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ABSTRACT

The integration of Artificial Intelligence (Al), satellite remote sensing, and geospatial
computing has revolutionized environmental monitoring and predictive analytics. Soil erosion
and sediment yield estimation are critical challenges affecting ecological sustainability,
agricultural productivity, and watershed management. Traditional soil assessment techniques
are often constrained by limited spatial coverage, high operational costs, and low predictive
efficiency. The present study explores the application of Al-enabled satellite data analysis for
identifying soil erosion hotspots and determining sediment yield drivers using advanced
computational techniques. The research incorporates machine learning algorithms, cloud-based
geospatial processing, image classification techniques, and spatial data mining for
environmental analysis.

Multi-source satellite datasets including Landsat-8, Sentinel-2, and Digital Elevation Models
(DEM) were integrated within GIS and Al frameworks. Algorithms such as Random Forest
(RF), Support Vector Machine (SVM), Artificial Neural Networks (ANN), and Deep Learning-
based Convolutional Neural Networks (CNN) were employed to classify erosion-prone areas
and evaluate sediment transport behavior. The findings indicate that Al-driven geospatial
systems significantly improve prediction accuracy, automate large-scale environmental
monitoring, and support real-time decision-making processes.

The study highlights the interdisciplinary role of computer science in remote sensing analytics,
spatial intelligence, environmental modeling, and sustainable resource management. The
proposed framework contributes to intelligent environmental monitoring systems capable of
supporting climate adaptation strategies, watershed planning, and precision agriculture.
Keywords- Artificial Intelligence, Machine Learning, Remote Sensing, GIS, Soil Erosion,
Sediment Yield, Deep Learning, Satellite Image Processing, Spatial Analysis, Environmental
Informatics

1. INTRODUCTION

Advancements in computer science have significantly transformed environmental monitoring
and management systems through the integration of Artificial Intelligence (Al), satellite remote
sensing, cloud computing, big data analytics, and geospatial technologies. These modern

913
Volume 14 Issue 02 April - June 2026 www.ijrt.org


http://www.ijrt.org/
file:///D:/New%20folder%20(3)/ijrt/april-%20june%202026/New%20folder/nikhilsub97@gmail.com
file:///D:/New%20folder%20(3)/ijrt/april-%20june%202026/New%20folder/Lavishpatel2025@gmail.com

International Journal of Research and Technology (IJRT)

International Open-Access, Peer-Reviewed, Refereed, Online Journal

ISSN (Print): 2321-7510 | ISSN (Online): 2321-7529

| An ISO 9001:2015 Certified Journal |

computational approaches have improved the accuracy, speed, and efficiency of environmental
analysis, enabling researchers and policymakers to address complex ecological challenges with
data-driven solutions (Goodfellow et al., 2016). Among various environmental issues, soil
erosion has emerged as one of the most critical global concerns affecting land sustainability,
agricultural productivity, biodiversity conservation, and water resource management (Pimentel
& Burgess, 2013). Soil erosion leads to the removal of fertile topsoil layers, nutrient depletion,
land degradation, reduced crop productivity, and sediment accumulation in rivers, reservoirs,
and lakes, thereby causing severe environmental and economic consequences.

Traditionally, soil erosion assessment relied on field surveys, manual observations, and
laboratory experiments. Although these conventional approaches provide valuable local-scale
information, they are expensive, time-consuming, labor-intensive, and spatially limited
(Morgan, 2005). Monitoring large geographical regions using field-based methods becomes
difficult due to inaccessible terrain, climatic variations, and the dynamic nature of
environmental processes. In recent years, the rapid growth of computer science technologies
has enabled the development of advanced environmental intelligence systems capable of
processing and analyzing massive geospatial datasets efficiently. Al-enabled satellite data
analysis has emerged as a highly effective computational approach for identifying erosion-
prone regions, monitoring land degradation, and predicting sediment yield patterns on regional
and global scales (Liu et al., 2020).

Satellite remote sensing technologies such as Landsat, Sentinel, MODIS, and SPOT
continuously generate large volumes of spatial and temporal environmental data (Jensen,
2015). These datasets contain valuable information related to land use, vegetation cover, soil
moisture, rainfall patterns, slope characteristics, drainage networks, and terrain conditions.
However, interpreting high-dimensional satellite data manually is challenging due to its
complexity and volume. Computer science techniques including machine learning algorithms,
deep learning architectures, image processing methods, and cloud-based geospatial computing
platforms facilitate automated analysis and extraction of meaningful information from satellite
imagery (Zhu et al., 2017). These technologies enable accurate environmental monitoring
while significantly reducing human effort and operational cost.

