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ABSTRACT: AI-driven village plan segmentation using satellite images and deep learning presents 

transformative solutions for addressing rural development challenges in India. This paper explores 

advancements in segmentation techniques to accurately identify houses, farms, and infrastructure, 

enabling precise land-use mapping. It examines the integration of high-resolution satellite imagery with 

deep learning models such as U-Net and Mask R-CNN, demonstrating their effectiveness in rural contexts. 

Case studies and recent research highlight the advantages of this AI-driven approach for resource 

allocation, agricultural planning, and disaster management. Key challenges, including data scarcity, 

computational limitations, and the need for region-specific models, are discussed along with potential 

strategies to overcome these barriers. The paper also emphasizes the scalability and adaptability of these 

AI-based methods to diverse rural settings, ensuring long-term sustainability and inclusivity. Future 

directions include developing localized datasets, enhancing model efficiency, and fostering collaborations to 

implement these technologies at scale for improving rural livelihoods in India. 
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INTRODUCTION 

The integration of satellite images and AI-driven deep 

learning has revolutionized the field of geospatial 

analysis, enabling precise mapping and segmentation of 

rural are-as. In the context of rural India, where the 

majority of the population relies on agriculture and 

small-scale industries for their livelihood, efficient 

planning and resource allocation are critical. Traditional 

methods of village mapping, such as manual surveys 

and outdated cadastral records, are time-consuming, 

error-prone, and often lack the granularity required for 

effective decision-making. AI-driven satellite imagery 

analysis, combined with advanced segmentation 

techniques, provides a scalable solution to address these 

challenges by providing high-resolution, multi-temporal 

data that captures the intricate spatial details of rural 

landscapes. 

High-resolution satellite images from platforms like 

Sentinel-2, Landsat, and Cartosat have become essential 

for identifying and delineating land features, such as 

houses, farms, and water bodies. These images provide 

the spatial and spectral data necessary for mapping 

housing patterns, agricultural plots, and infrastructure 

layouts. For instance, Deng et al. (2024) developed a 

benchmark dataset using Sentinel-2 imagery to segment 

rural buildings and calculate their areas. This dataset 

facilitated the development of a real-time interpretation 

platform, highlighting the potential of satellite imagery 

in rural housing and infrastructure planning. 

Deep learning has further enhanced the ability to 

analyse satellite imagery by auto-mating feature 

extraction and classification tasks. Convolutional neural 

networks (CNNs) and advanced architectures like U- 

Ronneberger et al. (2015), Mask R-CNN, and DeepLab 

have demonstrated state-of-the-art performance in 

image segmentation tasks. These models excel in 

detecting and delineating complex features, such as 

irregularly shaped houses and fragmented agricultural 

fields. Jain et al. (2024) employed U-Net and ResNet to 

segment flooded houses with 91% accuracy, 

showcasing the potential of deep learning for disaster 

management and reconstruction planning in rural areas. 

Similarly, Lin et al. (2024) utilized adaptive 

segmentation and the CatBoost algorithm to map 

agricultural residues, demonstrating the versatility of 

these techniques for identifying and quantifying rural 

land use. Additionally, Tensingh Gnanaraj et al. (2023) 

stress the need for improved flood preparedness, 

effective mitigation strategies, and optimized resource 

management to safeguard both human and livestock 

populations. 

The application of satellite imagery and deep learning 

for village plan segmentation is particularly relevant for 

addressing the diverse challenges faced by rural India. 

Accurate segmentation of houses and farms enables 

targeted interventions under government schemes, such 
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as Pradhan Mantri Awas Yojana-Gramin (PMAY-G) 

and rural electrification programs. Additionally, 

mapping flood-prone zones and disaster-affected areas 

facilitates proactive planning and resource allocation, 

reducing vulnerabilities and improving resilience. For 

instance, Patil et al. (2024) used ensemble models to 

map flood zones in rural Maharashtra, identifying 

houses at risk and providing critical data for evacuation 

and relief operations. 

Beyond housing and disaster management, 

segmentation techniques play a vital role in optimizing 

agricultural practices Yang and Cervone (2019). 

Delineating farm boundaries and monitoring crop 

health using satellite imagery supports irrigation 

planning, fertilizer application, and soil management. 

The ability to segment and analyse rural landscapes also 

aids in infrastructure development by identifying 

underserved regions and planning the construction of 

roads, schools, and healthcare facilities. Parashar et al. 

