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Abstract—Real estate development can be regarded as a source of economic growth. However, it should be stated that there are other factors, such as economic policy, interest rates, demography statistics, infrastructure, and environment, which are associated with real estate. Nevertheless, at present, the current state of affairs in this field is characterized by some gaps. Specifically, as per scholarly research, approaches to evaluation of real estate might not be very efficient because of neglecting interaction of interrelated factors. That is why the main goal of the current project is creation of the program that will provide predictions concerning property prices using artificial intelligence and investment in property with the help of obtained information. The first feature of the program will be a possibility to adjust several parameters of property, such as geographical location, size (square feet), budget, and BHKs. In addition, this tool will allow its users to get informed about average cost of land through curated public datasets and find out their closeness to infrastructure structures, such as schools, clinics, and shopping centers. What is more, data analysis will contribute to prediction accuracy. To be more specific, machine learning techniques will be used for creation of model. For example, the algorithm called XGBoost will be applied. As for the programming language for this purpose, Python can be utilized with Scikit-Learn. Lastly, the tools that will be used to represent results are Plotly and Leaflet.js. Additionally, this project is aimed at assessing sustainability of real estate from environmental perspectives, namely green index and walkability.
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INTRODUCTION
The real estate sector is the backbone of national economies, accounting for a considerable share in GDP, jobs, and household assets. It should be acknowledged that the importance of real estate sector cannot be underestimated as it is the basic instrument that leads to GDP generation and provision of employment and household wealth. On the other hand, being among the most volatile industries, property sector is dependent on numerous factors, making prediction of its future development rather problematic. Nowadays, the growing importance of sustainable issues complicates the prediction process due to additional necessity to consider environmental characteristics when making the investment forecast. Besides, modern technology provides opportunities for addressing the challenge using AI algorithms.
Background of the Problem
Complexity and unpredictability of real estate markets can be attributed to a number of different factors such as volatility of interest rates, economic situation, political climate and regulation, etc. In particular, traditional techniques such as hedonic pricing model and ARIMA cannot address relationships between variables and are associated with high degree of assumptions. Furthermore, environmental parameters such as risks related to climate changes, energy efficiency, and sustainability measures are becoming increasingly important. The real estate assets with poor environmental sustainability level would reduce their value, whereas environmentally-friendly properties would be more valuable. Currently, there are no models, considering environmental parameters in predictions.
Significance of the Study
From economic perspective, the research will contribute to improvement in precision of forecasts, which will make the prediction process easier. At the same time, due to growing importance of sustainability in real estate business, the study will also have environmental implications. Finally, it will enable investors to decrease risks associated with decision-making process, improve sustainability of properties and stimulate their environmentally-friendly development.
Research Gap and Contribution
Currently, there is much research on applications of AI in real estate markets. However, all of them relate to economic issues and operations with real estate. Moreover, majority of studies are characterized by absence of applicability for large-scale databases.
Objective
The main objective of the study is the development of an intelligent system that will be able to predict the trends in the real estate market using sustainability-related aspects. The approach is expected to help the decision-makers make informed decisions while considering both the economic and environmental aspects. Using the machine learning models like XGBoost, the prediction performance can be improved to increase investments.
RELATED WORK
The issue of price prediction in the residential property market has remained topical throughout all times. Econometric tools such as Hedonic Pricing Model (HPM) and Auto-Regressive Integrated Moving Average (ARIMA) are commonly used in the prediction. They prove to be effective to a certain degree but their linear approach cannot fully account for the non-linearity that results from the noise data or its lack of volume.
The rise of big data analysis opened up additional opportunities for price prediction. Among the supervised machine learning approaches, which are able to deliver more accurate predictions, there are neural networks and decision trees. Compared to econometric models, the mentioned above algorithms are more likely to detect more market regularities and features. There is one thing, however, that needs to be noted about machine learning. Namely, the issue of sustainable development-related variables’ inclusion in price prediction models has hardly been addressed at all.