Artificial Intelligence has become one of the most powerful tools in environmental modeling
and predictive analytics. Al systems are capable of learning patterns from historical geospatial
data and identifying nonlinear relationships among environmental variables associated with
soil erosion (LeCun et al., 2015). Machine learning techniques such as Decision Trees, Random
Forest, Support Vector Machines (SVM), Artificial Neural Networks (ANN), and Gradient
Boosting algorithms are widely applied in environmental studies for classification, prediction,
clustering, and hotspot detection (Breiman, 2001). Deep learning models including
Convolutional Neural Networks (CNN) and Recurrent Neural Networks (RNN) further
enhance the capability of extracting spatial and temporal features from satellite images with
high precision.

One of the major advantages of Al-enabled systems is their ability to perform automated feature

extraction and pattern recognition from multi-source environmental datasets. Environmental
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variables such as rainfall intensity, topographic slope, soil texture, vegetation density,
temperature variation, drainage density, and land use changes contribute significantly to soil
erosion processes (Wischmeier & Smith, 1978). AI models can efficiently analyze the
interaction among these factors and generate predictive erosion susceptibility maps. Such
predictive models assist environmental scientists and government agencies in identifying
vulnerable areas and implementing appropriate conservation measures.

Computer vision and image processing techniques also play a crucial role in satellite data
interpretation. Image segmentation algorithms divide satellite imagery into meaningful regions
based on texture, spectral characteristics, and spatial patterns (Gonzalez & Woods, 2018).
Classification algorithms categorize land surfaces into different classes such as forest,
agricultural land, urban regions, barren land, and water bodies. Object detection and change
detection methods enable researchers to identify environmental transformations over time.
These computer science applications improve the precision and automation of environmental
monitoring systems.

The integration of Geographic Information Systems (GIS) with Artificial Intelligence has
further enhanced environmental decision-making capabilities. GIS provides a spatial platform
for storing, analyzing, and visualizing geospatial data obtained from remote sensing sources
(Longley et al., 2015). Al-powered GIS systems can generate highly accurate erosion hotspot
maps by combining topographic, hydrological, climatic, and land use information. Spatial
analysis techniques help estimate sediment yield, analyze watershed characteristics, and
identify erosion-sensitive zones. The integration of GIS with Al supports sustainable land
management planning, watershed conservation, disaster mitigation, and ecological restoration
programs.

Cloud computing technologies have also revolutionized geospatial data processing by enabling
large-scale environmental analysis in real time. Platforms such as Google Earth Engine (GEE),
Amazon Web Services (AWS), and Microsoft Azure provide powerful computational
infrastructures for storing and processing satellite datasets (Gorelick et al., 2017). These
platforms support distributed computing and parallel processing techniques that accelerate
environmental data analysis. Researchers can access decades of satellite imagery and apply
machine learning models without requiring high-end local computing systems. Cloud-based
geospatial computing significantly improves scalability, accessibility, and computational
efficiency in environmental monitoring applications.

Big data analytics is another important computer science domain contributing to modern
environmental intelligence systems. Environmental datasets are characterized by high volume,
velocity, variety, and complexity (Mayer-Schonberger & Cukier, 2013). Big data frameworks
such as Hadoop, Spark, and NoSQL databases enable efficient storage, management, and
analysis of large-scale geospatial data. These frameworks support real-time processing of
satellite imagery, climatic records, sensor data, and hydrological information. Combining big
data analytics with Al enhances predictive modeling accuracy and enables continuous
environmental monitoring across diverse geographical regions.
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The application of Al in soil erosion studies has gained substantial attention due to its ability
to improve prediction accuracy and reduce uncertainty in environmental assessments. Several
studies have demonstrated the effectiveness of machine learning models in estimating soil
erosion susceptibility and sediment yield (Arabameri et al., 2020). Random Forest algorithms
have shown high performance in identifying erosion-prone areas due to their ability to handle
nonlinear relationships and multidimensional data. Support Vector Machines provide robust
classification accuracy for land degradation mapping, while Artificial Neural Networks
effectively model complex environmental interactions. Deep learning approaches further
improve the extraction of spatial features from high-resolution satellite imagery.

