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Abstract — Agriculture is a crucial industry with problems including uncertain weather, soil
erosion, and diseases affecting crops. Agri Produce Prediction and Classification Using
Satellite Image Prediction is research that uses machine learning and remote sensing for
effective crop monitoring and yield estimation. Through multi-temporal satellite imagery
from satellites such as Sentinel-2 and Landsat-8, as well as current environmental data, the
system makes forecasts of crop health and output. Convolutional Neural Networks (CNNs)
categorize crops based on multispectral and hyperspectral image spectral signatures, whereas
Random Forest and XGBoost regression models predict yields. The satellite-based system
allows real-time monitoring of crops, anomaly detection, and disease classification. A Java
frontend and Python-driven ML backend ensure smooth user interaction. IoT sensor
integration, blockchain for transparency, and state-of-the-art AI models for enhanced
classification accuracy are future updates. This research adds to precision agriculture, food
security, and climate-resilient agriculture, revolutionizing conventional agriculture with

insights based on data.
Keywords — Satellite Image Classification, Crop Yield Prediction, Remote Sensing in

Agriculture, Machine Learning for Precision Farming, Multispectral and Hyperspectral

Analysis.
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Introduction

Agriculture is the backbone of most economies, particularly in nations such as India, where
most of the population relies on agriculture for sustenance. Nevertheless, the industry is
confronted with various challenges such as unpredictable climate fluctuations, soil erosion,
plant diseases, and poor resource use, which have direct effects on agricultural productivity
and food security. In order to tackle these challenges, sophisticated technologies such as
satellite imaging, remote sensing, and machine learning (ML) are increasingly being adopted
into contemporary agricultural practice.

This research centres on Agri Produce Prediction and Classification Using Satellite Image
Prediction, where multi-temporal satellite images from sources such as Sentinel-2 and
Landsat-8 are utilised for crop classification and yield prediction. Machine learning
architectures such as Convolutional Neural Networks (CNNs) process multispectral and
hyperspectral images to classify the crops and detect diseases, and regression frameworks
such as Random Forest and XGBoost predict agricultural productivity based on past and
present environment data.

It is created to be accessible through a Java-based interface tied with a Python-powered
backend for ML processing to assure real-time monitoring and early identification of crop
issues. It improves precision agriculture, resource efficiency, and sustainable farming by
integrating geospatial analytics and Al-driven insights, ultimately leading to food security and

climate-resilient agriculture.

1. Objectives

The main aim of this work is to propose a satellite imagery-based crop identification and yield
estimation system using machine learning and remote sensing for precision farming. The main

goals are:

A. Satellite-Based Crop Identification: Use multi-temporal satellite images (Sentinel-2,
Landsat-8) to identify various crops from their spectral signatures by employing
Convolutional Neural Networks (CNNs).

B. Yield Prediction: Create machine learning models (Random Forest, XGBoost) to
predict crop yield from past data, weather, and soil parameters.

C. Early Disease Detection: Identify crop diseases through hyperspectral and
multispectral imaging coupled with deep learning models for early intervention.

D. Real-Time Environmental Data Integration: Integrate weather and soil data APIs

(OpenWeatherMap, Soil Grids) to improve prediction accuracy.
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E. Resource Optimization: Offer information regarding fertilizer application, irrigation
management, and pest management to optimize yield with less environmental strain.

F.  Scalability & Accessibility: Make the system expandable to several geographic
locations and configurable for various crops with few technological hurdles.

G. Sustainable Agriculture: Encourage sustainable agricultural practices through reduced

input loss and enhanced crop health monitoring.

2. Methodology

This work adopts a scientific methodology to construct a crop classification and yield
forecasting system from satellite images using remote sensing and machine learning
methodologies. The approach consists of a series of stages namely data acquisition,

preprocessing, model construction, implementation of the system, and testing.

2.1. Data Collection

To establish a precise crop classification and yield forecasting system, we collect three main
types of data:

Satellite Imagery: Multi-temporal Sentinel-2, Landsat-8, and MODIS satellite images are
obtained. The images offer spectral, spatial, and temporal information for crop classification
and health tracking.

Environmental and Soil Data: Historical and real-time environmental conditions, such as
temperature, rainfall, soil moisture, and nitrogen content, are retrieved through APIs like
OpenWeatherMap and Soil Grids.

Agricultural Yield Data: Historical crop yields from government and open-source
agriculture databases (e.g., FAO, ICAR, and Kaggle) are retrieved to train predictive models
for yields.

2.2. Data Preprocessing

To achieve data quality and usability, preprocessing methods are used:

Satellite Image Processing: With the help of GDAL, Rasterio, and OpenCV, satellite images
are preprocessed with radiometric and geometric correction, noise filtering, and cloud
masking.

Feature Extraction: Important vegetation indices, including Normalized Difference
Vegetation Index (NDVI), Enhanced Vegetation Index (EVI), and Soil Adjusted Vegetation
Index (SAVI), are derived from satellite imagery to improve classification accuracy.