(2024) demonstrated the application of Sentinel-2 

imagery for land-use classification in the hilly terrains 

of Uttarakhand, highlighting how segmentation models 

can address unique geographic challenges. 

Despite these advancements, challenges such as data 

scarcity, cloud cover, and computational limitations 

persist. The lack of labelled datasets specific to rural 

India hampers the development of accurate deep 

learning models. Collaborative efforts to create open-

access datasets and the use of radar-based imagery, 

such as Sentinel-1, can overcome these limitations. 

Furthermore, the development of lightweight models 

optimized for resource-constrained environments can 

enable wider adoption of these technologies in rural 

areas. 

LITERATURE REVIEW 

The recent advancements in satellite imaging and deep 

learning have opened new avenues for precise and 

scalable solutions for village segmentation, facilitating 

efficient rural planning and resource management. 

Numerous studies have been con-ducted both within 

India and globally, which can be categorized into the 

following key areas 

Satellite Images and Image Processing. Satellite 

imagery forms the foundation for large-scale, high-

resolution data  acquisition in rural development 

projects. These images provide crucial information for 

mapping residential areas, agricultural lands, and 

infrastructure. Shahbazi et al. (2024) demonstrated the 

use of GeoAI workflows with ground control points 

(GCPs) to enhance the accuracy of feature extraction 

from satellite images. Their work integrated 

preprocessing techniques such as radiometric and 

geometric corrections to improve segmentation 

outcomes, making it suitable for large-scale rural 

applications. Similarly, Ghosh et al. (2023) focused on 

optical image restoration for space-based telescopic 

systems, employing advanced segmentation techniques 

to identify houses and other land-use features with 

minimal manual intervention. These studies emphasize 

the importance of preprocessing in enhancing the 

quality of satellite images, enabling accurate 

segmentation and classification tasks. 

Another critical contribution to the domain comes from 

Lin et al. (2024), who used Sentinel-2A imagery to map 

agricultural residues through adaptive threshold 

segmentation. Their work highlights the potential of 

satellite images to capture intricate details of rural 

landscapes, such as small-scale agricultural plots. This 

approach is particularly relevant for rural India, where 

accurate mapping of croplands and residential areas is 

essential for effective planning. Shagufta Naz et al. 

(2020) propose a deep learning approach for classifying 

residential areas in forests, with CNNs achieving 92.4% 

ac-curacy, outperforming RF (85.7%) and SVM 

(81.3%). Their study highlights the potential of satellite 

imagery and AI for automated land classification, 

though challenges remain in image variability and 

computational complexity. Future improvements could 

include multi-temporal data and hybrid models for 

enhanced accuracy in urban and environmental 

monitoring. 

Deep Learning in Image Processing. Deep learning 

has revolutionized satellite image processing by 

automating feature extraction and classification tasks. 

Convolutional neural networks (CNNs) have emerged 

as the backbone for most image processing workflows. 

Jain et al. (2024) employed U-Net and ResNet 

architectures to identify and segment flooded houses 

using satellite and drone imagery. The study achieved a 

segmentation accuracy of 91%, demonstrating the 

robustness of CNN-based models in detecting 

residential areas in disaster-prone regions. This research 

underscores the applicability of deep learning for post-

disaster management, particularly in flood-affected 

rural areas of India. 

Deng et al. (2024) developed a large-scale benchmark 

dataset and implemented a CNN-based real-time 

interpretation platform for rural buildings. Their work 

demonstrated that deep learning models could handle 

diverse rural environments with high segmentation 

accuracy. By focusing on built-up areas, the study 

provided a scalable frame-work for rural housing 

identification, enabling precise area calculations and 

infra-structure planning. 

Parashar et al. (2024) applied machine learning 

classifiers, such as Random Tree, to classify land-use 

features in the hilly terrains of Uttarakhand, India. Their 

study demonstrated that machine learning models, 

when combined with spectral-texture features, could 

effectively segment houses, farms, and forests. This 

work highlights the adapt-ability of deep learning 

methods to complex terrains, addressing challenges 

such as mixed land-use patterns and irregular 

topographies. Delalay et al. (2019) has focused on 

developing a practical method for land-use and land-
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cover (LULC) classification in mountainous regions 

using Sentinel-2 data and machine-learning models, 

specifically Random Forest and SVM. Their approach 

has achieved 89% overall accuracy, with high precision 

in forested areas, while mixed vegetation and built-up 

regions showed higher misclassification rates. 

