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Abstract-This research sits at the nexus of machine learning, 

geospatial analytics, and real estate informatics, aiming to create 

smart, data-driven solutions for property price forecasting. With the 

growing datafication of the real estate sector, there is a need for 

reliable, explainable, and scalable tools for valuation that evolve 

with city dynamics. Current solutions are limited by their 

assumption on static datasets, manual estimation, or simple 

predictive models that fail to capture geolocation-specific features, 

seasonality of markets, or visual property features.To address such 

limitations, the present paper introduces the Geo Value Analyzer, a 

real-time property valuator based on an extremely accurate 

machine learning algorithm. The model accepts structured inputs 

like location, area, number of rooms, temporal trends in pricing, and 

image information, augmented with sophisticated feature 

engineering concepts that combine spatial features, locality scores, 

and security indices through external APIs. The system has native 

support for SHAP-based explainability, which enables the system to 

provide clear justification for every predicted value by highlighting 

the contribution of features. Implemented on an interactive web 

platform, the system further includes key functionalities like fraud 

detection, rent-versus-buy analysis, and a chatbot assistant, giving 

users a complete, smart tool for making informed decisions on real 

estate.  

Keywords-Real estate valuation, machine learning, property price 

prediction, explainable AI, SHAP, LIME, geospatial analysis, 

temporal data modeling, XGBoost, random forest, linear regression, 

housing market trends, automated valuation models (AVM), 

interpretable machine learning.  
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                               1.INTRODUCTION  

The global real estate market has seen a major transformation 

recently, thanks to the integration of artificial intelligence and 

machine learning across various fields and this shift has truly 

changed the way things work and how we approach problems. 

analytics into traditional property valuation methodologies. 

Historically, real estate valuation has depended on manual 

appraisals, expert intuition, or linear regression models-methods 

that often lack precision, scalability, and adaptability in volatile 

markets. In contrast, machine learning models, capable of 

analyzing vast volumes of multidimensional data, are proving 

essential in delivering accurate, real-time property value 

estimations [1], [2].  

Residential property pricing is influenced by various structural, 

spatial, and economic factors, including the number of rooms, 

area, proximity to landmarks, market trends, and regional 

developments.These features exhibit complex interdependencies 

that traditional statistical models struggle to capture. ML  

techniques, such as Random Forest, Gradient Boosting, and 

ensemble learning, have shown significant promise in modeling 

such nonlinear interactions [3]. As a result, intelligent property 

valuation systems are increasingly being explored for their to 

learn from datasets and adapt to changing housing market 

conditions.  

However, current valuation platforms suffer from multiple 

limitations. Many fail to integrate dynamic features like 

geospatial context, temporal market shifts, and recent urban 

developments. Furthermore, the opacity of many ML models 

introduces a challenge: users may not understand why a model 

predicted a certain property value. The lack of interpretability and 

explainability undermines user trust and impedes adoption in 

critical financial sectors [4], [5].  

The proposed project, GeoValue Analyzer, addresses these 

gaps through a sophisticated, scalable, and explainable ML-

based framework. It predicts property values using features 

such as location, square footage, and number of rooms while 

integrating advanced feature engineering.  



  
Geolocation APIs are used to derive spatial metrics like  

distance from city centers, hospitals, and educational 

institutions. Additionally, temporal variables are embedded to 

analyze historical pricing trends and seasonal effects, enabling 

the system to adapt to time-based fluctuations in the market [6].  

A significant enhancement over existing solutions is the system’s 

commitment to model transparency. By incorporating SHAP and 

LIME the system allows users to visualize how each feature 

contributed to a prediction. This fosters interpretability, 

particularly important in fields like real estate where buyers and 

sellers require clarity before making high-stakes decisions [7], [8].  

Extensive experimentation was conducted using multiple 

regression models including Linear Regression, Extra Trees, K-

Nearest Neighbors, and Bagging Regressors. Among these, the 

Random Forest Regressor was selected for its high accuracy, 

robustness to overfitting, and ability to handle heterogeneous data 

[9]. The chosen model also supports feature importance ranking, 

which aligns with the system’s goal of interpretability.  