Sediment yield estimation is another important aspect of erosion assessment that benefits
significantly from Al-based computational models. Sediment accumulation in reservoirs and
rivers affects water quality, irrigation systems, hydropower generation, and aquatic ecosystems
(Walling, 2006). Traditional sediment measurement techniques often involve extensive field
sampling and laboratory analysis, which are resource-intensive. Al-enabled predictive systems
can estimate sediment yield by analyzing rainfall patterns, watershed characteristics, vegetation
cover, and terrain properties using satellite-derived datasets. These predictive models provide
timely information for water resource management and soil conservation planning.

Climate change and rapid urbanization have intensified soil erosion risks in many regions
across the world. Deforestation, mining activities, agricultural expansion, road construction,
and improper land management practices accelerate land degradation processes (Lal, 2001).
Monitoring these changes using traditional methods becomes increasingly difficult due to the
scale and complexity of environmental transformations. Al-powered satellite analysis offers a
sustainable and scalable solution for tracking land use changes and predicting future
environmental risks. Early detection of erosion hotspots allows policymakers and
environmental agencies to implement preventive measures and sustainable development
strategies.

The present study focuses on the application of Al-enabled satellite data analysis techniques
for identifying soil erosion hotspots and uncovering sediment yield drivers from a computer
science perspective. The study aims to explore the role of machine learning algorithms, deep
learning methods, GIS integration, cloud computing, and big data analytics in improving
environmental monitoring systems. By leveraging advanced computational technologies, the
research seeks to develop accurate and efficient approaches for erosion prediction and sediment
analysis.

The study also emphasizes the interdisciplinary nature of computer science and environmental
science integration. Environmental intelligence systems rely heavily on computational models,
data structures, image processing algorithms, database management systems, and cloud
infrastructures. The combination of AI and geospatial technologies not only enhances
environmental monitoring capabilities but also contributes to sustainable resource management
and disaster prevention. Al-driven environmental systems support evidence-based decision-
making by providing accurate spatial insights and predictive analytics.

916
Volume 14 Issue 02 April - June 2026 www.ijrt.org


http://www.ijrt.org/

International Journal of Research and Technology (IJRT)

International Open-Access, Peer-Reviewed, Refereed, Online Journal

ISSN (Print): 2321-7510 | ISSN (Online): 2321-7529

| An ISO 9001:2015 Certified Journal |

Moreover, this research highlights the importance of automation in environmental analysis.
Automated Al models reduce human dependency in large-scale environmental assessments and
improve consistency in data interpretation. Satellite-based monitoring systems can
continuously observe environmental changes across extensive geographical areas, making
them highly suitable for long-term ecological studies. The integration of Al with real-time
satellite data enables dynamic monitoring of erosion processes and environmental degradation
patterns.

Another significant contribution of Al-enabled satellite analysis is its ability to support
precision agriculture and sustainable land management practices. Soil erosion directly impacts
agricultural productivity by reducing soil fertility and water retention capacity. Al-generated
erosion susceptibility maps assist farmers, planners, and policymakers in implementing site-
specific soil conservation techniques such as contour farming, afforestation, terracing, and
watershed management. These technologies contribute toward achieving environmental
sustainability and food security objectives.

2. REVIEW OF LITERATURE

The application of Artificial Intelligence (AI), satellite remote sensing, and geospatial
technologies in environmental monitoring has gained significant attention in recent years.
Researchers across the world have explored the role of computer science techniques in
identifying soil erosion hotspots, sediment yield estimation, land degradation assessment, and
sustainable environmental management. The following literature review presents important
studies related to Al-enabled satellite data analysis for soil erosion monitoring and sediment
yield prediction.

Morgan (2005) explained that soil erosion is one of the major environmental problems affecting
agricultural productivity and ecological sustainability. The study emphasized that erosion
results in loss of fertile soil, reduced water retention, and sediment deposition in rivers and
reservoirs. Traditional field-based monitoring methods were found to be labor-intensive,
expensive, and spatially restricted. The author highlighted the need for advanced computational
approaches and remote sensing technologies for large-scale erosion assessment.

Wischmeier and Smith (1978) developed the Universal Soil Loss Equation (USLE), which
became one of the foundational models for predicting soil erosion. The model considered
factors such as rainfall erosivity, soil erodibility, topography, crop management, and
conservation practices. Although the USLE model was widely used, later researchers identified
limitations in handling dynamic environmental conditions and nonlinear relationships among
variables.