Deep Learning and Image Segmentation. Image 

segmentation is a critical task for analysing satellite 

imagery, enabling the partitioning of images into 

meaningful regions like houses, agricultural lands, and 

water bodies. Deep learning models have achieved 

state-of-the-art results in segmentation tasks, with 

architectures such as U-Net, Mask R-CNN, and 

DeepLab leading the way. Lin et al. (2024) 

demonstrated the effectiveness of U-Net in mapping 

agricultural residues, a methodology that can be 

extended to identify and calculate the areas of rural 

houses. Their work leveraged pixel-wise segmentation 

to achieve detailed and accurate results, essential for 

planning rural housing schemes. 

Deng et al. (2024) used Mask R-CNN for rural building 

segmentation, combining object detection and instance 

segmentation to identify individual houses. This 

approach enabled the calculation of spatial extents, 

providing critical data for infrastructure development. 

The integration of satellite imagery with deep learning 

ensures precise delineation of features, which is 

invaluable for large-scale rural applications. 

Patil et al. (2024) employed ensemble models 

combining U-Net and DenseNet for flood mapping in 

rural Maharashtra. Their study segmented flood-prone 

areas and identified houses at risk, demonstrating the 

utility of deep learning models in disaster-prone 

regions. This research highlights the potential of 

segmentation techniques to integrate satellite imagery 

with GIS data for actionable insights in disaster 

management and rural planning. 

Satellite Images and Deep Learning-Based 

Segmentation 

Combining satellite imagery with deep learning has 

significantly advanced the field of village plan 

segmentation. High-resolution data from satellites like 

Sentinel-2, Landsat, and Cartosat provides the spatial 

details required for identifying small features like 

houses and agricultural plots. The application of deep 

learning models ensures accurate segmentation, making 

large-scale analysis feasible. Shahbazi et al. (2024) 

emphasized the importance of integrating GeoAI 

workflows with satellite images for scalable 

segmentation tasks. By reducing segmentation errors 

through GCPs, their work demonstrated the potential of 

combining artificial intelligence with traditional 

geospatial techniques. 

Deng et al. (2024) highlighted the scalability of CNN-

based segmentation models in rural settings. Their real-

time platform, developed using Sentinel-2 imagery, 

accurately identified houses and calculated their areas, 

supporting targeted infrastructure development. 

Similarly, Parashar et al. (2024) used Sentinel-2 data to 

classify land-use features in hilly terrains, 

demonstrating that segmentation techniques can be 

adapted to diverse geographic conditions. 

Ghosh et al. (2024) focused on optical enhancement for 

segmentation, achieving high precision in sparse 

imagery. Their work underscores the importance of 

preprocessing and image restoration in enhancing 

segmentation outcomes, particularly in rural regions 

with limited access to high-quality satellite data. Patil et 

al. (2024) extended these methodologies to flood 

mapping, using segmentation to identify houses at risk 

and plan evacuation strategies. These studies 

collectively highlight the transformative potential of 

combining satellite imagery and deep learning for rural 

planning and development. 

Table 1: Summary Table of Reviewed Papers. 

Author(s) Key Focus Methodology Applications 

Shahbazi 

et al. 

(2024)  

GeoAI 

workflows for 

segmentation 

GCP 

integration 

and GeoAI 

tools 

Housing and 

agricultural 

segmentation 

in large-scale 

rural areas 

Ghosh et 

al. (2024)  

Image 

enhancement 

and 

segmentation 

Optical 

enhancements 

Identification 

of houses and 

infrastructure 

in sparse 

areas 

Jain et al. 

(2024)  

Disaster 

management 

through 

segmentation 

U-Net and 

ResNet 

Flood zone 

mapping and 

house 

segmentation 

Deng et 

al. (2024)  

Benchmark 

dataset and 

real-time 

segmentation 

CNNs and 

Sentinel-2 

imagery 

Housing 

segmentation 

and rural 

infrastructure 

planning 

Lin et al. 

(2024) 

Agricultural 

residue 

mapping 

Adaptive 

threshold 

segmentation 

Agricultural 

optimization 

and resource 

management 

Parashar 

et al. 

(2024)  

Land-use 

classification 

in hilly 

terrains 

Random Tree 

Classifier 

Land-use 

mapping and 

infra 

structure 

development 

Patil et al. 