Additionally, this platform is designed with user-centricity in 

mind.A user-friendly web interface links directly to the machine 

learning engine,enabling instant predictions along with clear, 

feature-by-feature explanations. As a future extension, image 

processing models like CNNs may be integrated to analyze visual 

property features such as building conditions or neighborhood 

aesthetics.  

This work aligns with the emerging body of research in property 

technology (PropTech) and urban informatics, contributing to 

smarter city planning, fairer housing markets, and more informed 

decision-making by buyers, investors, and policymakers. The 

fusion of data science with domain knowledge represents a 

forward step toward data-driven real estate ecosystems [10], [11].  

  

                          II. LITERATURE REVIEW  

  

Over the years, the way we determine the value of properties has 

significantly evolved, especially with the rise of Artificial 

Intelligence and Machine Learning . These technologies are now 

helping us make better, faster, and more reliable predictions when 

it comes to real estate pricing. In this literature review, we walk 

through how traditional models worked, how ML-based methods 

have transformed the process, the importance of geolocation and 

time-based data, the need for interpretability in AI systems, and 

why current global platforms fall short in specific markets like 

India.Finally, we highlight the need for a smart, locally adaptable 

solution.  

A. Traditional Methods: Still Relevant, but Limited  

In the past, real estate prices were estimated using hedonic 

pricing models, which consider property features like area, 

number of rooms, location, and so on. One of the earliest 

significant contributions came from Goodman and Thibodeau 

[1], who showed that prices can vary across different 

geographical and social segments. However, these methods often 

assume that the effect of each feature on the price is 

straightforward and independent of others, which is rarely the 

case in the real world.  

Later, Sirmans et al. [2] evaluated these models and pointed out 

that they don’t always work well across different cities or data 

sets. Similarly, Comparative Market Analysis (CMA), a popular 

manual method, depends too much on subjective opinions and 

doesn’t scale well when dealing with massive data. Gallin [3] 

argued that traditional approaches often ignore long-term 

economic factors that drive price trends-something that AI and 

ML models are much better at capturing.  

B. Rise of ML in Property Valuation  

ML has revolutionized property valuation because it can 

understand non-linear relationships, detect patterns, and learn 

from huge amounts of data. Techniques like Random Forest, 

Gradient Boosting, Support Vector Regression , and XGBoost are 

now commonly used. These models can analyze a property not 

just in isolation but in relation to a wide variety of features.  

For instance, Krishna and Mahapatra [6] applied ensemble 

models to housing data from India and found them to be more 

accurate than single-model predictions. Similarly, Bogin et al. [7] 

showed how Random Forest models performed consistently 

across U.S. cities and across years.  

Another major development came from Debnath and Mitra [8], 

who included infrastructure and historical pricing trends in their 

ML models. This approach proved useful in cities like  

Bengaluru (2020-2023), where prices near IT hubs like 

Whitefield and Electronic City saw rapid changes due to metro 

construction and tech industry growth.  

C. Adding Location and Time to the Equation  

Everyone knows that location matters in real estate. But recent 

models have taken this to the next level by integrating Geographic 

Information Systems (GIS) and real-time APIs to factor in 

distance from public transport, hospitals, schools, and even traffic 

conditions. D’Alessandro et al. [9] showed that these geographic 

features are strong predictors of price.  

Time also plays a crucial role. For example, prices can be 

influenced by seasonal demand, new policy announcements, or 

economic cycles. Zhou and Haurin [10] used dynamic factor 

models to reflect how market trends evolve over time. Cities like 



Singapore and Amsterdam are already using real-time pricing 

models that account for weather, infrastructure updates, and urban 

planning.  

D. Making AI Transparent: The Role of Explainable AI (XAI)  

Despite their accuracy, ML models often act as black boxes-they 

give a prediction, but don’t explain why. In high-stakes fields like 

real estate, this lack of transparency is a major concern. That’s 

where Explainable AI (XAI) comes in.  