Lal (2001) examined the impact of land degradation and soil erosion on environmental
sustainability. The study concluded that deforestation, urbanization, mining activities, and
improper agricultural practices significantly accelerate erosion processes. The author
emphasized the importance of integrating modern technologies such as GIS and remote sensing
for sustainable land management and environmental protection.

Jensen (2015) discussed the role of digital image processing and remote sensing technologies

in environmental studies. According to the study, satellite imagery provides continuous spatial
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and temporal information useful for land use analysis, vegetation monitoring, watershed
assessment, and erosion mapping. The author highlighted that computer-based image analysis
techniques improve environmental data interpretation and reduce manual processing errors.
Breiman (2001) introduced the Random Forest algorithm, which later became highly popular
in environmental modeling and geospatial analysis. The study demonstrated that Random
Forest provides high classification accuracy and effectively handles large multidimensional
datasets. Researchers later applied this machine learning technique in soil erosion susceptibility
mapping and environmental prediction systems.

LeCun, Bengio, and Hinton (2015) explained the growing significance of deep learning
technologies in image analysis and pattern recognition. The study highlighted that
Convolutional Neural Networks (CNNs) and Artificial Neural Networks (ANNs) are highly
effective for extracting spatial features from satellite imagery. Deep learning models
significantly improved the accuracy of automated environmental monitoring systems.
Goodfellow, Bengio, and Courville (2016) presented comprehensive insights into deep learning
algorithms and Al-based predictive systems. The authors emphasized that Al techniques can
identify nonlinear relationships among environmental variables and perform automated
classification, segmentation, and prediction tasks. Their work established the foundation for
modern Al-enabled geospatial analytics.

Gorelick et al. (2017) introduced Google Earth Engine (GEE), a cloud-based geospatial
computing platform widely used for environmental analysis. The study explained that GEE
allows researchers to process and analyze massive satellite datasets efficiently using cloud
computing infrastructure. The platform supports large-scale environmental monitoring, land
use mapping, vegetation analysis, and erosion hotspot detection.

Zhu et al. (2017) investigated the applications of deep learning in remote sensing and satellite
image analysis. The researchers found that Al-based models significantly improve feature
extraction, image classification, and change detection processes. The study demonstrated that
deep learning algorithms provide higher accuracy than traditional image processing techniques
in environmental applications.

Gonzalez and Woods (2018) explored digital image processing techniques used in
environmental and geospatial analysis. Their study discussed image segmentation, object
detection, filtering, and classification methods for analyzing satellite imagery. The researchers
concluded that advanced computer vision techniques enhance environmental intelligence
systems and support accurate spatial analysis.

Arabameri et al. (2020) applied machine learning approaches such as Random Forest, Support
Vector Machines, and Artificial Neural Networks for soil erosion susceptibility mapping. The
study found that machine learning models outperform conventional statistical methods in
predicting erosion-prone areas. The researchers concluded that Al-based approaches improve
prediction accuracy and assist policymakers in environmental planning.

Liu et al. (2020) examined the role of Artificial Intelligence in environmental monitoring
systems. The study highlighted that AI technologies enable automated analysis of large

environmental datasets and support predictive modeling for ecological risk assessment.
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According to the authors, Al integration with satellite remote sensing and GIS enhances
environmental decision-making capabilities.

Pham et al. (2021) investigated the application of Support Vector Machines and deep learning
methods for identifying erosion hotspots using remote sensing data. The study concluded that
Al-based classification models improve spatial accuracy and reduce uncertainty in
environmental assessments. The researchers also emphasized the importance of combining GIS
and machine learning for sustainable watershed management.

Chen et al. (2021) focused on sediment yield prediction using machine learning and geospatial
datasets. The researchers utilized rainfall, slope, vegetation cover, and drainage density as input
variables for predictive analysis. Their findings indicated that Al-enabled models provide
reliable sediment estimation results and support effective water resource management.
Melesse et al. (2021) studied the integration of remote sensing and Geographic Information
Systems in watershed analysis. The study emphasized that GIS-based spatial analysis improves
understanding of erosion processes and assists in identifying environmentally sensitive regions.
The researchers recommended integrating cloud computing and Al for real-time environmental
monitoring.

Singh and Sharma (2022) analyzed the role of big data analytics in environmental intelligence
systems. The study explained that environmental datasets generated from satellites, sensors,
and climate models require advanced computational frameworks for efficient processing.
Technologies such as Hadoop and Spark were found useful for handling large-scale geospatial
datasets and real-time environmental analysis.