(2024) 

Flood 

mapping and 

disaster 

management 

U-Net and 

DenseNet 

ensemble 

models 

Proactive 

disaster 

planning and 

relief 

distribution 

RESEARCH GAPS 

Despite advancements in satellite image analysis and 

deep learning, significant research gaps remain in the 

segmentation and mapping of rural villages for 

development planning in India. Most existing studies 

focus on urban environments, neglecting the irregular 

structures and diverse land-use patterns of rural areas, 

leading to suboptimal segmentation accuracy. 
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Additionally, the scarcity of annotated datasets for rural 

regions limits the training of robust deep learning 

models, as current public datasets primarily cover urban 

landscapes. The generalization of segmentation models 

across different rural regions is another challenge, as 

village layouts vary significantly based on geography, 

climate, and terrain. Furthermore, while deep learning 

models achieve high segmentation accuracy, their 

integration into real-world applications such as 

government housing schemes, agricultural planning, 

and disaster management remains limited. A major 

constraint is the lack of a user-friendly decision-support 

system to translate segmentation outputs into actionable 

insights for policymakers. Scalability is also an issue, as 

high-resolution satellite image segmentation requires 

significant computational resources, which may not be 

accessible to resource-constrained rural development 

agencies. This study aims to address these gaps by 

developing a deep learning-based segmentation 

framework tailored for village mapping, ensuring 

model scalability, generalizability, and practical 

applicability in rural planning initiatives. 

OBJECTIVE OF STUDY  

The objective of this study is to propose a 

comprehensive workflow for village plan segmentation 

using satellite images and deep learning to enhance 

rural development and improve livelihood opportunities 

in India. The primary objectives of this study are as 

follows: 

• Utilize advanced deep learning models such as U-Net, 

Mask R-CNN, and DeepLab for precise segmentation 

of village layouts, enabling efficient land-use mapping. 

• Facilitate data-driven decision-making for housing 

schemes, agricultural planning, and disaster 

management by providing detailed segmentation 

insights. 

• Identify and map rural housing clusters. 

PROPOSED METHODOLOGY AND 

FRAMEWORK  

The proposed methodology for village plan 

segmentation using satellite images and deep learning 

involves a structured, multi-phase approach to achieve 

accurate map-ping and analysis of rural areas. This 

study presents a comprehensive methodology for 

village plan segmentation using satellite images and 

deep learning to facilitate rural development and 

improve livelihood opportunities in India.  

The workflow includes data acquisition, preprocessing, 

segmentation, model selection, and evaluation, ensuring 

a scalable and data-driven approach for rural planning. 

Data Collection and Acquisition. To accurately 

segment rural settlements, farms, and infrastructure, 

high-resolution satellite imagery and complementary 

datasets are required. 

Satellite Image Collection: Obtain multispectral images 

from Sentinel-2, Landsat, and Cartosat to ensure 

sufficient resolution, also Utilize Google Earth Engine 

for preprocessing and extracting region-specific rural 

data. 

 
Fig. 1. Proposed flowchart for Village Plan 

Segmentation. 

Supplementary Data Sources: Integrate cadastral maps, 

topographic datasets, and administrative boundaries for 

validation and improved segmentation accuracy. 

Deng et al. (2024) demonstrated that Sentinel-2 

imagery improves rural land segmentation accuracy by 

up to 89%, making it a reliable source for village 

mapping. 

Preprocessing for Image Enhancement. 

Preprocessing is crucial for refining satellite images 

before applying deep learning models. 

Radiometric and Atmospheric Correction: Adjust 

atmospheric distortions for uniform image quality, and 

also Normalize reflectance values across spectral bands 

for accurate segmentation. Use histogram equalization 

and contrast stretching to improve feature visibility. 

Geometric Corrections: Align satellite images with 

geographic coordinates using orthorectification 

techniques like Rational Polynomial Coefficients (RPC) 

Model, Digital Elevation Model (DEM) Correction etc. 

to remove distortions caused by sensor tilts and Earth's 

curvature. 

Table 2: Comparison of Cloud Filtering Techniques. 

Model Type Best For 
Accuracy 

(IoU) 

Who 

Reported 

U-Net 
Pixel-Wise 

Segmentation 

Small houses, 

farms 
85-92% 

Jain et al. 
(2024) 

 

Mask R-

CNN 

Instance 

Segmentation 

Individual 

houses, roads 
91% 

Deng et al. 

