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Abstract. Property price prediction is a crucial task in the real estate industry, aiding investors, buyers, 

sellers, and financial institutions in making informed decisions. Traditional statistical methods, while effective 
in certain contexts, often struggle to capture the complex, non-linear relationships between various features 
influencing property prices. In recent years, deep learning has emerged as a powerful alternative due to its 
ability to learn intricate patterns from large datasets. This study explores the application of deep learning 
techniques, particularly neural networks, for predicting property prices with improved accuracy. By leveraging 
structured data such as property attributes (e.g., size, number of bedrooms, location, age of the building) and 
unstructured data including images and text descriptions, the model aims to provide a more comprehensive 

understanding of the factors affecting real estate valuation. The research begins with data preprocessing, 
including handling missing values, normalizing numerical features, encoding categorical variables, and 
extracting relevant features from textual and image data using natural language processing (NLP) and 
convolutional neural networks (CNNs), respectively. A deep neural network (DNN) is then designed and trained 
on the processed dataset to learn the mapping between input features and property prices. The model's 
performance is evaluated using standard metrics such as Mean Absolute Error (MAE), Root Mean Squared 
Error (RMSE), and R-squared (R²) score. Comparative analysis with traditional machine learning models like 
linear regression, decision trees, and random forests demonstrates the superior predictive capabilities of the 

deep learning approach. Furthermore, techniques like dropout regularization and batch normalization are 
implemented to prevent overfitting and enhance generalization. The results indicate that deep learning models, 
particularly when enriched with multi-modal data sources, significantly outperform traditional methods in 
predicting property prices. This research underscores the potential of deep learning to revolutionize property 
valuation by offering more accurate, reliable, and scalable solutions. It also highlights the importance of data 
quality, feature engineering, and model architecture in achieving optimal predictive performance. Future work 
may involve integrating temporal data to model market trends, applying transfer learning for small datasets, 
and developing real-time prediction systems. Overall, this study contributes to the growing body of literature 

on AI in real estate and provides a solid foundation for further exploration and development of intelligent 
property valuation systems using advanced deep learning methodologies. 
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INTRODUCTION 

 
The real estate industry plays a vital role in the global economy, influencing everything from individual 

wealth to national financial stability. Accurate property price prediction is essential for a variety of stakeholders, 

including homeowners, real estate investors, developers, financial institutions, and government agencies. The 

ability to estimate property values with high precision aids in investment decision-making, mortgage underwriting, 

urban planning, and policy formulation. Despite its importance, predicting property prices remains a complex task 

due to the interplay of numerous factors such as location, economic trends, property characteristics, and market 

sentiment. 

Traditionally, property valuation has relied on manual appraisal methods or statistical techniques such as 

hedonic pricing models, linear regression, and time series analysis. While these models have proven useful, they 

often fall short when dealing with large, high-dimensional datasets that exhibit non-linear relationships. 
Furthermore, traditional models typically require domain expertise to design, and their performance can be 

hindered by the presence of noise and irrelevant features in the data. As a result, there is an increasing need for 

more flexible and automated approaches capable of learning patterns directly from data. 

With the rapid advancement of artificial intelligence (AI) and machine learning (ML), especially deep 

learning (DL), the landscape of predictive modeling in real estate has undergone significant transformation. Deep 

learning models, particularly artificial neural networks (ANNs), have shown remarkable success in various 

domains, including computer vision, natural language processing (NLP), and financial forecasting. Their ability 

to model complex, non-linear relationships and extract high-level representations from raw data makes them 

particularly well-suited for property price prediction, where the influencing factors are multifaceted and often 
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interdependent. 

Recent studies have demonstrated that deep learning approaches can outperform traditional machine 

learning models in tasks involving property valuation. These models can be trained on vast amounts of structured 

and unstructured data, such as numerical property attributes (e.g., size, age, number of rooms), categorical 

variables (e.g., property type, neighborhood), textual descriptions, and even images of properties. By integrating 

such diverse data sources, deep learning models can achieve a holistic understanding of the value-driving factors 

in real estate markets. 

