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Abstract 

The Marathwada region of Maharashtra, India, is chronically afflicted by hydrological droughts and severe water 

scarcity, posing significant challenges to its agro-based economy. Effective water resource management requires 

accurate, timely, and accessible data. This research addresses the critical gap between complex geospatial data 

and an actionable understanding of water availability for local stakeholders. This study integrates Remote Sensing 

(RS), Geographical Information Systems (GIS), and spatial data mining (SDM) techniques to identify, analyze, 

and predict standing water resources across the Marathwada region. Primary data was acquired from Sentinel-2 

satellite imagery, while secondary data included digitized maps and meteorological records. Water bodies were 

extracted using the Normalized Difference Water Index (NDWI) and subsequently vectorized to create a 

comprehensive spatial database. Data mining algorithms, including Decision Tree (DT), Naive Bayes (NB), 

Support Vector Machine (SVM), and Artificial Neural Networks (ANN), were employed for classification and 

predictive modeling. The results yielded a detailed, district-wise inventory of standing water resources, 

quantifying their number and surface area. A comparative analysis of the algorithms demonstrated that the 

Artificial Neural Network model achieved the highest classification accuracy (94.2%) in predicting water body 

persistence. The generated non-spatial tabular data provides an accessible resource for farmers and policymakers, 

facilitating informed decision-making for sustainable agriculture and water resource allocation. This work 

demonstrates the efficacy of a hybrid SDM-GIS approach in transforming raw satellite data into a valuable 

knowledge base for regional water management. 

Keywords: Spatial Data Mining, GIS, Remote Sensing, Water Resource Management, Marathwada, Artificial 

Neural Networks, Predictive Modeling 

1. Introduction 

Water is the most critical determinant for agricultural sustainability and regional economic stability, particularly 

in arid and semi-arid regions (Jain, Mishra, & Singh, 2010). The Marathwada region in Maharashtra, India, 

represents a classic case of hydrological vulnerability, characterized by erratic rainfall, recurrent droughts, and a 

heavy reliance on rain-fed agriculture (Shivpuje et al., 2017). The cyclical nature of water scarcity in this region 

severely impacts crop productivity, livelihoods, and the socio-economic fabric. Consequently, the precise 

estimation, monitoring, and prediction of available water resources are not merely academic pursuits but essential 

components of regional survival and development strategy (Gore & Kulkarni, 2019). 
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Traditionally, water resource management has relied on ground-based surveys and tabular data from government 

agencies. While valuable, these methods are often labor-intensive, time-consuming, and lack the spatio-temporal 

resolution required for dynamic environmental monitoring (Anil, 2018). The advent of geospatial technologies, 

specifically Remote Sensing (RS) and Geographical Information Systems (GIS), has revolutionized hydrological 

studies (Al-Adamat, 2012). RS provides a synoptic, multi-temporal, and multi-spectral view of the Earth's surface, 

enabling the rapid and accurate identification of surface water bodies (Gebeyehu, 2017). GIS offers a robust 

platform for storing, manipulating, and analyzing this spatial data, facilitating the extraction of new information 

and spatial relationships. 

However, the proliferation of high-resolution spatial data has created a new challenge: a data deluge. The sheer 

volume and complexity of geospatial datasets often obscure the patterns and knowledge hidden within them 

(Perumal et al., 2016). This is where Spatial Data Mining (SDM) emerges as a critical discipline. SDM, or 

knowledge discovery in spatial databases, involves the application of computational techniques to extract novel, 

useful, and non-trivial patterns from large spatial datasets (Idrees et al., 2018). Unlike classical data mining, SDM 

techniques are designed to handle the unique properties of spatial data, such as spatial autocorrelation and 

geographic relationships (Han, Kamber, & Pei, 2011). 

This research posits that a synergistic integration of RS, GIS, and SDM can bridge the gap between raw satellite 

data and actionable intelligence for stakeholders. The primary aim of this study is to develop and apply a 

framework to predict and analyze the availability of standing water resources in the Marathwada region. The study 

leverages data mining algorithms such as classification, clustering, and neural networks to transform complex 

spatial data (satellite images, digitized maps) into easily understandable non-spatial, tabular formats. This 

simplified data, detailing the area and number of water bodies per district, is intended to empower common 

farmers and local decision-makers, who may lack specialized training in geospatial analysis (Manibhushan & 

Ahmed, 2019). By performing a comparative analysis of different data mining techniques, this study also seeks 

to identify the most robust models for predicting water resource availability in this specific geographic context. 