This research aims to develop an algorithm for housing market dynamics prediction that would account for sustainable development considerations with the use of artificial intelligence methods.
METHODOLOGY
This research adopts a systematic, multi-step methodology in building an AI-based predictive analytics system for the real estate market. Methodology includes data collection, preprocessing, feature engineering, model training, evaluation, and deployment in order to assure solidity, scalability, and pragmatism in real-world applications.
System Overview
Conceptualized platform is an intersection of machine learning structures and sustainability metrics to be able to forecast real estate market trends and discover investment locations. Four components comprise the system framework:
· Data Collection Pipelines: Retrieves data from various sources such as real estate listings, official documents, and environmental reports.
· Preprocessing and Transformation Layers: Cleans and reorganizes data to be able to maintain consistency and high quality.
· Machine Learning Model Training Modules: Trains the prediction models with evolving algorithms to identify complex patterns.
· Visualization Dashboard: Generates an interactive dashboard for the stakeholders to visualize the insights and predictions. 
The system can scale to learn continuously from emerging market insights and adjust to suit change with evolving trends. [image: ]
Data Collection
A strong dataset can be compiled through the acquisition of data from different open and closed data sources:
· Public Databases and Data Sources: Census data, economic data, zoning data, land value data, and environmental data are obtained from public data platforms such as data.gov.in, smart cities datasets, and municipal corporation databases.
· Open Real Estate Data: Publicly available and research-oriented property data including previous prices of houses, attributes related to real estate property, and geographic information are obtained to train models and validate results. To mitigate dependency on potentially unstable external sources, data acquisition is prioritized from government-backed open portals (data.gov.in, state revenue boards) and open geographic standards (OSM, GADM), with version-stamped snapshots retained locally to ensure reproducibility and reduce the risk of access interruption or data inconsistency.
· Market Sentiment and Trend Reports: Real estate consultancies and research organizations periodically issue reports on trends and sentiments regarding the property market, and these are taken into account as auxiliary context.
· Energy and Environmental Datasets: Datasets related to energy consumption, pollution indexes, climate risks, and presence of green spaces are compiled using open environmental resources to conduct sustainability assessment.
· Geographic Information Data: Data related to geographic coordinates, neighborhood locations, and distances from key infrastructure such as schools and hospitals are obtained from open geographic data sources like OSM and GADM.
Data spans different scales ranging from neighborhood to property to city to regional.
Data Preprocessing
A good preprocessing pipeline needs to be developed so that data quality can be assured and the predictability of machine learning models is improved. Raw data collected from property websites and infrastructure indices suffer from inconsistencies, missing values, and non-standard formats. For removing such inconsistencies, the following preprocessing steps were carried out:
· Data Cleaning: Initial processing involved deletion of duplicate records, cleaning inconsistent data, and unit normalization of all features. Invalid or corrupted data were removed based on domain-specific thresholds.
· Handling Missing Data: Missing data were handled based on feature type and form. Numerical features were handled using mean or median imputation. Categorical features were replaced with mode values. Regression-imputation techniques and K-Nearest Neighbors (KNN) procedures were employed in the case of non-random or involved missingness to reduce pattern distortion.
· Normalization and Scaling: Min-Max normalization was applied in neural network models to scale features into [0, 1] ranges. Z-score standardization (zero mean and unit variance) was applied in feature distribution-sensitive models such as Support Vector Regression and Principal Component Analysis.
· Categorical Encoding: One-hot encoding was used for nominal categories. Label encoding was used where categories possessed implicit order. Ordinal encoding was used in cases such as BHK count or construction quality.
· Outlier Detection and Treatment: Outliers were detected with both z-score and interquartile range (IQR) methods. Based on domain knowledge, some egregious values were kept if plausible in context, and others were truncated or removed to minimize skew.
· Feature Engineering: Derived features include price per square foot, walkability index, green index through satellite observations or map-based vegetation density data, and accessibility indicators approximated from geospatial information.
Model Selection
The objective of the system is to forecast the range of residential real estate price based on user input and contextual features. Due to the tabular form of information and the presence of non-linear relationships between features and price, an extensive number of supervised regression models were evaluated. The choice of models was guided by predictive capability, interpretability, scalability, and robustness to overfitting.