The core motivation behind this research is to harness the potential of deep learning to develop a robust, 

scalable, and accurate property price prediction model. Unlike traditional models, which often require extensive 
feature engineering and domain-specific adjustments, deep learning architectures can automatically learn relevant 

features and relationships through training. Moreover, the flexibility of deep learning models allows for the 

incorporation of multimodal data, thereby capturing a more comprehensive representation of each property and 

its context. 

This study focuses on designing and evaluating a deep neural network (DNN) for property price 

prediction using structured and unstructured data. The structured data includes traditional property features such 

as square footage, number of bedrooms and bathrooms, property age, and location coordinates. The unstructured 

data comprises textual property descriptions and property images, which are processed using NLP techniques and 

convolutional neural networks (CNNs), respectively. By combining these data modalities, the model aims to 

enhance predictive accuracy and reflect the nuanced aspects of real estate pricing that are often overlooked in 

conventional models. 
The research process begins with data collection and preprocessing, which involves cleaning the dataset, 

handling missing values, encoding categorical variables, and normalizing numerical features. For textual 

descriptions, techniques such as tokenization, word embeddings (e.g., Word2Vec or BERT), and sentiment 

analysis are applied to extract meaningful insights. For image data, pre-trained CNN models (such as VGG16 or 

ResNet) are used for feature extraction, allowing the model to incorporate visual cues such as property condition, 

design quality, and neighborhood appearance. 

After preprocessing, the various data features are integrated and fed into a deep learning model composed 

of multiple hidden layers. The architecture of the DNN is carefully designed to balance complexity and 

performance, employing techniques such as dropout regularization, batch normalization, and early stopping to 

prevent overfitting. The model is trained on a large dataset of property listings with known sale prices and 

evaluated using standard regression metrics, including Mean Absolute Error (MAE), Root Mean Squared Error 

(RMSE), and R-squared (R²) score. 
To assess the effectiveness of the proposed model, its performance is compared against several baseline 

models, including linear regression, decision trees, random forests, and gradient boosting machines. The 

comparison highlights the advantages of deep learning in capturing complex interactions among features and in 

generalizing across diverse property types and locations. The results indicate that the deep learning model achieves 

superior accuracy and robustness, especially when enhanced with multimodal data inputs. 

This research contributes to the growing body of literature on AI-driven real estate analytics by 

demonstrating how deep learning can be effectively applied to property price prediction. It emphasizes the 

importance of data diversity, model design, and interpretability in building practical predictive systems. Moreover, 

the study provides insights into the challenges and opportunities of implementing deep learning in real-world real 

estate scenarios, such as data availability, computational requirements, and model explainability.  

Future extensions of this work may include incorporating temporal data to account for market dynamics 
and seasonality, leveraging geographic information systems (GIS) for spatial analysis, and developing user-

friendly applications for real-time price estimation. Additionally, explainable AI techniques can be employed to 

enhance transparency and trust in the model's predictions, especially for stakeholders who require interpretable 

insights for decision-making. 

In conclusion, the intersection of deep learning and real estate analytics presents a promising avenue for 

innovation in property valuation. By leveraging the power of neural networks and integrating rich data sources, 

this research seeks to advance the accuracy, reliability, and scalability of property price prediction systems. The 

findings not only validate the effectiveness of deep learning in this domain but also pave the way for future 

developments in intelligent real estate solutions. 

 

 

LITERATURE SURVEY 

 
The prediction of property prices has been a significant focus in real estate analytics, attracting research 

interest from various disciplines including economics, data science, and artificial intelligence. The complexity of 

real estate markets, influenced by diverse factors such as location, physical characteristics, economic conditions, 
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and social trends, makes price prediction a challenging task. Recent advances in machine learning (ML) and deep 

learning (DL) have sparked a surge of research aimed at enhancing prediction accuracy by capturing non-linear 

and complex relationships in data. This section reviews key contributions from recent studies that utilize machine 

learning and deep learning techniques for property price prediction. 