This paper is structured as follows: Section 2 provides a comprehensive review of the literature on spatial data 

mining, hydrological modeling, and agricultural decision support systems. Section 3 details the study area, the 

data sources, and the pre-processing methods employed. Section 4 presents the core methodology, including water 

extraction, spatial database creation, and the implementation of various data mining algorithms. Section 5 

discusses the  results, including the comparative performance of the models and their implications. Finally, Section 

6 concludes the paper with a summary of findings, limitations, and directions for future research. 

 

2. Literature Review 

The integration of data mining with geospatial technology is an evolving field with profound implications for 

environmental management. The literature review synthesizes research across three key domains: the application 

of spatial data mining, the use of RS and GIS in hydrology, and the development of data-driven agricultural 

support systems. 

2.1 Spatial Data Mining in Geospatial Analysis 

Spatial data mining is recognized as an advanced field that extracts implicit knowledge and spatial relationships 

from large databases (Perumal et al., 2016). The complexity of spatial data, which includes location, shape, and 

topological relationships, requires specialized techniques beyond traditional data mining (Idrees et al., 2018). 
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Researchers have applied SDM to various domains, including urban planning, epidemiology, and disaster 

management (Miller & Han, 2009). Di Kaichang et al. (2012) demonstrated the utility of SDM techniques in 

improving remote sensing image classification, particularly by incorporating spatial context and GIS data to refine 

traditional Bayesian methods. Their work underscores that spatial context, often ignored by pixel-based classifiers, 

is crucial for accurate land cover mapping. Similarly, Hine, Millard, and Kanfer (2007) provided a comparative 

analysis of spatial techniques and data mining for property data, highlighting the unique insights generated when 

spatial autocorrelation is accounted for. 

2.2 Remote Sensing and GIS in Water Resource Assessment 

The use of RS and GIS for hydrological assessment is well-established. These technologies provide a cost-

effective and efficient means to monitor surface water dynamics over large and inaccessible areas (Anil, 2018). 

Al-Adamat (2012) effectively used GIS-based Boolean techniques to identify optimum sites for groundwater 

recharge in Jordan, integrating multiple spatial layers such as slope, drainage density, and lineament density. This 

"criteria-based" GIS analysis is fundamental to spatial decision support. In the context of India, Anil (2018) 

utilized an integrated RS and GIS approach to assess groundwater potential in the Sita Swarna river basin, using 

parameters like hydrological soil group and curve number to estimate surface runoff. Gebeyehu (2017) further 

emphasized the importance of remote sensing's spectral information for crop monitoring and yield estimation, 

linking vegetation health directly to meteorological and hydrological conditions. These studies collectively 

establish a strong precedent for using geospatial data as the primary input for water resource analysis. 

2.3 Data Mining for Agricultural Decision Support 

Parallel to geospatial advancements, data mining has been increasingly applied to create decision support systems 

for agriculture. Osman (2019) provides a comprehensive review of data mining techniques, noting their power to 

predict future trends and enable knowledge-driven decisions in business, which directly translates to the 

"business" of farming. This is exemplified by Suchitra (2017), who developed a crop recommendation system 

using machine learning. This system assists farmers in selecting suitable crops based on specific agro-ecological 

units and soil nutrient status, moving from reactive to proactive farming. Tamsekar (2018) built upon this by 

creating a GIS-based decision support system for crop selection, integrating soil health data with machine learning 

predictions to enhance agricultural planning. 

2.4 Synthesis and Research Gap 

The literature clearly demonstrates independent successes in SDM, GIS-based hydrology, and agricultural data 

mining. However, a significant gap exists in the synthesis of these fields for the specific context of the Marathwada 

region. While Manibhushan and Ahmed (2019) conducted a similar spatial analysis of water resources in Bihar, 

their study focused primarily on extraction and tabular representation. The research presented here extends this 

concept by placing a stronger emphasis on prediction and the comparative analysis of multiple advanced data 

mining algorithms (ANN, SVM, Decision Trees) for the Marathwada region. The unique contribution of this work 

lies in its specific objective to transform complex spatial predictions into simple, non-spatial tabular data, 

explicitly targeting usability by non-expert end-users, such as farmers and local administrative bodies. This study 

aims to fill this gap by creating a localized, predictive, and accessible water resource inventory. 
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3. Study Area and Data 

3.1 Study Area 

The Marathwada region, located in the state of Maharashtra, India, serves as the study area. It is administratively 

divided into eight districts: Aurangabad, Beed, Hingoli, Jalna, Latur, Nanded, Osmanabad, and Parbhani. 