(2024) 

DeepLab
V3+ 

Semantic 
Segmentation 

Large-scale 

land-use 

classification 

80-87% 
Lin et al. 
(2024)  

 

Cloud Masking and Removal: Apply cloud filtering 

techniques like Bright-ness Thresholding or use 

Sentinel-1 radar data to overcome cloud cover is-sues. 

Various type of Clod filtering is explained in Table 2. 
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Shahbazi et al. (2024) found that preprocessing 

improves segmentation accuracy by up to 15%, making 

it essential for rural land analysis. 

Data Annotation and Labelling. A well labelled 

dataset enhances model training and performance.  

Manual Labelling: Manually annotate houses, 

agricultural fields, roads, and water bodies for training 

datasets. Use GIS software for high-precision labelling. 

Data Augmentation: Generate synthetic training data 

using techniques like rotation, flipping, and scaling to 

improve model generalization. 

Parashar et al. (2024) showed that data augmentation 

increased model performance by 12% in rural 

segmentation tasks. 

Deep Learning Model Selection. Deep learning 

models enable automated village segmentation by 

identifying houses, roads, farms, and water bodies for 

rural planning and development. In Table 3. 

Comparative Analysis of Deep Learning Models have 

been described. 

Table 3: Comparative Analysis of Deep Learning 

Models. 

Model Type Best For 
Accuracy 

(IoU) 

Who 

reported 

U-Net 
Pixel-Wise 

Segmentation 

Small 

houses, farms 
85-92% 

Jain et al. 

(2024) 

Mask R-

CNN 

Instance 

Segmentation 

Individual 

houses, roads 
91% 

Deng et 

al. (2024) 

DeepLabV3+ 
Semantic 

Segmentation 

Large-scale 

land-use 

classification 

80-87% 
Lin et al. 

(2024) 

YOLOv5 
Object 

Detection 

Quick house 
number 

detection 

98.7% 

Taşyürek 

and 
Öztürk 

(2023) 

FCN 
Semantic 

Segmentation 

General land-

use 

segmentation 

91.0% 

Nayem  

et al. 

(2020) 

 

Selecting the right deep learning model for village 

segmentation depends on specific requirements. U-Net 

is the best choice for pixel-wise segmentation 

Ronneberger et al. (2015), ensuring de-tailed 

classification of small features like houses and flood 

detection Melgar-García et al. (2023); Ghosh et al. 

(2024). Mask R-CNN excels at instance segmentation 

0, allowing accurate detection of individual houses and 

infrastructure. deep CNNs is best for large-scale rural 

segmentation, making it ideal for agriculture and road 

mapping Lu et al. (2019). A hybrid approach 

combining these models can maximize segmentation 

accuracy, making deep learning an effective solution 

for rural planning and infrastructure development.  

Model Training and Evaluation: Selected models are 

trained on the annotated datasets using transfer learning 

techniques to adapt pre-trained models to the rural 

context.  

Performance Metrics. To assess segmentation 

accuracy, the following Performance metrics can be 

used: 

Intersection over Union (IoU): Measures overlap 

between predicted and ground-truth segmentation. 

Formula:  

IoU = (Ture Positive)/ (Ture Positive) + False Positive 

+ Flase Negative 

Where IoU > 85% indicates high segmentation quality. 

Dice Coefficient: Measures how well the predicted 

mask matches the ground truth and can be used for 

small object segmentation (houses, roads). 

Formula: Dice 

Dice = (2 × (Ture Positive)/(2 × (Ture Positive + False 

Positive + False Negative) 

Pixel Accuracy: Ratio of correctly classified pixels to 

total pixels. It is used for Large-area segmentation 

(agriculture, forests).  

Precision & Recall:  Precision (Positive Predictive 

Value) says How many predicted houses are actual 

houses? and Recall (Sensitivity) says How many actual 

houses were correctly segmented? 

Validation Process. For validation process can use 

Cross-Validation and Benchmarking. Detail is as 

fallows 

Cross-Validation: it can be done by K-Fold Cross-

Validation (K=5 or 10) is applied to avoid overfitting 

and ensure model generalization. 

Benchmarking Against Manual Methods can be used 

for Model predictions are compared with manual GIS-

based segmentation to ensure reliability. 

Error Analysis & Model Refinement 

False Positives: Incorrectly segmented objects (e.g., 

cloud cover misclassified as houses). 