Abidin and Shahrani (2020) conducted a comparative study on house price prediction using various 

traditional machine learning algorithms, including support vector machines (SVM), decision trees, and random 

forests. Their work emphasizes the importance of feature selection and data preprocessing to improve model 

performance. They demonstrated that ensemble methods like random forests tend to outperform single learners 

due to their ability to reduce variance and overfitting. While their study provides a useful benchmark, it primarily 
focuses on structured numerical and categorical data, leaving room for incorporating richer data types. 

Ahmad and Shah (2019) reviewed the application of deep learning techniques to property price prediction, 

highlighting the superiority of deep neural networks (DNNs) over conventional regression models. They noted 

that DNNs can effectively model complex feature interactions without requiring explicit feature engineering, 

which is a major limitation of classical methods. Their review also discusses challenges such as data scarcity and 

model interpretability, urging future research to develop explainable AI approaches to improve trust in deep 

learning models. 

Cao and Xu (2021) explored the integration of property images into price prediction models using 

convolutional neural networks (CNNs). Recognizing that visual features such as property condition, architectural 

style, and neighborhood aesthetics have significant influence on real estate prices, their approach extracts image 

embeddings through pre-trained CNN architectures and fuses them with structured data. Their experimental results 
reveal that models enriched with image data yield improved prediction accuracy compared to models relying 

solely on tabular features, underscoring the importance of multimodal data in real estate valuation. 

Cheng and Wang (2019) proposed a multi-modal deep learning framework that simultaneously processes 

numerical data, textual descriptions, and images. They utilized natural language processing (NLP) techniques to 

convert textual property descriptions into vector representations and CNNs for image feature extraction. The 

combined features were fed into a unified deep neural network, which outperformed single-modality models. Their 

research demonstrated the potential of deep learning to holistically capture the diverse information embedded in 

real estate listings, facilitating more accurate price estimation. 

Deng, Bao, and Kong (2020) further investigated multimodal data fusion by integrating spatial and 

temporal information with property features in a deep learning model. They incorporated geographic information 

system (GIS) data such as proximity to amenities and transport links and temporal trends reflecting market 

seasonality. Their results indicated that including spatial-temporal factors significantly boosts prediction 
performance, reflecting the dynamic nature of real estate markets. This study highlights the importance of 

contextual factors beyond physical property attributes. 

Feng, Chen, and Li (2022) focused on enhancing price prediction by leveraging both textual and visual 

features through advanced deep learning models. They applied transformer-based language models like BERT to 

capture semantic information from detailed property descriptions and employed fine-tuned CNNs to analyze 

property images. The combination of these modalities enabled the model to detect subtle cues that influence buyer 

perception and price, such as renovation quality or neighborhood appeal. Their work illustrates the value of 

cutting-edge NLP and computer vision methods in property price modeling. 

Huang and Wang (2018) performed a comparative study of several machine learning models, including 

linear regression, support vector regression (SVR), and gradient boosting machines (GBM), applied to real estate 

price prediction. They evaluated the models on a dataset of housing transactions and found that GBM achieved 
the best performance among traditional methods. Although their study confirms the efficacy of ensemble learning 

techniques, it stops short of exploring deep learning, which has since become the state-of-the-art in many 

prediction tasks. 

Li, Wang, and Zhang (2020) introduced a long short-term memory (LSTM) neural network with an 

attention mechanism for housing price forecasting. Their model captures temporal dependencies and highlights 

important historical trends that affect future prices. This approach is particularly useful for modeling price 

fluctuations and market cycles. The attention mechanism enables the model to weigh relevant time points more 

heavily, improving forecasting accuracy. Their study marks an important step toward incorporating temporal 

dynamics in real estate price prediction. 

Liu, Wang, and Fu (2019) proposed a hybrid deep learning approach combining CNNs with spatial analysis 

for housing price prediction. They utilized satellite imagery and neighborhood spatial data alongside property 

attributes to capture environmental factors that impact pricing. Their findings emphasize that spatial context, such 
as proximity to green spaces or commercial centers, plays a crucial role in valuation. Integrating spatial features 

into deep learning frameworks offers a promising direction for more context-aware real estate analytics. 

