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ABSTRACT: 

Groundwater is a critical natural resource for agriculture, industry, and human consumption, yet its depletion 

poses significant environmental and economic challenges. This paper presents an AI-driven predictive 

modelling approach for groundwater detection and management, integrating geospatial imaging, sensor data 

analytics, and machine learning (ML) techniques. Our system leverages XGBoost for groundwater level 

prediction, BLIP (Bootstrapped Language-Image Pretraining) for geospatial image captioning, and BERT 

(Bidirectional Encoder Representations from Transformers) for natural language processing (NLP)-based 

recommendations and automated report generation. The model processes satellite images, topographical maps, 

and real-time sensor data (including pressure, temperature, turbidity, and precipitation) to enhance predictive 

accuracy. Additionally, a visual question-answering (VQA) module enables interactive groundwater analysis 

based on image inputs, allowing users to query water availability and land suitability. To ensure robustness, 

we incorporate feature engineering techniques to optimize data preprocessing, improving the predictive 

accuracy of groundwater levels across diverse geographic regions. Furthermore, transfer learning is utilized 

in BLIP and BERT to enhance performance on domain-specific datasets. The proposed system is evaluated 

using real-world groundwater data, demonstrating significant improvements in prediction accuracy, response 

time, and recommendation effectiveness compared to traditional methods.The integration of multi-modal AI 

components allows for an advanced decision support system that provides real-time insights for policymakers, 

environmental agencies, and farmers. This research contributes to sustainable water management by 

facilitating efficient resource allocation, early warning systems for groundwater depletion, and adaptive water 

conservation strategies. Future work includes scalability improvements, real-time data streaming, and the 

incorporation of additional environmental parameters such as soil moisture and vegetation index to enhance 

predictive capabilities further. 

KEYWORDS: Groundwater prediction, AI, machine learning, geospatial analysis, XGBoost, BLIP, NLP, 

BERT, water conservation, decision support system, sensor analytics, visual question answering. 

I.INTRODUCTION: 

Groundwater is a vital resource that supports agriculture, industry, and domestic consumption, particularly in 

regions where surface water is scarce. However, rapid urbanization, population growth, and intensive 

agricultural practices have led to excessive groundwater extraction, causing severe depletion in many areas. 

Climate change further exacerbates this issue by altering rainfall patterns, reducing natural recharge rates, and 

increasing drought frequencies. The over-extraction of groundwater not only reduces water availability but 

also affects soil stability, leading to land subsidence and ecological imbalances. To address these challenges, 

an efficient and intelligent groundwater management system is necessary to monitor water levels, predict 

future availability, and determine whether specific locations are suitable for borewell installation. Traditional 

groundwater assessment techniques, such as hydrogeological surveys, well monitoring, and numerical 
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modelling, have been widely used to evaluate groundwater potential. However, these methods often require 

extensive fieldwork, are time-consuming, and lack scalability. Moreover, they provide only localized insights 

and may not accurately capture the complex interactions between various environmental factors affecting 

groundwater availability. The integration of artificial intelligence (AI) and machine learning (ML) offers a 

transformative approach to groundwater assessment by leveraging large datasets, automating analysis, and 

improving prediction accuracy. This research presents an AI-driven predictive modelling system for 

groundwater detection and management, specifically designed to analyse whether a given location is suitable 

for borewell installation. The system integrates multiple advanced technologies, including XGBoost for 

groundwater level prediction based on real-time sensor data such as pressure, temperature, turbidity, and 

precipitation. Bootstrapped Language-Image Pretraining (BLIP) is employed to analyse geospatial images, 

generate meaningful captions, and provide insights into land and water characteristics. Additionally, 

Bidirectional Encoder Representations from Transformers (BERT) is incorporated to generate automated 

recommendations and reports based on natural language queries. A Visual Question Answering (VQA) module 

further enhances user interaction, allowing stakeholders to upload satellite images or input location data to 

receive precise groundwater availability assessments. By combining sensor-based data analysis, geospatial 

imaging, and NLP-driven decision support, the proposed system not only predicts groundwater levels but also 

provides crucial insights on borewell feasibility. It evaluates multiple factors, such as underground water 

depth, soil composition, and recharge potential, to determine whether drilling a borewell at a specific site is 

advisable. The results help policymakers, farmers, urban planners, and water resource managers make 

informed decisions about groundwater extraction, ensuring sustainable usage and preventing unnecessary 

drilling costs. This study significantly enhances groundwater assessment methodologies by offering a multi- 

modal AI approach that improves prediction accuracy, reduces dependency on manual surveys, and accelerates 

decision-making. The research contributes to sustainable water management by providing a data-driven 

framework for evaluating groundwater availability and borewell feasibility. Future work will focus on 

expanding the dataset, integrating additional environmental parameters such as soil moisture and vegetation 

indices, and improving real-time data processing capabilities to enhance predictive performance. Through AI- 

powered automation, this project offers a scalable and efficient solution for groundwater monitoring, ensuring 

water security and resource sustainability for future generations. 