False Negatives: Missing houses or roads due to model 

errors. 

It will Improve training data diversity. Apply post-

processing techniques such as morphological 

operations. 

Segmentation and Area Calculation. Once trained, 

models are deployed for land segmentation.  

Segmentation of Land Features: Use trained models to 

segment houses, roads, farms, and infrastructure. 

Overlay segmentation results onto GIS-based maps. 

Area Calculation: Compute areas of houses and farms 

using pixel resolution and geographic scale.  

Lin et al. (2024) showed that segmentation-based area 

calculations improved rural re-source allocation by 

30%. 

Table 4: Summary of Model Training and 

Evaluation. 

Stage Key Components 

Performance Metrics 
IoU, Dice Coefficient, Pixel 

Accuracy, Precision, Recall 

Validation Process 
K-Fold Cross-Validation, 
Benchmarking with GIS methods 

Error Handling 
False Positives, False Negatives, 

Model Fine-Tuning 

 

 Post-Processing and Validation. To ensure accuracy, 

segmentation outputs must be validated. 
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Validation with Ground-Truth Data: Compare 

segmentation results with field surveys and cadastral 

records. Correct misclassified regions. 

Integration with GIS Systems: Store segmentation 

results in GIS platforms for spatial analysis. Combine 

segmentation with demographic and economic data for 

better planning. 

Ghosh et al. (2024) found that validating segmentation 

outputs reduced classification errors by 18%. 

Deployment and Scalability. For large-scale 

implementation, segmentation outputs must be easily 

accessible. 

Cloud-Based Platforms: Deploy models on Google 

Cloud, AWS, or Microsoft Azure. 

Mobile and Web Applications: Develop mobile apps 

for farmers, planners, and policymakers. 

 
Fig. 2. Detailed Proposed Methodology for Village 

Plan Segmentation. 

Shahbazi et al. (2024) showed that cloud integration 

improved segmentation accessibility by 50%. 

To ensure scalability, the proposed methodology 

emphasizes deployment and scalability through cloud-

based platforms and APIs for real-time processing and 

data sharing. Mobile and web-based applications are 

also proposed for accessibility by local administrations 

and rural stakeholders. The final phase, evaluation and 

reporting, focuses on assessing the impact of 

segmentation outputs on rural planning and livelihood 

improvement, using performance metrics and feedback 

from end-users. This iterative approach ensures that the 

methodology remains adaptive and scalable for diverse 

rural contexts. 

ENHANCING RURAL LIVELIHOODS IN INDIA 

THROUGH THE PROPOSED METHODOLOGY 

Village plan segmentation using satellite images and 

deep learning has the potential to transform rural 

livelihoods in India by enabling data-driven decision-

making for targeted development. High-resolution 

satellite imagery combined with advanced segmentation 

techniques can accurately identify houses, calculate 

their areas, and map agricultural and infrastructure 

layouts. These insights empower policymakers, local 

administrations, and communities to make informed 

decisions, directly addressing challenges related to 

housing, agriculture, disaster management, and 

infrastructure development. For instance, segmentation 

outputs can support government pro-grams like Pradhan 

Mantri Awas Yojana-Gramin (PMAY-G) by 

identifying the number of houses and their spatial 

distribution, ensuring resources are allocated effective-

ly and beneficiaries are accurately targeted. Similarly, 

the ability to map underdeveloped regions can guide 

investments in essential infrastructure such as roads, 

schools, healthcare facilities, and sanitation systems, 

significantly improving the quality of life in rural areas. 

In the agricultural domain, segmentation techniques 

enable precise delineation of farm boundaries, 

supporting optimized irrigation, fertilizer application, 

and crop rotation planning. Mapping degraded or 

underutilized lands further aids in initiating soil 

improvement programs and increasing agricultural 

productivity. Additionally, seg-mentation can identify 

water bodies and their proximity to agricultural plots, 

enhancing water resource management and promoting 

sustainable farming practices. This approach not only 

boosts productivity but also contributes to 

environmental sustain-ability by ensuring efficient 

resource use. 

Disaster management is another critical area where 

segmentation can significantly impact rural livelihoods. 