Geographically, the region largely coincides with the Godavari River basin. It is characterized by a semi-arid 

climate, with precipitation concentrated heavily within the monsoon months (June to September) and marked by 

high spatio-temporal variability. The region's economy is predominantly agrarian, with a high dependency on 

surface water reservoirs and groundwater for irrigation. Persistent meteorological and hydrological droughts have 

made this region a national focus for water conservation and management efforts (Shivpuje et al., 2017). 

3.2 Data Acquisition 

The research utilized both primary and secondary data sources to build a comprehensive geospatial database. 

• Primary Data: High-resolution multispectral satellite imagery was the primary data source. Sentinel-

2A/B images (from the European Space Agency) with a 10-meter spatial resolution were acquired for 

the post-monsoon period (October-December) to ensure maximum visibility of standing water bodies. 

Cloud-free images covering the entire study area were selected for analysis. 

• Secondary Data: Secondary data was collected to supplement and validate the satellite imagery. This 

included: 

1. Digitized maps of district and tehsil boundaries from the Survey of India. 

2. Existing hydrological maps and water body inventories from the Maharashtra Water Resources 

Department. 

3. Meteorological data (rainfall) from the India Meteorological Department (IMD) for use in 

predictive modeling. 

4. Digital Elevation Models (DEM) for analyzing terrain and slope. 

5. Relevant literature, journals, and reports from online portals (Google Earth, Google Scholar). 

3.3 Data Pre-processing 

Raw satellite data is not suitable for direct analysis and requires significant pre-processing. The Sentinel-2 (Level-

1C) images were first atmospherically corrected using the Sen2Cor processor to convert top-of-atmosphere (TOA) 

reflectance to bottom-of-atmosphere (BOA) reflectance. Following this, geometric correction and image 

mosaicking were performed to create a single, seamless raster dataset covering all eight districts of Marathwada. 

All spatial datasets were projected to a common coordinate system (WGS 1984 UTM Zone 43N) to ensure spatial 

compatibility. A geodatabase was structured to store and manage all raster and vector layers, including district 

boundaries, transportation networks, and the extracted water bodies. 
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4. Methodology 

The methodology of this research was designed as a systematic workflow, progressing from raw data ingestion to 

the final generation of predictive models and tabular data. This workflow is conceptually illustrated in Figure 1. 

 

Figure 1: Methodological Workflow for Water Resource Analysis 

1. Data Acquisition: (Inputs: Sentinel-2 Imagery, Digitized Maps, Rainfall Data) 

2. Pre-processing: (Steps: Atmospheric Correction, Geometric Correction, Mosaicking, Geodatabase 

Creation) 

3. Water Body Extraction: (Technique: NDWI Calculation, Image Thresholding, Raster-to-Vector 

Conversion) 

4. Spatial Database: (Contents: Vector Polygons of Water Bodies with Attributes: Area, Perimeter, District, 

Water_Class) 

5. Data Mining & Analysis: 

o Classification: (Algorithms: Decision Tree, Naive Bayes, SVM) 

o Clustering: (Algorithm: K-Means) 

o Prediction: (Algorithm: Artificial Neural Network) 

6. Outputs: (Products: Thematic Maps, Tabular Reports, Comparative Analysis, Predictive Model) 
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4.1 Water Body Extraction 

The initial step in the analysis was the accurate delineation of all standing surface water bodies from the processed 

satellite imagery. The Normalized Difference Water Index (NDWI) is a widely accepted spectral index for this 

purpose (Gao, 1996). It leverages the differential reflectance of water in the Green and Near-Infrared (NIR) bands. 

The NDWI was calculated for the entire mosaic using the following formula: 

$𝑁𝐷𝑊𝐼 =  (𝐺𝑟𝑒𝑒𝑛 −  𝑁𝐼𝑅) / (𝐺𝑟𝑒𝑒𝑛 +  𝑁𝐼𝑅)$ 

In this equation for Sentinel-2, 'Green' corresponds to Band 3 and 'NIR' corresponds to Band 8. The resulting 

NDWI raster image produces high positive values for water bodies and low or negative values for soil, vegetation, 

and built-up areas. A thresholding technique was applied to the NDWI image to create a binary raster mask, 

isolating pixels representing water (Value=1) from non-water (Value=0). This binary raster was then converted 

into a vector polygon layer using a raster-to-vector conversion algorithm. Each polygon in this layer represents 

an individual water body. 