II. LITERATURE SURVEY: 

The integration of advanced sensors with sophisticated software algorithms [1] has significantly improved 

water leakage detection. The combination of hardware innovations and AI-driven analytics presents a 

promising future for efficient and sustainable water resource management. However, one major disadvantage 

is the high deployment cost of advanced sensors and AI-based systems, which limits their widespread 

adoption, especially in developing regions. 

[2] The integration of RF energy harvesting and nanomaterial-based hydroelectric power in water leakage 

detection represents a significant advancement in sustainability and efficiency. This approach eliminates the 

need for battery replacements, reduces environmental impact, and ensures continuous system operation 

through BLE-based alerts and heartbeat pings. However, one major disadvantage is the dependency on 

ambient RF energy sources, which may not always provide sufficient power in remote or RF-scarce 

environments, potentially affecting system reliability. 

The use of AI and machine learning [3] for groundwater level prediction has shown significant potential in 

enhancing sustainable water management. By leveraging geocoordinates and historical data, our model 

provides precise and reliable predictions, aiding in informed decision-making. This approach facilitates the 

efficient use of water resources while addressing critical environmental challenges. However, one major 

disadvantage is the complexity of data preprocessing and the need for high-quality, extensive historical data, 

which can be challenging to obtain and maintain for accurate predictions. 

[4] The integration of AI in groundwater management presents a transformative opportunity to enhance 

predictive modelling, real-time monitoring, and data integration. AI-driven advancements can significantly 

improve groundwater sustainability, enabling proactive interventions and collaborative decision-making. 

However, one major disadvantage is the challenge of interpretability and the need for specialized technical 
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expertise, which may limit accessibility and adoption in resource-constrained regions. 

[5] The IoT-based lake water monitoring system provides an innovative and reliable solution for predicting 

and managing water levels. By leveraging linear regression for accurate predictions, LoRa technology for 

connectivity in remote areas, and solar power for sustainability, this system offers a comprehensive approach 

to lake management. The low error rate of below 10% further validates its effectiveness. However, one major 

disadvantage is the dependency on LoRa network availability, which may limit functionality in areas with 

weak or no LoRa coverage, affecting real-time data accessibility. 

[6] The proposed EC-YOLOX model significantly enhances the detection accuracy of floating objects in 

complex water environments. By integrating coordinate attention (CA) and efficient channel attention (ECA) 

mechanisms, as well as improving the loss function, this model reduces the missed detection rate and increases 

mean average precision (mAP). Experimental results demonstrate its superiority over traditional models like 

Faster R-CNN, YOLOv5, and YOLOv3. This method contributes to more effective water environment 

monitoring and protection. However, one major disadvantage is the increased computational complexity due 

to the additional attention mechanisms, which may lead to higher processing times and hardware requirements. 

This study [7] integrates InSAR and GRACE satellite data to analyse regional surface deformation and 

groundwater storage changes in Shanxi Province, revealing a consistent decline in groundwater storage closely 

linked to seasonal climate variations and local rainfall patterns. The proposed multi-source neural network 

prediction model (LSTM/BP) with signal decomposition (VMD) demonstrates superior performance, 

achieving high prediction accuracy with a root mean square error of 1.56 mm and a correlation coefficient 

above 0.98. These findings provide valuable insights for groundwater management and sustainable resource 

utilization. However, despite its high accuracy, the model requires significant computational resources due to 

the complexity of signal decomposition and neural network training, which may limit its practical application 

in real-time groundwater monitoring. 