Zhang and Sun (2021) applied deep neural networks on heterogeneous data sources, including structured 

features, text, and images, to predict housing prices. Their model architecture integrates embeddings from multiple 
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data types to produce a unified representation. They also explored model interpretability techniques, such as SHAP 

values, to explain prediction outcomes and increase transparency. This is critical for stakeholder trust and 

regulatory compliance in real estate markets. Their work exemplifies the growing trend toward explainable AI in 

property valuation. 

In summary, the reviewed literature illustrates a clear evolution from traditional statistical and machine 

learning methods to sophisticated deep learning models that incorporate multimodal data. Early studies 

emphasized feature engineering and algorithm selection on structured datasets, while more recent works leverage 

the representational power of CNNs for images, transformer-based models for text, and recurrent networks for 

temporal data. The integration of spatial and temporal contextual information further enriches model inputs, 
reflecting real-world complexities. Moreover, emerging research highlights the importance of explainability and 

interpretability, acknowledging the practical need for transparent AI systems in real estate. 

This body of work establishes a solid foundation for the current study, which aims to develop a deep 

learning-based property price prediction model that effectively fuses structured, textual, and visual data. By 

drawing on advances in multimodal learning, temporal modeling, and spatial analytics, the study seeks to deliver 

more accurate and reliable price estimates that can support diverse stakeholders in the real estate ecosystem. 

 

PROPOSED SYSTEM 
 

he proposed methodology for property price prediction leverages the strengths of deep learning to model 

complex, non-linear relationships inherent in real estate data by integrating structured, textual, and visual 

information into a unified predictive framework. The process begins with comprehensive data collection from 

multiple sources, including property listings databases that provide structured attributes such as size, number of 

bedrooms and bathrooms, property age, location coordinates, and sale prices, alongside unstructured data in the 

form of textual descriptions and property images.  

To prepare the dataset for modeling, rigorous data preprocessing is undertaken, starting with the cleaning 

of raw data to address missing values, inconsistencies, and outliers, thereby ensuring data quality. Numerical 

features are normalized to a common scale using techniques such as Min-Max scaling or standardization, while 

categorical variables like property type and neighborhood are transformed into numerical representations through 

one-hot encoding or embedding layers, facilitating their use in neural networks. For textual data, natural language 
processing (NLP) techniques are employed; initial steps include tokenization, stop-word removal, and 

lemmatization to reduce noise and dimensionality. Subsequently, advanced embedding techniques, such as pre-

trained transformer models like BERT or Word2Vec embeddings, convert text descriptions into dense vector 

representations that capture semantic meaning and contextual relevance, enabling the model to understand 

nuanced information such as property condition, special features, or recent renovations mentioned in the 

descriptions. 

 Meanwhile, visual data preprocessing involves resizing images to standardized dimensions and applying 

data augmentation methods such as rotation, flipping, and brightness adjustment to increase dataset diversity and 

robustness. Convolutional neural networks (CNNs) are then utilized for automated feature extraction from images, 

where pre-trained architectures such as ResNet or VGG16 serve as backbone networks with fine-tuning on the 

property images dataset. These CNNs distill complex visual cues—such as architectural style, curb appeal, and 
neighborhood aesthetics—into high-level feature vectors that complement the structured and textual inputs.  

The core predictive model consists of a multi-branch deep neural network architecture designed to handle 

multimodal inputs. The structured data flows through fully connected dense layers with nonlinear activation 

functions like ReLU, enabling the learning of complex patterns among numerical and categorical features. 

Parallelly, the textual embeddings are fed into a transformer-based or recurrent neural network (RNN) branch—

such as an LSTM or GRU layer—that captures the sequential dependencies and semantic context of the property 

descriptions. The CNN branch processes visual features extracted from images, producing a compact 

representation of visual attributes. 

 These three streams of learned representations—structured feature embeddings, textual context vectors, 

and visual feature maps—are concatenated to form a comprehensive property representation. This fused feature 

vector is passed through additional dense layers with dropout regularization to reduce overfitting and batch 
normalization layers to accelerate convergence and stabilize training. The output layer employs a linear activation 

function to predict the continuous target variable, i.e., the property price. The model is trained using a supervised 

learning approach, where the loss function is defined as Mean Squared Error (MSE) or Mean Absolute Error 

(MAE), both suitable for regression tasks.  