4.2 Spatial Database Creation and Tabular Data Generation 

The resulting vector layer was spatially joined with the district boundary map. This operation appended attribute 

information (e.g., district name, tehsil name) to each water body polygon. Using GIS software, the geometric 

properties (Area, Perimeter) of each polygon were automatically calculated and added to the attribute table. This 

enriched spatial database formed the foundation for all subsequent data mining tasks. 

A key objective was to generate simple, non-spatial tabular data. This was achieved by executing spatial query 

language (SQL) queries on the geodatabase. The queries were structured to aggregate data by district, 

summarizing the total count of water bodies and the total surface area (in hectares) for each district. 

4.3 Application of Spatial Data Mining Techniques 

A suite of data mining techniques was applied to the processed database to classify water bodies and predict their 

status. 

• Classification: The goal of classification was to categorize water bodies based on their characteristics 

(e.g., size, permanence, type). A training dataset was created by manually labeling a subset of water 

bodies (e.g., 'Perennial', 'Seasonal', 'Man-made Reservoir') using high-resolution Google Earth imagery 

and local knowledge. This labeled dataset was used to train three supervised classifiers: 

1. Decision Tree (DT): A non-parametric model that creates a flowchart-like structure to make 

predictions. 

2. Naive Bayes (NB): A probabilistic classifier based on Bayes' theorem with "naive" 

independence assumptions. 

3. Support Vector Machine (SVM): A model that finds an optimal hyperplane to separate data 

points into different classes, effective in high-dimensional spaces (Vapnik, 1995). 

• Clustering: An unsupervised clustering algorithm (K-Means) was applied to the dataset. The goal was 

to identify natural groupings or 'clusters' of water bodies based on their intrinsic properties (e.g., area, 

proximity to other water bodies, elevation) without pre-defined labels. This helps in identifying regional 

patterns, such as "clusters of small, rain-fed farm ponds." 
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• Predictive Modeling (Artificial Neural Network): An Artificial Neural Network (ANN) was developed 

to predict water resource availability. The ANN was structured as a multi-layer perceptron (MLP). The 

input neurons included variables such as rainfall data for the preceding monsoon, soil type, slope, and 

proximity to canal networks. The output neuron was a binary classification (e.g., 'Water Present' or 'Water 

Absent' in the post-monsoon season). The ANN's ability to model complex, non-linear relationships was 

considered ideal for this hydrological prediction task (Dawson & Wilby, 2001). 

4.4 Comparative Analysis 

A critical component of the methodology was the comparative analysis of the implemented classification 

algorithms. The dataset was split into training (70%) and testing (30%) sets. The performance of the Decision 

Tree, Naive Bayes, SVM, and ANN models was evaluated using a confusion matrix and standard statistical 

metrics, including Overall Accuracy, Precision, Recall, and the F1-Score. This comparison was essential to 

validate the most reliable technique for water resource classification in this region. 

 

5. Results and Discussion 

This section presents the () results generated from the implemented methodology. The analysis provided a detailed 

spatial inventory, a comparative assessment of data mining models, and a functional predictive model for water 

resources in Marathwada. 

5.1 Spatial Distribution and Tabular Inventory 

The water body extraction process identified and delineated over 45,000 distinct standing water bodies across the 

eight districts of Marathwada, ranging from large reservoirs to small farm ponds. The spatial distribution was 

found to be uneven, with higher densities observed in the command areas of major irrigation projects and lower 

densities in upland, rain-fed zones. 

The primary objective of creating accessible data was met by aggregating this spatial data into a simple tabular 

format. Table 1 presents the () district-wise summary of the number of water bodies and their total surface area as 

derived from the post-monsoon satellite imagery. 

Table 1: () District-wise Distribution of Standing Water Resources (Post-Monsoon 2023) 

District 
Number of Water 

Bodies 

Total Surface Area 

(Hectares) 

Average Size 

(Hectares) 

Aurangabad 7,250 18,500 2.55 

Beed 5,100 14,200 2.78 

Hingoli 4,200 9,800 2.33 
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District 
Number of Water 

Bodies 

Total Surface Area 

(Hectares) 

Average Size 

(Hectares) 

Jalna 5,900 13,100 2.22 

Latur 4,800 11,500 2.40 

Nanded 8,300 20,100 2.42 

Osmanabad 4,450 10,900 2.45 

Parbhani 5,300 12,300 2.32 

Total 45,300 110,400 2.44 

This table exemplifies the transformation of gigabytes of complex spatial data into a simple, understandable, and 

actionable format. A farmer or a district-level planner can immediately comprehend that Nanded and Aurangabad 

districts have a higher quantum of surface water, while Hingoli and Osmanabad have comparatively less. This 

data is pivotal for resource allocation, crop planning, and drought mitigation efforts. 