This study [8] introduces a TensorFlow Deep Neural Network (TF-DNN) model for predicting groundwater 

spring potential using geospatial data in Vietnam’s central highlands. The model, optimized with ADAM and 

ReLU, outperformed traditional methods, achieving 80.5% accuracy and an AUC of 0.864. The generated 

groundwater spring potential map aids in water management and planning, showcasing deep learning's 

effectiveness in hydrological research. However, the approach requires high computational resources, large 

datasets for training, and expert knowledge for parameter tuning, which may limit its practical application in 

resource-constrained regions. 

This study [9] evaluates the impact of excessive pesticide and fertilizer use on groundwater quality in 

northwestern Pakistan using the GIS-based DRASTIC index. By analysing nine hydrogeological parameters, 

a groundwater vulnerability map was created, classifying risk levels from very low to very high. Nitrate and 

TDS levels validated the model, confirming contamination risks. The findings highlight the need for better 

agricultural management to reduce pollution and protect water resources. However, limitations include 

potential data inaccuracies, regional specificity, and the need for continuous monitoring to ensure long-term 

effectiveness. 

This study [10] explores the use of UAVs for automatic person detection in water during search and rescue 

missions. Conducted in lakes and the sea near Turku, Finland, the research evaluates detection accuracy based 

on altitude, viewing angles, bounding box sizes, and multi-frame analysis. With over 72,000 frames, it 

provides the largest publicly available dataset for person-in-water detection. The findings improve UAV-based 

SAR efficiency but face challenges like environmental variations, false positives, and real-time processing 

limitations. 

This study [11] addresses incomplete data and prediction challenges in firewater system water level 

forecasting. A reinforcement learning-based KNN algorithm improves data filling accuracy, while an LSTM- 

based deep learning model enhances prediction stability and precision. Simulation results confirm the 

method's effectiveness. However, challenges include computational complexity, reliance on high-quality 

training data, and sensitivity to parameter tuning. 

This project [12] focuses on improving groundwater level (GWL) forecasting using machine learning (ML) 

http://www.ijrti.org/


  © 2025 IJNRD | Volume 10, Issue 4 April 2025 | ISSN: 2456-4184 | IJNRD.ORG 

IJNRD2504287 International Journal Of Novel Research And Development (www.ijnrd.org) 
 

 

c527 

c52

7 

models to aid water resource planning and management. While significant progress has been made over the 

past two decades, many critical aspects of GWL simulation using ML remain unexplored. Our study aims to 

bridge this gap by analysing existing ML models, their applications in hydrology, and key milestones achieved. 

However, challenges include data availability, model interpretability, and accuracy in complex 

hydrogeological conditions. 

[13] his study employs AI and ML models to analyse groundwater level fluctuations. Various algorithms 

were assessed for predicting water level trends based on historical datasets. Results showed improved planning 

potential for water resource management. However, the model's performance is sensitive to data gaps and 

regional hydrogeological variability. 

[14] This research applies machine learning for groundwater level prediction to support sustainable irrigation 

in water-scarce regions. It utilizes supervised learning models trained on multi-year hydrological and 

meteorological data. The approach enhances irrigation planning and water sustainability. Limitations include 

dependency on continuous monitoring data and the challenge of generalizing across diverse terrains. 

[15] An attention-based U-Net model is proposed as a surrogate for groundwater flow simulations. This deep 

learning method significantly reduces computation time while preserving accuracy in simulating complex 

subsurface water movement. While promising, the approach may require extensive pre-training and may not 

fully capture rare extreme events without sufficient data. 

III. EXISTING SYSTEM: 

Groundwater assessment has traditionally relied on conventional hydrogeological techniques, which include 

field surveys, well logging, geophysical exploration, and numerical modelling. These methods have been 

extensively used for decades to monitor groundwater availability, predict water table fluctuations, and evaluate 

potential borewell sites. While they have contributed significantly to groundwater management, they suffer 

from several limitations, including high operational costs, time-intensive data collection, limited spatial 

coverage, and the inability to provide real-time predictions. Moreover, manual well monitoring only provides 

localized measurements and does not offer a holistic view of groundwater dynamics across larger geographical 

regions. In many cases, the data collected is not updated frequently, making it challenging to capture seasonal 

and climatic variations affecting groundwater availability. Another commonly used method is geophysical 

surveying, which employs techniques like electrical resistivity tomography (ERT), seismic reflection, and 

magnetotelluric surveys to identify subsurface water-bearing formations. These techniques work by analysing 

the electrical conductivity or seismic response of underground structures to detect groundwater reservoirs. 