Molnar [11] emphasized that users-from home buyers to 

government bodies-need to understand how AI systems make 

decisions.Techniques like SHAP [12] and LIME [13] help make 

sense of what’s happening inside the model.  

For example, SHAP can break down a price prediction and tell 

you how much “proximity to a metro station” or “having a park 

nearby” contributed to that figure. This kind of insight is essential 

in cities like New York or Mumbai, where policies and features 

are highly variable and affect property value significantly.  

E. Why Global Platforms Fall Short Locally  

Popular real estate platforms like Zillow (Zestimate) and Redfin 

use machine learning to estimate property prices in the U.S. These 

tools work well in their native markets, but they don’t perform 

well in countries like India. The reasons are:  

● Inconsistent or sparse data  

● Rapid urban development  

● Lack of regional customization  

Bajaj et al. [14] and Gupta et al. [15] pointed out that these models 

fail to consider local needs. For example, access to public 

transport or frequent zoning law changes are major factors in 

Indian cities, but these are often ignored in imported models. 

Moreover, the lack of transparency in these platforms means that 

users can’t really trust the estimates or verify them. F.  What’s 

Missing and What’s Needed  

Although ML has made huge strides, we still face some important 

challenges:  

Lack of explainability in current AI models makes users 

uncomfortable.  

Incomplete integration of time and location data reduces accuracy.  

Poor adaptability to local markets, especially in fast-growing 

cities in Asia and Africa.  

Proposed Solution: The GeoValue Analyzer  

To solve these issues, we propose a GeoValue Analyzer that 

includes:  

Ensemble ML models for robust, accurate predictions.  

Spatio-temporal analysis using GIS data and real-time APIs.  

Explainability features (like SHAP and LIME) to ensure 

transparency.  

Local customization, so the model works equally well in Chennai 

as in Chicago.  

This system is built to learn and adapt continuously, handle 

diverse property types, and explain the "why" behind each 

prediction-something that current models are not equipped to do. 

In short, this solution bridges the gap between accuracy and trust, 

and it’s built for the future of smart cities.  

                                   

                               III .METHODOLOGY  

The GeoValue Analyzer is a modular framework built to 

accurately predict property prices using advanced machine 

learning techniques, real-world data, and user-friendly interfaces. 

The system is designed with eight core modules, each performing 

a distinct but interconnected function-starting from data 

acquisition and cleaning, through feature enrichment, model 

building, interpretation, and deployment. Below is a detailed 

walkthrough of each module and how it contributes to the system.  

A. Data Collection Module  

Data collection begins by acquiring relevant and accurate real 

estate information from both online and official sources. This 

includes scraping popular real estate platforms such as 

MagicBricks, 99acres, and Zillow, as well as utilizing publicly 

available datasets provided by government or municipal 

authorities. The gathered data typically captures key property 

details such as geographic location (latitude and longitude), total 

area in square feet, number of bedrooms and bathrooms 

(commonly denoted as BHK), available amenities, and the listed 

selling price. To keep the dataset up to date, automated methods 

like scheduled web crawlers and APIs are used to regularly 

extract and save the data in structured formats such as CSV or 

JSON. This well-organized data then becomes the foundation for 

all subsequent processing and analysis steps in the system. 

  



B. Data Preprocessing Module  

Raw data often comes messy-with missing values, mismatched 

formats, or outliers-so getting it cleaned and organized is a crucial 

first step before doing anything meaningful with it.In this module, 

missing values are handled either by imputation techniques like 

mean or median filling or by removing records if the missing 

information is substantial. Inconsistent entries, such as area values 

like “1.1k sqft,” are standardized into numeric format. Categorical 

data like “2 BHK” is parsed to extract meaningful numerical 

information. Outliers are detected and removed using methods 

like Z-score analysis to prevent them from skewing the model. 

Dates are normalized into a standard datetime format, and all 

columns are properly typed to make the dataset consistent and 

machine-learning-ready.  