The Adam optimizer is employed for efficient gradient descent optimization with adaptive learning rates, 

and early stopping criteria are applied to prevent overfitting by monitoring validation loss. To evaluate model 

performance and ensure generalizability, the dataset is partitioned into training, validation, and testing subsets 

using stratified sampling to maintain representative distributions of key features such as location and property 
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types. Performance metrics including Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and R-

squared (R²) are computed to quantify prediction accuracy and model fit. Comparative experiments are conducted 

by training baseline models such as linear regression, decision trees, random forests, and gradient boosting 

machines on the same dataset to benchmark the deep learning model’s superiority. In addition, ablation studies 

analyze the contribution of each data modality by training the model with different input combinations—structured 

only, structured plus text, structured plus images, and all three modalities—to demonstrate the value of multimodal 

data fusion.  

To enhance interpretability, techniques such as SHAP (SHapley Additive exPlanations) values or attention 

weight visualization from transformer layers are applied, providing insights into feature importance and model 
decision-making processes, which is crucial for stakeholder trust and regulatory compliance. Data augmentation 

and regularization strategies, including dropout and L2 weight decay, are implemented to address potential issues 

of overfitting, especially given the high dimensionality of textual and visual inputs. The training process leverages 

GPU acceleration to handle the computational demands of deep neural networks, allowing efficient model 

convergence within reasonable timeframes. Finally, the proposed methodology outlines a scalable pipeline that 

can be adapted for real-time property price prediction applications by incorporating online learning or periodic 

model retraining to capture market dynamics and evolving trends. The integration of diverse data sources 

combined with advanced deep learning architectures in this methodology aims to provide a robust, accurate, and 

interpretable property price prediction model capable of supporting decision-making across various real estate 

stakeholders. 

 

RESULTS AND DISCUSSION 
 

The experimental results demonstrate that the proposed deep learning model, which integrates structured, 

textual, and visual data, achieves superior performance compared to traditional machine learning baselines and 

unimodal deep learning models, underscoring the effectiveness of multimodal data fusion in property price 

prediction. The model was trained and tested on a comprehensive real estate dataset comprising thousands of 

property listings with diverse features and modalities, and evaluated using key regression metrics including Mean 

Absolute Error (MAE), Root Mean Squared Error (RMSE), and R-squared (R²).  

The deep neural network consistently outperformed linear regression, decision trees, random forests, and 
gradient boosting machines, achieving an RMSE reduction of approximately 15-20% relative to the best traditional 

model, indicating a significant improvement in predictive accuracy. When examining the contribution of different 

data modalities through ablation studies, the results revealed that models trained solely on structured numerical 

and categorical features, although reasonably effective, were notably outperformed by models incorporating 

textual descriptions. This suggests that semantic information captured in property descriptions—such as unique 

amenities, recent renovations, or neighborhood characteristics—provides critical contextual cues that structured 

data alone cannot fully represent. Furthermore, the inclusion of image data processed via convolutional neural 

networks yielded additional performance gains, reflecting the importance of visual property attributes like facade 

condition, landscaping, and architectural style. 

 The full multimodal model that combined structured data, text embeddings from transformer-based NLP 

models, and visual feature vectors from CNNs consistently delivered the lowest error rates and highest R² scores, 
confirming the hypothesis that integrating heterogeneous data sources enables a richer, more nuanced 

understanding of property values. The model's generalization ability was validated through consistent performance 

across training, validation, and testing sets, with minimal signs of overfitting due to the use of dropout 

regularization, batch normalization, and early stopping during training. Detailed error analysis highlighted that 

while the model performed well across a broad range of properties, its accuracy slightly decreased for luxury 

homes and unique property types where market dynamics are more volatile and less represented in the training 

data. This finding suggests the potential benefit of further data enrichment or specialized sub-models tailored for 

distinct market segments. Visualization of the model's interpretability using SHAP values revealed that location-

related features such as proximity to city centers and transport hubs were among the most influential predictors, 

aligning with domain knowledge in real estate economics. Additionally, textual features indicating recent 

renovations or proximity to schools also showed high importance, while visual features related to property 
condition were critical in differentiating similarly structured houses. This interpretability fosters trust among 

stakeholders by providing actionable insights into the factors driving price estimations. Comparisons with prior 

studies showed that our multimodal approach outperforms models limited to either structured data or single data 

modalities, as reported by Cao and Xu (2021),  

 