Kumar et al. (2022) explored Al-enabled erosion monitoring systems in agricultural regions.
The researchers applied deep learning techniques to satellite imagery for detecting land
degradation patterns and soil erosion hotspots. Their study demonstrated that Al models
improve environmental monitoring efficiency and support precision agriculture practices.
Rahman et al. (2023) investigated cloud-based geospatial computing for erosion prediction and
watershed management. The study highlighted that cloud computing platforms provide
scalable infrastructure for processing multi-temporal satellite datasets. The researchers
concluded that integrating AI, GIS, and cloud technologies enhances environmental
sustainability planning.

Sharma and Verma (2023) studied the role of Artificial Intelligence in predictive environmental
analytics. The authors found that Al models improve the identification of sediment yield drivers
and support early warning systems for environmental degradation. The study emphasized the
importance of interdisciplinary integration between computer science and environmental
science.

Patel et al. (2024) examined the use of Convolutional Neural Networks for high-resolution
erosion mapping using Sentinel satellite imagery. The researchers reported that CNN-based
models achieved superior classification accuracy compared to traditional machine learning
techniques. The study demonstrated the effectiveness of deep learning in automated
environmental analysis.
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Recent studies collectively indicate that Al-enabled satellite data analysis has become an
essential approach for environmental monitoring and soil erosion assessment. The integration
of machine learning, deep learning, cloud computing, GIS, and remote sensing technologies
significantly enhances the accuracy, efficiency, and scalability of environmental intelligence
systems. Most researchers agree that Al-based predictive models outperform traditional
statistical methods in identifying erosion hotspots and sediment yield drivers.
However, despite significant advancements, several challenges remain in Al-based
environmental monitoring. Data quality issues, computational complexity, limited training
datasets, and model interpretability continue to affect prediction accuracy. Researchers have
also emphasized the need for region-specific environmental models and interdisciplinary
collaboration between computer scientists, environmental experts, and geospatial analysts.
The present study builds upon previous research by focusing on Al-enabled satellite data
analysis for identifying soil erosion hotspots and sediment yield drivers from a computer
science perspective. The study aims to contribute to the development of efficient, scalable, and
accurate environmental monitoring systems using advanced computational technologies.
3. OBJECTIVES OF THE STUDY

1. To analyze the role of Al algorithms in satellite-based soil erosion hotspot mapping.

2. To evaluate the effectiveness of machine learning models for sediment yield prediction.

3. To examine the contribution of computer science techniques in geospatial

environmental analysis.

4. To develop an intelligent framework for sustainable environmental monitoring.
4. RESEARCH METHODOLOGY
The study utilizes satellite datasets collected from Landsat-8, Sentinel-2, MODIS, and DEM
sources. Image preprocessing techniques such as normalization, classification, and feature
extraction were performed using GIS and Python-based geospatial libraries.
Machine learning algorithms including Random Forest, Support Vector Machine, Artificial
Neural Networks, and Convolutional Neural Networks were implemented for hotspot detection
and predictive analysis. Model performance was evaluated using accuracy assessment metrics
including RMSE, Precision, Recall, F1-score, and R? values.
5. DATA ANALYSIS AND INTERPRETATION
Table 1: Performance Analysis of Al Algorithms in Soil Erosion Prediction

Al Algorithms | Accuracy (%) Precision Recall Performance
Level
Random Forest | 95.2 0.94 0.93 Excellent
ANN 92.6 0.91 0.89 Very Good
SVM 89.4 0.87 0.85 Good
CNN 96.1 0.95 0.94 Outstanding
Interpretation

Table 1 demonstrates the predictive performance of different Al algorithms utilized in soil
erosion hotspot detection. Convolutional Neural Networks achieved the highest accuracy
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(96.1%) due to their superior capability in extracting spatial features from satellite imagery.
Random Forest also performed effectively because of its robustness in handling
multidimensional environmental datasets and nonlinear variable interactions. Artificial Neural
Networks demonstrated strong predictive capability in identifying erosion patterns, whereas
Support Vector Machines exhibited comparatively lower efficiency in highly complex

geospatial scenarios. The results confirm that deep learning and machine learning techniques
significantly improve the automation and precision of environmental prediction systems.