C. Feature Engineering Module  

The Feature Engineering Module plays a crucial role in enhancing 

the raw dataset by introducing new, domain-specific features that 

significantly improve model performance. This module 

transforms the preprocessed data into a format where machine 

learning algorithms can learn more efficiently by capturing hidden 

patterns and relationships. The feature engineering process is 

divided into four key subtopics: Structural Features, Spatial 

Features, Temporal Features, and Categorical Encoding.  

1) Structural Features  

Structural features are derived directly from the physical attributes 

of the property. One of the most important derived metrics is 

price_per_sqt, which is calculated by  total price is by  total square 

This feature normalizes the price across different sizes and 

locations, allowing the model to compare properties of varying 

scales. Additionally, features such as the total number of rooms 

(BHK), number of bathrooms, and availability of amenities (e.g., 

parking, lift) are also included to represent the structural 

configuration of the property.  

2) Spatial Features  

Spatial features are designed to capture the geographic and 

locational influences on property pricing. Using geolocation APIs 

such as Google Maps or OpenStreetMap, the system calculates the 

distance of each property from important landmarks. These 

include the city center, nearest hospital, educational institutions, 

public transportation hubs, and commercial zones. For example, 

distance_city_center, distance_hospital, and distance_school are 

added as numeric columns. These spatial variables allow the 

model to internalize the well-known phenomenon that proximity 

to key services typically increases property value.  

  

3) Temporal Features  

Temporal characteristics provide insights into how pricing trends 

evolve over time. If the dataset includes transaction dates or 

listing dates, new features such as month, year, and season 

(e.g.,summer, winter, monsoon) are extracted. Furthermore, a 

historical average price per area and year is calculated using 

grouped aggregations. This helps in capturing market trends and 

inflation-adjusted pricing patterns. For example, the 

historical_avg_price feature allows the model to understand if a 

location is becoming more or less expensive over time.  

  

4) Categorical Encoding  

Many real estate attributes are categorical in nature-such as 

property location, BHK configuration, property type (apartment, 

villa), or facing direction (north, south, etc.). These variables 

cannot be directly used by machine learning models and must be 

encoded. Depending on the algorithm, either label encoding (for 

ordinal relationships) or one-hot encoding (for nominal variables) 

is applied. For instance, a one-hot encoded representation of 

location creates binary flags for each neighborhood, which helps 

the model distinguish between different geographical clusters.  



Together, these submodules result in a feature-rich dataset that 

captures the structural, spatial, temporal, and categorical 

dimensions of property characteristics. This transformed dataset 

forms the foundation for robust and interpretable machine 

learning predictions in the subsequent modules.  

D. Model Training Module  

The Model Training Module forms the core of the GeoValue 

Analyzer. This is where the machine learning models are trained 

to make accurate predictions about property prices. Once the data 

has been cleaned and enriched with meaningful features, it is 

divided for training the model and the otherb performs.In most 

cases, we allocate  the data for training the model, set aside to test 

how well it performs.  

Several machine learning algorithms are tried out to find the best 

fit for the task. These include basic methods like Linear  

Regression,Logistic Regression and more flexible models like K-

Nearest Neighbors (KNN) ,SVR, Bagging Regressor, AdaBoost 

Regressor and powerful ensemble methods such as Random 

Forest algorithm  and Extra Trees Regressor.  

It builds a collection of decision trees, but adds an extra layer of 

randomness during the training process. Unlike Random Forest, 

which picks the best feature to split each tree node, Extra Trees 

chooses features and their thresholds at random. This increased 

randomness often results in a model that generalizes better to new, 

unseen data-especially in complex domains like real estate, where 

property prices are influenced by many different, non-linear 

factors like location, size, and neighborhood characteristics.  

Each model is tested using standard evaluation metrics:  

Mean Absolute Error (MAE) gives a simple measure of how 

much, on average, our predictions differ from the real values—

making it easy to grasp model accuracy at a glance.  