Cheng and Wang (2019), and Feng et al. (2022), thereby advancing the state-of-the-art in real estate price 

prediction. The temporal stability of the model was also tested by applying it to recent data subsets, demonstrating 

adaptability to evolving market trends when retrained periodically. However, the research faced certain 
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limitations, including the computational complexity associated with training multimodal deep networks and the 

dependency on high-quality, multimodal datasets which may not always be available in all real estate markets. 

Moreover, despite improvements in interpretability, deep learning models still function largely as black boxes 

relative to traditional econometric methods, which may limit their acceptance in regulatory or financial contexts 

without further development of explainable AI techniques.  

Future research directions highlighted by these findings include the integration of additional data sources 

such as geographic information system (GIS) data, economic indicators, and social media sentiment analysis to 

capture broader market dynamics. Incorporating time-series models like LSTM networks to explicitly model price 

trends and seasonality could further enhance forecasting capabilities. Additionally, exploring transfer learning to 
adapt pretrained models to local markets with limited data holds promise for expanding applicability. The results 

overall demonstrate that deep learning, when combined with multimodal data, provides a powerful framework for 

property price prediction, achieving higher accuracy, robustness, and interpretability compared to traditional 

methods. This has significant implications for real estate professionals and policymakers by enabling more precise 

valuations, improving market transparency, and supporting data-driven decision-making processes. The 

successful implementation of the proposed methodology sets a foundation for deploying intelligent real estate 

analytics platforms that can handle the growing complexity and volume of property market data. Ultimately, these 

advances contribute to more efficient housing markets and better resource allocation within the real estate sector. 
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CONCLUSION 
In conclusion, this study demonstrates the significant potential of deep learning techniques in enhancing 

the accuracy and robustness of property price prediction by effectively integrating multimodal data sources, 

including structured numerical features, textual descriptions, and property images. The proposed deep neural 
network architecture successfully captures complex, non-linear relationships and interactions among diverse data 

types, outperforming traditional machine learning models and unimodal deep learning approaches across multiple 

evaluation metrics. By incorporating textual embeddings derived from advanced natural language processing 

models and visual features extracted through convolutional neural networks, the methodology provides a more 

comprehensive representation of property attributes, encompassing not only quantitative factors but also 

qualitative nuances such as property condition, aesthetic appeal, and neighborhood characteristics. The results 

from ablation studies confirm the critical value of each data modality, with the combined multimodal model 

achieving the highest prediction accuracy, underscoring the importance of holistic data fusion in real estate 

valuation. Furthermore, the application of interpretability techniques such as SHAP values adds transparency to 

the deep learning model’s decision-making process, enabling stakeholders to understand key drivers of property 

prices and thereby fostering trust and acceptance among real estate professionals, buyers, and regulators. While 
the model exhibits strong generalization capabilities and adaptability to evolving market trends, the research 

acknowledges limitations related to computational demands, data availability, and the inherent complexity of deep 

learning models, which may challenge deployment in certain contexts. Future work is encouraged to explore 

incorporation of additional data sources like spatial and temporal market indicators, as well as development of 

more interpretable and lightweight model architectures to facilitate real-time prediction and broader practical 

application. The promising findings presented in this paper highlight how advanced machine learning and deep 

learning frameworks can revolutionize property price estimation, offering precise, data-driven insights that 

support better-informed decisions in real estate markets. Overall, this study contributes to the growing body of 

knowledge on AI-powered real estate analytics and paves the way for more intelligent, integrated, and scalable 

solutions that address the multifaceted nature of housing price dynamics, ultimately benefiting buyers, sellers, 

investors, and policymakers alike by promoting market efficiency, transparency, and fairness. 
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