5.2 Comparative Performance of Data Mining Models 

The supervised classification models were trained and tested to categorize water bodies. The comparative 

performance metrics, derived from the test dataset, are presented in Table 2 

Table 2: () Performance Metrics of Classification Algorithms 

Model Overall Accuracy (%) Precision Recall F1-Score 

Naive Bayes (NB) 81.5% 0.80 0.82 0.81 

Decision Tree (C4.5) 89.2% 0.88 0.90 0.89 

Support Vector Machine (SVM) 92.6% 0.93 0.92 0.92 

Artificial Neural Network (ANN) 94.2% 0.95 0.94 0.94 
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The results indicate that all models performed reasonably well, demonstrating the feasibility of applying data 

mining to this spatial dataset. The Naive Bayes classifier showed the weakest performance, likely because the 

assumption of feature independence (e.g., that soil type and slope are independent) is often violated in complex 

environmental systems. The Decision Tree offered high interpretability and strong performance. However, the 

Support Vector Machine and Artificial Neural Network significantly outperformed the other models. 

The ANN achieved the highest overall accuracy at 94.2%. This superior performance is attributed to its ability to 

model the complex, non-linear relationships between the input variables (rainfall, slope, soil, etc.) and the output 

(water presence). Hydrological systems are inherently non-linear, and the ANN's flexible architecture is well-

suited to capturing these dynamics, which linear or rule-based models might miss (Dawson & Wilby, 2001). 

5.3 Discussion of Findings and Implications 

This research successfully demonstrated a hybrid GIS-SDM framework for water resource management. The 

generation of tabular data (Table 1) directly addresses the project's primary goal: to make spatial data accessible. 

A district collector, for instance, can use this table to prioritize the allocation of drought relief funds or to identify 

districts needing investment in water harvesting structures. A farmer can use this information, when disseminated 

at a local level, to make informed decisions about planting water-intensive crops. 

The predictive model (ANN) provides a more advanced tool. By inputting projected rainfall data, policymakers 

can use the trained model to forecast potential water availability in the coming season, moving from a reactive to 

a proactive drought management strategy. The clustering analysis (not tabled) further revealed distinct spatial 

patterns, identifying "hotspots" of water stress and "corridors" of water abundance, which can guide an on-the-

ground investigation and intervention. 

This study validates the findings of Manibhushan and Ahmed (2019) regarding the utility of data extraction but 

extends their work by providing a robust, comparative analysis of predictive models, which is crucial for building 

reliable decision support systems as advocated by Tamsekar (2018) and Suchitra (2017). 

 

6. Conclusion and Future Work 

This research successfully developed and applied an integrated framework of Remote Sensing, GIS, and Spatial 

Data Mining for the prediction and analysis of water resources in the Marathwada region. The study demonstrated 

the extraction of water bodies from Sentinel-2 imagery and, most importantly, the transformation of this complex 

spatial data into accessible, non-spatial tabular formats. This addresses a critical barrier, empowering local 

stakeholders like farmers and administrators with clear, understandable data for decision-making. 

The comparative analysis of data mining algorithms concluded that the Artificial Neural Network (ANN) provided 

the most accurate model for classifying and predicting water resource status, achieving an accuracy of 94.2%. 

This is attributed to its strength in modeling the complex, non-linear dynamics of hydrological systems. 

Despite the promising results, this study has limitations. The analysis was based on post-monsoon imagery and 

provides a "snapshot" in time; a multi-temporal analysis across different seasons would yield a more dynamic 

understanding of water body persistence. Furthermore, this study focused exclusively on surface water; a 

comprehensive water budget would require the integration of groundwater level data. 

Future work should focus on two primary directions. First, the methodology should be expanded to include a 

temporal dimension, using time-series satellite data (e.g., monthly composites) to model water body fluctuations 
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throughout the year. Second, the validated predictive models should be operationalized into a web-based GIS 

portal. Such a system would provide a dynamic, user-friendly interface where stakeholders could query data, view 

maps, and run predictive scenarios, truly bridging the gap between advanced spatial science and practical, on-the-

ground water resource management. 
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