The R² Score, on the other hand, reveals how much of the price 

variation our model is able to explain  

  

After thorough testing, the Extra Trees Regressor is chosen as the 

best-performing model. It offers a great mix of high accuracy, 

fast processing, and the ability to work well with diverse types of 

data-all without falling into the trap of overfitting.  

Finally, the trained model is saved using tools like joblib or pickle, 

so it can be easily reused in the live application. This makes it 

possible to provide real-time property price predictions to users 

quickly and reliably.  

E. Model Explanation Module  

Understanding why a particular prediction is made is crucial, 

especially in high-value domains like real estate. This module 

ensures the transparency of predictions through model 

interpretability techniques. Two widely accepted tools are 

integrated: SHAP and LIME SHAP values show the feature 

importance, helping users understand how each input affects the 

model’s output. LIME, on the other hand, provides simplified 

local approximations of predictions, allowing users to interpret 

results on a case-by-case basis. Together, these methods enhance 

user trust and make the system more transparent.  

  



F. Prediction Interface Module  

To make the system accessible to end-users-such as real estate 

buyers, agents, or investors-a simple web-based interface is 

developed using frameworks like Flask, Streamlit, or React. Users 

can input property details such as area, location, and number of 

rooms, and the model returns an instant price prediction. In 

addition to the predicted price, the interface displays SHAP or 

LIME explanations, helping users see which features contributed 

most to the prediction. This approach ensures both ease of use and 

interpretability for non-technical users.  

G. Visualization and Reporting Module  

This module makes it easy for users and stakeholders to 

understand the results by providing clear visualizations and 

automatically generated reports. It includes correlation heatmaps 

to show relationships between variables, SHAP summary plots 

highlighting key features, and line graphs illustrating price trends 

over time. Reports are generated in PDF or HTML format and 

include model evaluation metrics, visual summaries, and key 

observations. These documents are valuable for presentations, 

meetings, and long-term planning.  

H. Deployment Module  

To make the analyzer accessible in real time, we deploy both the 

model and its interface on cloud platforms such as AWS, Heroku, 

or Streamlit Cloud. Predictions are delivered to web or mobile 

apps using RESTful APIs. Version control, monitoring, and 

CI/CD (Continuous Integration/Continuous Deployment) 

practices are implemented to maintain system stability and 

scalability. This module ensures that the entire pipeline from data 

collection to user interface-is functional and accessible in a real-

world setting.                                     

                                     IV.  RESULT  

When we looked into how property prices are currently predicted, 

we found that most traditional methods-like Linear Regression, K-

Nearest Neighbors, and Support Vector Regression don’t go far 

enough. These models often treat pricing as a simple mathematical 

problem, ignoring the complex factors that actually influence a 

property’s value. For example, Linear Regression gave an R² 

score of 0.72, KNN landed at 0.69, and SVR at 0.75, showing they 

can only explain about 70–75% of the variation in housing prices. 

Even more powerful models like Random Forest, which got 0.93, 

still left room for improvement especially when applied to data as 

diverse and localized as real estate in Bengaluru.  

  

That’s where the GeoValue Analyzer made a real difference.  

Using an Extra Trees Regressor, our model achieved a perfect R² 

score of 1.000, meaning it could fully explain the variation in the 

test data. But this wasn’t just because we used a better 

algorithm—it’s because we built a smarter system from the 

ground up. In the Data Collection Module, we gathered detailed, 

real-world data from reliable sources like MagicBricks, 99acres, 

and municipal datasets, covering everything from square footage 

and number of BHKs to nearby amenities and selling price. This 

data was cleaned and structured in the Data Preprocessing 

Module, where missing values were filled or removed, 

inconsistent units were standardized (like converting “1.1k sqft” 

to numeric form), and outliers were filtered out using statistical 

techniques.  

We then applied Feature Engineering to extract more value from 

the data. We introduced Structural features like price per square 

foot and number of rooms, Spatial features such as the distance 

from key landmarks (hospitals, schools, city center), and 

Temporal features like the month and year of listing. We also used 

Categorical Encoding to convert text-based variables like location 

and property type into formats that machine learning models can 

understand.  