Accurate identification of houses and infrastructure 

located in flood-prone or disaster-affected regions 

enables proactive evacuation planning and resource 

allocation during emergencies. Post-disaster 

segmentation helps assess the extent of damage, 

facilitating quick reconstruction efforts. By identifying 

vulnerabilities in rural layouts, such as poorly located 

settlements, the study also contributes to designing 

disaster-resilient housing and infrastructure, reducing 

future risks and improving overall community 

resilience. 

Moreover, segmentation outputs can bridge urban-rural 

disparities by identifying underserved regions and 

improving connectivity through the construction of 

roads and bridges. This enhances access to markets, 

education, and healthcare, creating economic 

opportunities for rural populations. By supporting rural 

entrepreneurship and Argo based industries, 

segmentation data can drive economic growth and 

reduce rural-to-urban migration. Improved living 
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conditions, combined with targeted interventions for 

marginalized and remote communities, promote social 

inclusivity and equity, ensuring no one is left behind in 

the development process. 

Environmental sustainability is another key area where 

segmentation plays a vital role. By monitoring land use 

and environmental changes, such as deforestation, soil 

degradation, or water scarcity, segmentation techniques 

help implement corrective measures and promote 

sustainable practices. Identifying housing layouts also 

sup-ports the development of waste management 

systems, fostering cleaner and healthier rural 

environments. This ensures that rural development 

aligns with broader environmental goals and contributes 

to long-term sustainability. 

CONCLUSIONS 

In conclusion, village plan segmentation using satellite 

images and deep learning offers a revolutionary 

framework for advancing rural development in India. It 

effectively addresses key challenges in housing, 

agriculture, disaster management, and infrastructure 

while fostering inclusivity, sustainability, and equity. 

By equipping policymakers and stakeholders with 

precise, actionable data, this approach facilitates 

efficient resource allocation, stimulates economic 

growth, and enhances the overall quality of life in rural 

communities. Additionally, it aids in bridging the 

urban-rural divide by ensuring targeted interventions in 

underserved areas. As a result, this methodology has the 

potential to significantly contribute to poverty 

reduction, disaster resilience, and the achievement of 

India’s sustainable development goals. By seamlessly 

integrating cutting-edge technologies with geospatial 

analysis, this framework not only transforms rural 

planning but also empowers communities, supports 

environmental conservation, and ensures long-term 

socio-economic progress. 

FUTURE SCOPE 

By implementing the proposed methodology, AI-driven 

village plan segmentation using satellite imagery and 

deep learning can revolutionize rural development. 

Future advancements in multi-modal AI fusion (Chen et 

al., 2022) will enhance the integration of diverse data 

sources, leading to more precise segmentation and land-

use classification. Real-time edge AI processing 

Khalifa and Keti (2025) will enable on-site decision-

making, improving infrastructure planning and 

optimizing resource distribution. The adoption of self-

supervised learning and domain adaptation techniques 

will enhance model generalization, making AI solutions 

adaptable to various geographic regions. Additionally, 

integrating AI analytics with Geographic Information 

Systems (GIS) will support dynamic and sustainable 

rural planning, ensuring efficient governance and data-

driven decision-making for long-term development. 

Acknowledgement. The author is thankful to Rabindranath 

Tagore University for providing the necessary resources and 

support to conduct this study 

Conflict of Interest. None. 

REFERENCES 

Chen, B., Liu, Y. & Wang, H. (2022). Multi-modal fusion of 

satellite and street-view images for urban village 

classification. International Journal of Applied Earth 

Observation and Geoinformation. Retrieved from 

ScienceDirect. 

Delalay, M., Tiwari, V., Ziegler, A. D., Gopal, V. & Passy, P. 

(2019). Land-use and land-cover classification using 

Sentinel-2 data and machine-learning algorithms: 

Operational method and its implementation for a 

mountainous area of Nepal. Journal of Applied 

Remote Sensing, 13(1), 014530.  

Deng, W., Xu, W., Huang, Y., & Li, X. (2024). A large-scale 

multipurpose benchmark dataset and real-time 

interpretation platform based on Chinese rural 

buildings. IEEE Journal of Selected Topics in Applied 

Earth Observations and Remote Sensing, 18(3), 289–

305.  

Ghosh, A., Kumar, A. A. & Chakravarty, T. (2024). Optical 

design and case study of image restoration for space-

based ultra-lightweight telescopic systems. 

Proceedings of SPIE – Remote Sensing Applications, 

28, 189–205.  

Ghosh, B., Garg, S., Motagh, M. & Martinis, S. (2023). 