While effective, these methods require specialized equipment, expert interpretation, and significant financial 

investment, limiting their accessibility to rural and economically constrained areas. Additionally, geophysical 

surveys provide only static snapshots of groundwater conditions, failing to account for real-time variations 

due to environmental and anthropogenic factors. However, their accuracy depends on historical data inputs, 

which may not reflect current environmental conditions. These models often require extensive calibration and 

validation, making them complex and time-consuming to implement effectively. Additionally, traditional 

groundwater models do not integrate real-time sensor data, limiting their ability to provide dynamic and 

responsive predictions. Satellite-based remote sensing has been employed for groundwater assessment, using 

thermal imaging, radar, and multispectral analysis to detect moisture content and predict groundwater potential 

zones. While remote sensing provides large-scale coverage, it has limitations in resolving fine-scale variations 

in groundwater levels. Additionally, satellite data often requires ground-based validation, making it dependent 

on manual field surveys for accuracy. Furthermore, these systems lack automated decision-making capabilities 

and do not provide site-specific recommendations for borewell installation. In recent years, Internet of Things 

(IoT)-based sensor networks have been deployed to collect real-time groundwater data. These systems use 

sensors to monitor parameters such as water levels, temperature, pressure, turbidity, and electrical 

conductivity, transmitting data to centralized databases for analysis. While these sensor-based networks offer 

continuous monitoring and improve data collection efficiency, they typically function in isolation without AI- 

driven predictive analytics. As a result, they lack integration with advanced machine learning techniques that 

can provide automated insights and recommendations for groundwater management. Despite the 

advancements in groundwater assessment technologies, the existing systems do not effectively combine 
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geospatial imaging, sensor analytics, and AI-driven predictive modelling into a unified framework. Traditional 

methods primarily focus on data collection rather than intelligent analysis, limiting their ability to generate 

actionable insights. Furthermore, existing approaches do not leverage Natural Language Processing (NLP) for 

interactive decision-making, making it difficult for non-technical users, policymakers, and farmers to access 

and interpret groundwater data effectively. Moreover, most current groundwater assessment systems fail to 

address the crucial question of borewell feasibility. While they can indicate general groundwater availability, 

they do not provide site-specific recommendations on whether a borewell should be drilled at a given location. 

This often leads to unnecessary drilling expenses, failed borewells, and increased groundwater exploitation in 

unsuitable areas. The absence of AI-driven decision support further complicates groundwater management, 

making it reactive rather than proactive in addressing water scarcity challenges. In summary, the existing 

groundwater detection and management systems are constrained by high costs, labor-intensive data collection, 

limited real-time capabilities, and lack of AI-driven predictive analytics. These limitations underscore the need 

for an advanced, automated, and scalable solution that integrates machine learning, geospatial imaging, and 

real-time sensor analytics to improve groundwater prediction accuracy. A modern AI-powered system would 

not only enhance groundwater detection but also determine borewell feasibility with high precision, offering 

a comprehensive decision support system for sustainable water resource management. 

IV. PROPOSED SYSTEM: 

The proposed system is a comprehensive AI-powered solution designed to predict and assess the feasibility of 

borewell installation at a given geographical location. As shown in Fig 1.1, integrating advanced technologies 

such as satellite image captioning, real-time sensor data processing, machine learning algorithms, and natural 

language interfaces, the system aims to revolutionize groundwater detection and monitoring in both rural and 

urban areas. 

 

Fig.1.1. Under-Ground Water Prediction workflow 

Data Acquisition and Preprocessing 

The foundation of the system lies in its ability to collect, curate, and preprocess diverse datasets from various 

sources. These include satellite imagery, soil maps, topographical data, weather parameters, and groundwater 

readings from past and present borewell installations. High-resolution geospatial images are obtained from 

open-source platforms, and real-time sensor data such as temperature, pressure, turbidity, and water table 

levels are collected using IoT-enabled devices. 

All raw data undergo preprocessing to ensure quality and consistency. This involves handling missing values, 

filtering out noise, and performing normalization to prepare the data for machine learning models. Feature 

extraction techniques are applied to derive meaningful insights, such as rainfall intensity or seasonal variation 

in water levels, ensuring the dataset represents all relevant parameters influencing groundwater presence. 

Machine Learning-Based Prediction 

At the core of the system is a supervised learning model, with XGBoost selected as the primary algorithm due 

to its robustness and high accuracy in tabular datasets. The model is trained on a labeled dataset of historical 

borewell data, including both successful and unsuccessful drilling records. These records are combined with 

their associated environmental and geospatial features to predict the probability of groundwater availability at 
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new locations. 