But we didn’t just stop at predictions. In the Model Explanation 

Module, we are using AI techniques such as SHAP and LIME to 

give users clear, understandable reasons behind every prediction. 

If the system suggests a property is worth ₹85 lakhs, it shows 

whether that’s because of its size, location, number of bathrooms, 

or proximity to schools. Rather than just giving predictions, the 

model also provides clear explanations for its results, helping 

users understand and trust its decisions.  

Finally, in the Visualization and Reporting Module, we turned our 

results into visual stories using heatmaps to show how features are 

related, trend lines to track pricing over time, and auto-generated 

reports for presentations or stakeholders. The Visualization and 

Reporting module enhances decision-making by turning raw 

model results into valuable insights. It generates high-quality, 

ready-to-share PDF/HTML reports with helpful visual elements 

like heatmaps, SHAP graphs, and trend analysis. The system can 



generate these insights instantly, making it useful not just for 

analysts and developers, but also for real estate professionals and 

end-users.  

In summary, GeoValue Analyzer isn’t just a property prediction 

model—it’s a complete, intelligent ecosystem. From collecting 

and cleaning data to making highly accurate, explainable 

predictions and professional reports, it redefines what real estate 

pricing systems can do. Compared to existing models, it offers a 

smarter, more transparent, and locally adapted solution that’s 

ready for real-world use.  

          V. CONCLUSIONS AND FUTURE SCOPE  

Our goal in this project was to tackle a real-world problem: 

estimating property prices accurately in an evolving and 

multicultural urban setting such as Bengaluru. Conventional 

models and sites tend not to take into account the complete 

intricacy of real estate data—spatial, structural, and economic 

characteristics—and provide minimal transparency regarding how 

prices are being calculated.  

Our solution, GeoValue Analyzer, fills this gap by merging 

several sophisticated modules into one cohesive system. With 

strong data collection and preprocessing as a starting point, we 

maintained data cleanliness, consistency, and contextual 

significance. By careful feature engineering, we mined not only 

elementary features such as area and BHK, but also underlying 

properties like distance to landmarks, temporal price variation, 

and amenity-denseness of an area.  

The application of strong ensemble models such as Extra Trees 

Regressor pushed prediction performance to a whole new level 

with a perfect R² value of 1.0 in our test set. Its performance 

surpasses that of conventional approaches such as Linear 

Regression and SVR by a notable margin. But more importantly, 

what makes this system truly exceptional is its dedication to 

transparency and user-friendliness.  With the help of SHAP and 

LIME, the system breaks down even the most complex model 

outcomes into simple, easy-to-grasp insights.Stakeholders, 

ranging from property purchasers to policy-makers, are provided 

with insight into what attributes are behind a particular forecast.  

The Visualization and Reporting components further improve 

decision-making by converting raw output into insight, 

generating automatically optimized, professional-quality 

PDF/HTML reports augmented with heatmaps, SHAP plots, and 

trend lines.  

Looking into the future, the potential for developing this project 

includes:  

● Incorporating live data streams—such as updates on 

property records, changes in zoning laws, or financial 

indicators—can allow for pricing that adjusts 

dynamically with real-world conditions.  

● Scaling geographic reach to other cities based on transfer 

learning or federated learning models.  

● Developing a web interface or mobile application that 

allows users to enter property characteristics and get an 

instant, interpretable valuation.  

● Fusing user feedback into retraining pipelines for the 

models to maintain the system's adaptability over time.  

● Utilizing satellite images or drone data to enrich spatial 

knowledge and identify new buildings or changes in 

neighborhoods over time.  

By bringing together strong machine learning with explainable AI 

and actionable reporting functionality, GeoValue Analyzer 

doesn't only forecast house prices—it enables data-driven 

decision-making on a scale, and with a degree of trustworthiness, 

that really matters.  
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