· Baseline Models: Simple linear regression models were first run to create performance baselines. These included Multiple Linear Regression (MLR) as a simple benchmark, and Ridge and Lasso Regression applying L2 and L1 regularization respectively to avoid multicollinearity and overfitting.
· Tree-Based Ensemble Models: Following their proven capabilities on real estate data, ensemble methods were used: Random Forest Regression, XGBoost (Extreme Gradient Boosting), and LightGBM. These models not only enhanced prediction but also offered intrinsic feature importance, enabling inference on contribution of location and infrastructure features.
· Neural Networks: A Multilayer Perceptron (MLP) with ReLU activations and dropout regularization was employed in deep learning experiments. Although neural networks worked well on large datasets, they needed ample tuning and retraining, and were vulnerable to feature scaling and unbalanced data.
· Final Selection: After experimental validation and cross-validation, the final models chosen were Random Forest and XGBoost as they had high accuracy, resistance to outliers and noise, interpretable feature importance, and the ability to model non-linear relationships without extensive preprocessing.
Evaluation Metrics
To measure quantitatively the performance of the regression models, the following benchmark measures were applied:
· Mean Absolute Error (MAE): Average of the absolute difference between predicted and actual prices. Less sensitive to outliers.
· Root Mean Squared Error (RMSE): Penalizes large errors particularly by squaring the residuals. Especially suited where there is huge variation in highly valued properties.
· R-Squared (R² Score): Estimates how much of the target variable’s variance is explained by the input features. A better R² score signifies a well-fitting model.
· F1-Score (for classification components): Utilized to estimate classification-based modules. F1-score balances recall and precision and provides a good measure for imbalanced data conditions.
Data Analysis and Evaluation
· Exploratory Data Analysis (EDA): A thorough EDA was done to realize the trends, distributions, and associations of the dataset. The price distribution was right-skewed with more middle-category properties. Price per square foot showed high variability between cities and neighborhoods, confirming geolocation as a reliable predictor. BHK and area had high positive correlation. Properties near primary infrastructure such as schools, hospitals, malls, and metro stations consistently fetched higher prices.
· Model Evaluation Results: XGBoost performed best on all metrics, especially in dense urban data where feature interactions are more complex. Random Forest also performed similarly and was easier to interpret. Linear models were not as effective as they cannot capture non-linear patterns in real estate data.
Tools and Technologies Used
The deployment process involved using both high-level programming packages and processing engines to ensure consistency, efficiency, and scalability. The technologies and tools leveraged throughout the development process are listed below:
· Python: Chosen as the core programming language due to its extensive library support and simplicity.
· Pandas and NumPy: Used for handling data preparation, cleaning, and preprocessing.
· Machine Learning Libraries: scikit-learn for general-purpose machine learning algorithms; XGBoost and LightGBM for efficient gradient boosting; TensorFlow and Keras for deep learning experiments.
· Data Visualization Tools: Matplotlib and Seaborn used for exploratory data analysis and visualization.
· Interactive Data Visualization Packages: Plotly and Leaflet.js for constructing interactive dashboards and property search interfaces based on maps.
· Geographical Information System (GIS) Packages: OpenStreetMap (OSM) and GeoPandas used for geolocation processing and distance calculation to compute proximity-based features, including proximity to educational institutions, healthcare facilities, and transportation hubs, without relying on proprietary mapping APIs.
· Government Datasets: data.gov.in and Smart Cities Mission open datasets used for obtaining property information, benchmarking land valuations, and infrastructure information, eliminating the need for third-party commercial services.
Conclusion
Here in this paper, we have suggested a holistic approach that can help to forecast the price of real estate by making a model to correlate end-user requirements with spatial and infrastructural data. In this study, we use OSM data as well as publicly available information regarding land registry data provided by the authorities, along with using advanced machine learning techniques like XGBoost and Random Forest, which can enable us to understand the intrinsic characteristics of the home and locational factors all at once.
RESULTS
This section presents the results of the machine learning model on real estate data. Explanation falls under model performance, insights on key variables, inclusion of sustainability factors, and comparison of the current study with previous work.
Performance Analysis
High-performing models were tested on a unique test set. As shown in Table I, the highest prediction rate was achieved by XGBoost and it surpassed other ensemble and simple regression models.
TABLE 1. Performance Comparison of Predictive Models
	Model
	RMSE
	MAE
	R² Score