XGBoost leverages gradient boosting to iteratively improve the prediction model by minimizing error and 

focusing on difficult-to-classify instances. The output of the model provides a confidence score indicating the 

likelihood of finding sufficient groundwater at the specified site, thereby assisting decision-makers in choosing 

the most suitable locations for borewell drilling. 

Image Captioning with BLIP 

To enrich the understanding of geospatial and satellite imagery, the system incorporates the BLIP 

(Bootstrapped Language Image Pretraining) model. BLIP processes high-resolution land images and 

automatically generates descriptive captions that highlight important features such as land cover, vegetation 

density, slope, and water body proximity. These captions are especially useful in environments where users 

may lack technical expertise in interpreting geospatial imagery, making the system more accessible and 

informative. 

The model is trained with domain-specific satellite images using transfer learning, ensuring that the generated 

captions reflect hydrogeologically relevant insights. These captions are further used by downstream NLP 

models to enhance the interpretability and usability of the system’s predictions. 

Natural Language Processing with BERT 

To facilitate intuitive user interaction, the system integrates a fine-tuned BERT (Bidirectional Encoder 

Representations from Transformers) model. This NLP module allows users to input natural language queries 

related to groundwater conditions, borewell feasibility, and terrain analysis. BERT processes these queries 

contextually and retrieves relevant data, reports, or recommendations based on the predictions and insights 

generated by the other components of the system. 

This language interface eliminates the need for users to have technical knowledge or training in data science 

or hydrology. For example, users can ask questions like “Is this land good for a borewell?” or “What is the 

groundwater depth here?” and receive informative, easy-to-understand responses generated by the system. 

Visual Question Answering Module 

The system also includes a Visual Question Answering (VQA) module that merges the capabilities of image 

processing and language understanding. This module allows users to upload or select satellite images and ask 

visual questions about the content of those images. The VQA model interprets both the image and the 

accompanying question to provide meaningful answers. For example, if a user uploads an image of a farmland 

and asks “Is there water under this land?”, the system processes the image and correlates it with its geospatial 

data and predictions to answer accurately. 

This interactive, AI-powered interface empowers users to explore visual data intuitively and obtain 

groundwater-related insights without requiring technical expertise. 

Integrated User Interface and Visualization 

The front-end of the system is designed to be highly interactive, intuitive, and informative. Users can navigate 

an interactive map, select a location, and view real-time predictions about groundwater levels, borewell 

feasibility scores, and recommended borewell depths. The system also generates automated reports 

summarizing all predictions, supported by visualizations such as graphs, charts, and image captions. 

The interface includes tools for visualizing time-series data related to historical water levels, heatmaps of 

groundwater availability across regions, and captioned satellite images generated by the BLIP model. These 

tools provide decision-makers with a rich and detailed view of the groundwater landscape, enabling data- 

driven planning and resource management. 

Scalability and Transfer Learning 

To ensure adaptability across diverse geographic regions, the system employs transfer learning for both the 
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BLIP and BERT models. This allows the system to be customized to specific locations, land types, and regional 

languages by retraining the models with localized datasets. The modular architecture also supports scalability, 

making it suitable for implementation in large-scale government initiatives or rural water conservation 

programs. 

Furthermore, the system is designed to integrate new data sources such as advanced weather models, 

vegetation indices, and soil health indicators in future enhancements. This ensures the continued relevance 

and accuracy of the system even as environmental conditions evolve. 

Impact and Innovation 

By combining the strengths of machine learning, computer vision, natural language understanding, and 

interactive visualization, the proposed system offers a groundbreaking approach to groundwater detection and 

management. It significantly reduces the dependency on manual surveying, lowers the cost of drilling failures, 

and empowers users with accurate, timely, and localized groundwater insights. This not only aids farmers and 

local authorities in making better decisions but also contributes to sustainable groundwater conservation 

practices in water-scarce regions. 

V. IMPLEMENTATION AND RESULTS: 

The proposed AI-driven groundwater detection and management system integrates multiple advanced 

technologies, including XGBoost for predictive modelling, BLIP for image captioning, and BERT for natural 

language recommendations. According to Fig 1.2, the implementation begins with a robust data preprocessing 

pipeline that curates sensor data such as temperature, pressure, turbidity, and depth, along with satellite 

imagery and historical borewell records. These datasets are cleaned, normalized, and engineered to extract 

meaningful features like seasonal rainfall variations and soil characteristics, ensuring that the model captures 

all relevant environmental variables influencing groundwater availability. 
 