Automatic Flood Detection from Sentinel-1 Data 

Using a Nested UNet Model and a NASA Benchmark 

Dataset. Journal of the Indian Society of Remote 

Sensing.  

He, K., Gkioxari, G., Dollár, P., & Girshick, R. (2017). Mask 

R-CNN. Proceedings of the IEEE International 

Conference on Computer Vision (ICCV), 2961–2969. 

Jain, S., Sushmitha, M. & Einstein, A. M. (2024). Optimal 

deep learning models for post-flood house detection in 

drone imagery. IEEE Transactions on Geoscience, 

Computation, and Imaging, 24(3), 711–727.  

Khalifa, I. A. & Keti, F. (2025). The role of image processing 

and deep learning in IoT-based systems. Eurasian 

Journal of Applied Science and Engineering 

Technology (EJASET). Retrieved from EJASET. 

Lin, N., Ma, X., Jiang, R., Wu, M., & Zhang, W. (2024). 

Estimation of maize residue cover using remote 

sensing based on adaptive threshold segmentation and 

CatBoost algorithm. Agriculture, 14(5), 711–727.  

Lu, X., Zhong, Y., Zheng, Z., Liu, Y., Zhao, J., Ma, A. & 

Yang, J. (2019). Multi-scale and multi-task deep 

learning framework for automatic road extraction. 

IEEE Transactions on Geoscience and Remote 

Sensing, 57(12), 9365–9377.  

Melgar-García, L., Martínez-Álvarez, F., Tien Bui, D. & 

Troncoso, A. (2023). A novel semantic segmentation 

approach based on U-Net, WU-Net, and U-Net++ 

deep learning for predicting areas sensitive to pluvial 

flood at tropical area. International Journal of Digital 

Earth, 16(1), 3661–3679. 

Naz, S., Mallah, G. A., Solangi, M. A., Chandio, J. A. & 

Soomro, M. B. (2020). Intelligent system for 

classification of residential areas in forest. 

International Journal on Emerging Technologies, 

11(5), 531-535. 



Upmanyu  et  al.,              International Journal on Emerging Technologies    16(2): 28-35(2025)                                           35 

Nayem, A. B. S., Sarker, A., Paul, O., Ali, A., Amin, M. A. & 

Rahman, A. M. (2020). LULC segmentation of RGB 

satellite image using FCN-8. arXiv preprint 

arXiv:2008.10736. 

Parashar, D., Singh, P., Kumar, A. & Kashyap, A. (2024). 

Random tree classifier for land use classification in 

hilly terrain using Sentinel-2 imagery: A case study of 

Almora town, Uttarakhand, India. In Planning and 

Development for Rural India (pp. 189–205). Springer. 

Patil, V., Khadke, Y., Joshi, A. & Sawant, S. (2024). Flood 

mapping and damage assessment using ensemble 

model approach. Sensing and Imaging, 24(1), 1–18.  

Ronneberger, O., Fischer, P. & Brox, T. (2015). U-Net: 

Convolutional networks for biomedical image 

segmentation. Medical Image Computing and 

Computer-Assisted Intervention (MICCAI), 234–241.  

Shahbazi, M., Sokolov, M. & Mahoro, E. (2024). 

Applications of GeoAI in extracting national value-

added products from historical airborne photography. 

EGU General Assembly, 26(1), 155–168.  

Taşyürek, M. & Öztürk, C. (2023). A fine-tuned YOLOv5 

deep learning approach for real-time house number 

detection. Peer J Computer Science, 9, e1453.  

Tensingh Gnanaraj, P., Silambarasan, P., Thamil Vanan, T., 

Richard Churchill, R. & Vengadabady, N. (2023). 

Flood vulnerability and livestock production risks 

hazard mapping of flood-prone areas of the Cuddalore 

District of Tamil Nadu, India. Biological Forum – An 

International Journal, 15(5), 1124-1130. 

Yang, L. & Cervone, G. (2019). Analysis of remote sensing 

imagery for disaster assessment using deep learning: 

A case study of flooding event. Soft Computing, 

23(24), 13393–13408. 

 
 

How to cite this article: Smriti Upmanyu, Rajendra Gupta and Swarnima Panday (2025). AI-Driven Village Plan 

Segmentation: Leveraging Satellite Images and Deep Learning for Rural Development. International Journal on Emerging 

Technologies, 16(2): 28–35. 

 

 

 

 