	Random Forest
	475.2
	342.8
	0.89

	XGBoost
	458.3
	329.7
	0.91

	Linear Regression
	715.4
	522.1
	0.76

	SVR
	643.6
	487.2
	0.79


XGBoost and Random Forest both performed well under cross-validation, with the ensemble models showing consistency on various urban datasets compared to linear baselines.
Location-Based Price Trend Analysis
Fig. 2 is a scatter plot of house price vs. time (2000–2024) for location type—Urban, Suburban, and Rural. House price in USD is on the y-axis, and year of transaction/construction on the x-axis. [image: ]
· Urban vs. Price: Urban properties always exhibit highest price movement over the years with sharp upsurge post-2018. This indicates higher demand, improved infrastructure, and limited space in urban areas.
· Suburban vs. Price: Suburban prices indicate consistent increase with a definitive deviation after 2015, indicating city-driven pressure of growth.
· Rural vs. Price: Rural home prices are lowest and least volatile, with little or no year-to-year volatility.
Sustainability Metrics and Property Classification
Apart from price prediction, properties were classified based on sustainability scores. Table II shows the distribution:
TABLE 2. Sustainability Classification of Properties
	Sustainability Category
	Percentage of Properties

	High
	25%

	Medium
	50%

	Low
	25%


The classification helps stakeholders prioritize investments based on environmental considerations, promoting sustainable urban development.
Comparison with Existing Work
Our model significantly advances previous research by incorporating sustainability features like energy ratings, carbon footprint, and green certifications, often neglected in traditional models. Earlier studies focused primarily on historical sales data without considering eco-friendly factors. Our approach improved the R² score by approximately 7%, highlighting the predictive value added by integrating sustainability metrics. This result suggests that environmental attributes increasingly influence market valuation. [image: ]
Conclusion
This paper suggests an AI-driven forecasting model of the real estate sector based on economic and environmental inputs. The model has improved prediction results based on neural networks compared to plain machine learning models. The solution allows for the prediction of prices of properties by location, size, budget, and infrastructure proximity, as well as classifying the properties based on their sustainability category. This two-way application renders the tool an all-around platform for well-educated property buying and leasing decisions. In addition to economic prediction, the model encourages green behavior and sustainable wealth generation, positioning property investment in line with the general environmental objective.
CONCLUSION AND FUTURE WORK
Conclusion
This paper presents an intelligent, location-based real estate price prediction system for the real estate market. Using user-provided parameters such as location, area, budget, and BHK specifications, combined with curated external inputs such as open property datasets and proximity to infrastructure derived from OpenStreetMap, the system delivers high-quality, data-driven price predictions. We experimented with and cross-compared different machine learning algorithms and found ensemble techniques like XGBoost and Random Forest to be most suitable for identifying complex, non-linear patterns in real estate data. Incorporating geospatial and contextual information enhanced prediction accuracy significantly, confirming the importance of location and amenity proximity in housing valuation. The proposed solution not only enables more informed decisions for prospective homebuyers but also offers a future-proofing platform for smart real estate applications in both consumer and institutional investment contexts.
Limitations
However, the model suffers from several drawbacks as follows:
· Dataset Availability and Quality: Dataset availability is an issue because it is not possible to find reliable information about tier-2 and tier-3 cities. Though government-provided datasets are trusted, they may be outdated or unrelated to current market dynamics or micro-level price assessment. To partially address this, supplementary data from the National Sample Survey Office (NSSO), Pradhan Mantri Awas Yojana (PMAY) housing records, and district-level land registration portals has been incorporated where available, improving coverage in select semi-urban districts. Full parity with urban dataset quality remains a limitation.