Fig 1.2 Uploading Geo-Spatial Image and Sensor Details 
 

Fig 1.3 Water Level Prediction 

For the prediction component, XGBoost was selected due to its scalability and high performance on structured 

tabular data. According to Fig 1.2, the model was trained on a dataset comprising over 7,500 records of 

borewell drilling outcomes labelled as successful or unsuccessful. Each record included associated 

environmental and geospatial features. The trained XGBoost model achieved a prediction accuracy of 92.4%, 

indicating its reliability in assessing the likelihood of groundwater presence. Additionally, the model recorded 

a precision of 91.3%, recall of 93.1%, and an F1 score of 92.2%, reflecting a well-balanced performance in 
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classifying borewell feasibility. For continuous groundwater level prediction, the model also delivered a root 

mean square error (RMSE) of 3.8 units and a coefficient of determination (R² score) of 0.89, demonstrating a 

strong correlation with actual measured groundwater levels. 

To supplement the prediction with visual and descriptive insights, the BLIP (Bootstrapped Language-Image 

Pretraining) model was integrated to process high-resolution satellite and land cover images. This module 

automatically generated geospatial captions describing terrain features such as vegetation density, slope, and 

water proximity. These image-derived captions were evaluated using NLP metrics such as BLEU and CIDEr, 

achieving a caption accuracy of approximately 85% in domain-specific contexts. This enabled non-expert 

users to understand land characteristics without needing to interpret raw imagery. 

The BERT-based natural language processing module was fine-tuned to respond to user queries in plain 

language. Users could ask questions such as "Is this land suitable for borewell installation?" or "What is the 

current groundwater level?" and receive contextual, AI-generated answers. The relevance and clarity of the 

BERT responses were rated at 88% based on a user evaluation study, confirming the module's usefulness in 

generating actionable recommendations. 

The system’s user interface, developed using an intuitive web framework, allowed users to upload images, 

enter real-time sensor values, and instantly receive groundwater predictions and recommendations. In one of 

the test scenarios, the system predicted an underwater level of 69.82, and the generated insights indicated that 

the land was suitable for borewell installation based on favorable sensor readings. The interface also displayed 

visual explanations and automated reports combining textual insights and data visualizations. 

Overall, the integrated system demonstrated high accuracy, user accessibility, and adaptability across regions. 

The fusion of structured sensor data and unstructured image data into a multi-modal AI framework 

significantly enhanced prediction performance and decision support. These results validate the system’s 

potential as a practical solution for sustainable groundwater management. Future improvements will include 

real-time data streaming, additional environmental inputs like soil moisture and vegetation indices, and 

improved localization for diverse geographic conditions. 

VI. FUTURE SCOPE: 

The future scope of the proposed AI-powered borewell prediction system is vast and promising. One of the 

major enhancements includes the integration of real-time data through IoT sensors, weather APIs, and satellite 

feeds to enable dynamic and up-to-date predictions. The system can be scaled to various geographical regions 

by training models on diverse terrain and climatic datasets, ensuring broader applicability. Additionally, 

incorporating multilingual and voice-based interfaces will make the system more accessible to rural users and 

non-English speakers. Future developments may also focus on improving AI accuracy through ensemble 

learning and continuous user feedback. Support for offline and mobile usage will further ensure its reach in 

remote areas with limited connectivity. Collaborations with government bodies and NGOs can facilitate wide- 

scale deployment to support water conservation missions. Moreover, predictive simulation tools powered by 

generative AI and integration with public water databases can aid in policy-making and long-term sustainable 

groundwater management. 

VII. CONCLUSION: 

The proposed AI-powered borewell prediction system offers an innovative and efficient solution to the 

challenges of groundwater detection. By combining XGBoost for prediction, BLIP for satellite image 

captioning, and BERT for intelligent interaction, the system delivers accurate, user-friendly, and scalable 

support for borewell feasibility analysis. The inclusion of a visual question answering module enhances 

accessibility, enabling users to receive clear, contextual insights from complex data. This multi-modal, 

adaptive framework reduces the risk of failed drilling, supports sustainable water management, and marks a 

significant step toward smart, AI-driven resource planning. 
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