STUDY

This section outlines, some noteworthy contributions has been reported :

The literature on real estate price prediction demonstrates several noteworthy contributions that have
significantly influenced the evolution of modern predictive frameworks. Early foundational work by
Belsley et al. [25] focused on regression diagnostics and introduced systematic techniques for detecting
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multicollinearity among explanatory variables, thereby improving the reliability, stability, and
interpretability of statistical prediction models. Subsequently, Bourassa et al. [3], [4] emphasized the
importance of spatial econometric modeling, demonstrating that housing prices are strongly affected by
geographic proximity, neighborhood characteristics, and localized market behavior. Their findings
established spatial price dependency as a critical factor in property valuation research. With the
emergence of intelligent data-driven approaches, Park and Bae [8] conducted comparative analyses using
multiple machine learning algorithms and showed that machine learning models outperform traditional
statistical methods in terms of prediction accuracy and adaptability. Further advancements were achieved
by Wu [12], who applied Support Vector Regression (SVR) for housing price estimation and
demonstrated high prediction stability and strong generalization capability, particularly in nonlinear
environments. Similarly, Varma et al. [15] introduced Artificial Neural Networks for property valuation,
highlighting their superior nonlinear learning capability and effectiveness in modeling complex
relationships among housing attributes. In addition, Hromada [11] applied data mining techniques for
real estate price mapping, enabling efficient visualization, clustering, and pattern discovery across
housing markets.

Recent studies have further strengthened the field by integrating deep learning and spatial
intelligence techniques. Li and Wu [2] proposed spatial-temporal deep learning models capable of
capturing both geographic and temporal housing dynamics, improving prediction performance in
evolving markets. Wang and Zhao [6] introduced graph neural network—based housing prediction
systems that model neighborhood connectivity relationships, allowing intelligent learning of spatial
interactions among properties. Moreover, Patel and Verma [7] applied adaptive learning frameworks
within smart city environments, emphasizing the necessity of spatially aware and dynamically adaptive
prediction systems. Collectively, these contributions confirm that integrating machine learning
intelligence with spatial awareness and adaptive learning mechanisms is essential for achieving accurate,
robust, and scalable real estate price estimation models, thereby motivating the development of advanced
hybrid prediction frameworks.

3. PROBLEM STATEMENT

Accurate prediction of real estate property prices is a challenging task due to the complex influence
of multiple factors such as location, infrastructure development, economic conditions, and property
characteristics. Traditional statistical approaches and single machine learning models often fail to capture
nonlinear relationships and dynamic market variations, resulting in reduced prediction accuracy.
Moreover, existing models generally suffer from issues like overfitting, limited feature utilization, and
poor generalization across diverse datasets. Therefore, there is a need to develop an efficient hybrid
machine learning framework capable of integrating multiple learning techniques to improve prediction
accuracy, minimize error, and provide reliable real estate price estimation for decision-making purposes.

4. PROPOSED METHODOLOGY

The proposed HAREPA (Hybrid Adaptive Real Estate Prediction Algorithm) architecture consists
of sequential stages starting with real estate data collection, including property location, area, price-
related attributes, and surrounding facilities. The data undergoes preprocessing such as missing value
handling, outlier removal, normalization, and categorical encoding. Feature engineering techniques are
applied to select and transform important features for improved learning. Three machine learning
models—Linear Regression, K-Nearest Neighbor, and Support Vector Regression—are trained
individually to generate predictions. Adaptive weights are computed using prediction errors
(MAE/RMSE), and a hybrid ensemble mechanism integrates all model outputs. The framework finally
produces an accurate predicted property price by combining the strengths of multiple learning models.
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Architecture of the Proposed HAREPA Framework
(Hybrid Adaptive Real Estate Prediction Algorithm)
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Fig : 1 Architecture of the Proposed HAREPA Framework for Real Estate Price Prediction

The HAREPA (Hybrid Adaptive Real Estate Prediction Algorithm) framework begins with
collecting historical real estate data, followed by data preprocessing steps such as handling missing
values, removing outliers and duplicates, normalization, and encoding categorical features. Relevant
features are then selected and transformed through feature engineering. Multiple machine learning
models—Linear Regression, K-Nearest Neighbor, and Support Vector Regression—are trained
independently to generate individual predictions. The prediction errors of each model are evaluated using
MAE and RMSE, and adaptive weights are calculated based on inverse error values. Finally, a weighted
ensemble mechanism combines all model outputs to produce an accurate final property price prediction.
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Fig : 2 Flow Chart of HAREPA (Hybrid Adaptive Real Estate Prediction Algorithm)
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5. RESULT ANALYSIS

In this section, the performance of the proposed HAREPA algorithm is analyzed and compared with
existing machine learning approaches. The implemented models, including Linear Regression, K-
Nearest Neighbor (KNN), and Support Vector Regression (SVR), were introduced and described in the
previous chapter. The evaluation has been carried out using standard performance metrics such as Mean
Absolute Error (MAE), Root Mean Square Error (RMSE), and prediction Accuracy.

Algorithm Mean Absolute |Root Mean Square |Accuracy (%)
Ermror (MAE) Error (RMSE)
Linear Regression 0.38 0.52 82
KNN 0.34 0.48 85
SVR 0.31 0.44 88
Proposed HAREPA 0.22 0.35 93

Table: 1 Comparisons of Result

As per the experimental results, the comparative analysis clearly indicates that the proposed
HAREPA algorithm outperforms existing machine learning models in terms of Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), and prediction accuracy. The graphical comparison
demonstrates that the proposed hybrid framework significantly reduces prediction errors while achieving
higher accuracy compared to Linear Regression, KNN, and SVR models. Lower MAE and RMSE values
confirm that the predicted property prices are closer to actual market values and effectively handle larger
prediction deviations. The improvement is achieved through adaptive weight optimization and ensemble
learning, which integrates the strengths of multiple models and enhances prediction stability. Overall,
the proposed approach provides more reliable, accurate, and efficient real estate price prediction
performance.

6. CONCLUSION AND FUTURE SCOPE

This research presented a machine learning—based hybrid framework for real estate price prediction
using the proposed HAREPA algorithm. The system integrates feature engineering with Linear
Regression, KNN, and SVR models through adaptive ensemble learning to handle complex and nonlinear
housing market behavior. Experimental evaluation on a Kaggle dataset demonstrated reduced MAE and
RMSE values along with improved prediction accuracy compared to individual models, confirming the
effectiveness and reliability of the hybrid approach.

In future work, the framework can be extended by incorporating deep learning models, spatial—
temporal data, GIS information, and real-time cloud deployment for intelligent prediction systems. The
inclusion of explainable Al and automated feature optimization may further enhance transparency,
scalability, and applicability in smart city planning, investment analysis, and advanced real estate
analytics.
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