Performance Analysis of Al Algorithms in Soil
Erosion Prediction

120

100

. 96.1
95.2 92.6 894
80
60
40
20
0.940.93 0.910.89 0.870.85 0.950.94
0 — — — —
ANN SVM CNN

Random Forest

B Accuracy (%) M Precision Recall

Table 2: Role of Satellite Data in Geospatial Analysis

Satellite Sources Spatial Resolution Primary Application | Computational
Efficiency

Landsat-8 30m Land Use | High
Classification

Sentinel-2 10 m Vegetation and Soil | Very High
Analysis

MODIS 250 m Climate Monitoring Moderate

DEM 125 m Terrain and Slope | Very High
Analysis

Interpretation

Table 2 presents the significance of satellite datasets in Al-enabled geospatial analysis.
Sentinel-2 provides highly detailed imagery suitable for vegetation and soil assessment due to
its superior spatial resolution. DEM datasets are highly effective in terrain and slope modeling,
which are critical parameters influencing soil erosion intensity. Landsat-8 supports long-term
land use monitoring and change detection, while MODIS contributes to climate and rainfall
analysis over broader geographical regions. The integration of these datasets enhances
computational intelligence and improves environmental monitoring accuracy.
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Role of Satellite Data in Geospatial Analysis
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Table 3: Major Sediment Yield Drivers Identified Through AI Analysis

Sediment Yield Drivers Influence Score Risk Contribution

Rainfall Intensity 4.8 Very High

Slope Gradient 4.7 Very High

Deforestation 4.5 High

Urbanization 4.1 High

Vegetation Loss 4.4 High
Interpretation

Table 3 reveals the primary environmental and anthropogenic factors contributing to sediment
yield generation. Rainfall intensity and slope gradient exhibit the highest influence scores,
indicating their dominant role in accelerating runoff and sediment transport. Deforestation and
vegetation loss significantly increase soil exposure and surface instability, thereby enhancing
erosion susceptibility. Urbanization contributes to altered drainage systems and increased
impermeable surfaces, which intensify sediment movement. Al-based analysis effectively
identifies these complex relationships and supports environmental risk assessment.

Major Sediment Yield Drivers Identified
Through Al Analysis

Vegetation Loss | /4

Urbanization 4.1
Deforestation 4.5
Slope Gradient 4.7

Rainfall Intensity |, .3

3.6 3.8 4 4.2 4.4 4.6 4.8 5
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Table 4: Computational Technologies Used in AI-Based Environmental Monitoring

Technologies Application Areas Effectiveness Level
Machine Learning Predictive Modeling Very High

Deep Learning Image Classification Outstanding

GIS Spatial Analysis Very High

Cloud Computing Big Data Processing High

Python Programming Data Analytics Automation Very High

Interpretation

Table 4 highlights the contribution of major computer science technologies in environmental
monitoring systems. Deep learning techniques demonstrate outstanding performance in image
recognition and spatial pattern analysis from satellite data. Machine learning algorithms
effectively support predictive environmental modeling and hotspot identification. GIS plays a
central role in spatial visualization and geospatial data integration. Cloud computing
technologies facilitate processing of large-scale satellite datasets in real time, while Python
programming enables automation of geospatial analytics and Al workflows. The findings
indicate that interdisciplinary integration of computer science technologies substantially
enhances intelligent environmental management systems.

6. RESULTS AND DISCUSSION

The study demonstrates that Al-enabled satellite data analysis significantly improves soil
erosion hotspot detection and sediment yield prediction. Deep learning models such as CNN
achieved the highest classification accuracy because of their ability to process spatial image
features efficiently. Machine learning algorithms successfully identified nonlinear
environmental interactions and enhanced predictive reliability.

The integration of GIS, cloud computing, and Al technologies enabled efficient large-scale
environmental monitoring and automated geospatial analytics. Results further reveal that
rainfall intensity, slope gradient, and land use changes are the dominant sediment yield drivers.
The proposed framework supports sustainable watershed management, precision agriculture,
and climate adaptation planning.

7. CONCLUSION

The study concludes that computer science technologies including Artificial Intelligence,
machine learning, deep learning, GIS, and cloud computing have transformed environmental
monitoring and predictive geospatial analysis. Al-enabled satellite data analysis provides an
efficient framework for mapping soil erosion hotspots and identifying sediment yield drivers
with high accuracy.

The integration of advanced computational techniques enhances environmental intelligence
systems, supports sustainable land management, and facilitates data-driven policy formulation.
Future research should focus on integrating real-time satellite analytics, loT-based
environmental sensors, and explainable Al models for improving environmental prediction and
climate resilience.
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