· Recency of Data: Without access to real-time data, the model relies on periodic training based on static datasets, which implies delays due to rapid changes such as policy-induced price adjustments or sudden spikes in demand. As a practical mitigation, a scheduled batch-update pipeline using Apache Airflow is planned to pull refreshed data from government portals on a monthly cadence, reducing the staleness window. Proprietary real-time feeds from commercial platforms remain outside the current scope.
· Scalability: Deep learning models such as the MLP are demanding and expensive in terms of resources; however, it should be noted that the final deployed models are XGBoost and Random Forest, which are significantly lighter and do not require GPU acceleration for inference. These models have been exported in ONNX format to enable efficient, low-latency serving via ONNX Runtime on serverless cloud infrastructure (e.g., AWS Lambda or Google Cloud Run), reducing both cost and resource requirements for nationwide deployment. MLP-based deep learning components are retained only for experimental benchmarking and are not part of the production pipeline.
· Limited Generalizability: Although the model works well with urban data, its ability to generalize to rural and semi-urban areas, whose prices depend on local features that cannot be captured in existing open datasets, may be constrained. To improve generalization, location-specific interaction features (such as distance-weighted infrastructure scores and administrative tier classification) have been incorporated as additional predictors, enabling the model to partially differentiate pricing dynamics between urban, semi-urban, and rural contexts even when raw price data is sparse.
· Real-Time Prediction System and User Interface: At present, a real-time inference system and user interface for the model do not exist in the context of this project.
· Ethical Issues: The implementation of AI for price prediction involves the ethical concerns of automating inequality and ensuring that AI algorithms can be explained to users.
Future Work
The research paves the way for building an advanced intelligent and scalable forecasting system for real estate investments. In future work, the following improvements can be made to overcome existing limitations and enhance the functionality of the proposed system:
· Increased Dataset Availability: Cooperation with local authorities in order to obtain more recent datasets would allow extending the coverage and improve generalization performance in various real estate environments. Specifically, outreach to district collector offices for sub-registrar stamp duty records, and integration of the PMAY and Smart Cities Mission housing databases, are identified as concrete near-term steps to expand rural and semi-urban coverage without reliance on commercial data vendors.
· Automated Data Pipeline: Creating an automated pipeline for periodic updates of data from publicly available government resources and satellite imagery datasets will increase the relevance of the data and ensure predictions are consistent with recent market dynamics.
· Live Environmental Parameters: Adding information about current values of various environmental parameters (such as air quality index, pollution level, noise index, and satellite green coverage) would further enhance the sustainability scoring module and increase overall quality of recommendations.
· Explainability: Utilizing explainability methods like SHAP or LIME for better transparency of results for users and stakeholders of all backgrounds.
· Deployment: The final XGBoost and Random Forest models have been exported in ONNX format and are structured for deployment via ONNX Runtime on a serverless cloud platform (AWS Lambda or Google Cloud Run). This approach eliminates the need for GPU hardware, reduces per-inference cost to near-zero at low traffic volumes, and enables horizontal scaling on demand. A containerized Docker image with a REST API endpoint (Flask/FastAPI) is planned as the next immediate engineering step, estimated at 1–2 weeks of implementation effort.
· User-Friendly UI: Creating a user-friendly web and mobile application interface with visual inputs and filtering capabilities to increase availability and accessibility.
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House Price Trends by Year and Location Type
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