Data Normalization and Augmentation: Spectral data are normalized, and augmentation
methods such as rotation, scaling, and flipping are used to enhance model robustness.

Machine Learning Model Development:
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Crop Classification Model: For crop type classification, a Convolutional Neural Network
(CNN) is trained on multi-temporal satellite imagery to identify different crop types. The
process of classification is as follows:

Utilizing Sentinel-2 and Landsat-8 images with spectral bands Red, Near-Infrared (NIR), and

Shortwave Infrared (SWIR).

Training the CNN model to learn about spectral patterns representing different crops.

Testing the model with accuracy, precision, recall, and F1-score evaluation metrics.

Yield Prediction Model: A machine learning model (Random Forest, XGBoost) based on
regression is trained to predict crop yield using:

Multi-temporal satellite data (temporal trends in NDVI).
Environmental conditions (temperature, humidity, rainfall, soil nutrients).
Historical yield data (past crop production data).

The performance of the model is measured in terms of Root Mean Squared Error (RMSE) and

Mean Absolute Error (MAE).

Disease Detection Model : A deep learning model is trained on hyperspectral satellite images
for early crop disease identification. The model is designed to:
Detect disease symptoms based on spectral reflectance changes.

Classify diseases using a CNN-based approach trained on labeled disease datasets.

2.3. Backend and System Implementation

The system architecture consists of a Java-based frontend and a Python-powered machine
learning backend:

Frontend Development: A JavaFX/Spring Boot application allows users to upload satellite
images, see crop classification results, and get yield predictions.

Backend Development: The ML models are deployed using Flask/FastAPI, with REST APIs
allowing Java (frontend) and Python (backend) to communicate.

Database Integration: A MySQL/MongoDB database saves historical classification results,

yield predictions, and environmental parameters for later analysis.

2.4. Model Evaluation and Validation

Crop Classification Model: Tested with confusion matrices, precision-recall curves, and
overall accuracy.

Yield Prediction Model: Tested on the basis of RMSE, MAE, and R? values based on real-
world agricultural datasets.

Disease Detection Model: Accuracy measured based on classification accuracy, recall, and

specificity compared with manually labeled hyperspectral images.
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Field Testing and User Validation: The system is tested with real-world data and validated

by agricultural professionals and farmers for usability and accuracy.

2.5. Deployment and Scalability
The system is deployed on AWS or Google Cloud for real-time processing and scalability.

Future enhancements include IoT sensor integration, blockchain-based data security, and Al-
driven adaptive learning models.
This methodology ensures an accurate, scalable, and real-time agricultural monitoring system

that can enhance precision farming and sustainable agriculture.

3. Literature Review

The combination of machine learning (ML) and satellite image classification in agriculture
and climate forecasting has attracted much attention over the last
few years. Deep learning models have been shown to have the potential for crop yield
prediction, soil mapping, and weather forecastingin several studies. Mohanty et al.
(2016) employed convolutional neural networks (CNNs) to identify plant diseases from leaf
images with high accuracy in classification. In the same vein, Zhang and Wang
(2022) underscored the application of big data analytics in precision
agriculture, where the processing of real-time data has been highlighted for efficient decision-

making.

Satellite image classification is another key component, which has been extensively employed
for crop monitoring and land cover mapping. Rustowicz et al. (2019) utilized semantic
segmentation methods to identify African farmlands from satellite images, proving how ML
can improve spatial prediction and analysis. In addition, Ahuja and Kumar (2020) outlined the
role of IoT and remote sensing technologies in agriculture, providing automated monitoring

and forecasting.

New developments in deep learning, geospatial analysis, and cloud computing have greatly
enhanced the effectiveness of climate-driven agricultural predictions. This research is an
extension of these platforms, combining satellite images, ML models, and climate prediction

methods to promote agricultural productivity and sustainability.

4. Results

The suggested machine learning model efficiently processed satellite imagery and climate
data to forecast agricultural yield in various regions of India. The system showed high

accuracy in crop classification, soil moisture estimation, and climate effect analysis. The
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satellite image classification model, which was trained on Sentinel-2 and Landsat datasets,

was found to have an accuracy of 92.3% in the identification of various crop types.

The climate forecasting model, which combined temperature, rainfall, humidity, and soil
moisture, made reliable predictions with an R? value of 0.87. The system was able to link

weather patterns with crop yields, presenting insights for improved farming.

Model Component Accuracy/ R” Score
Satellite Image Classification 92.3%
Climate Based Crop Prediction 0.87 (R” Score)

Tablel. Model Performance Metrics

Table 2 gives the projected crop types for different regions in India based on climate data
analysis. Wheat in Punjab (89.5%), sugarcane in Maharashtra (85.7%), and rice in West
Bengal (91.2%) are predicted by the model, revealing that it is efficient in projecting region-
specific agricultural output through weather and soil conditions.

Region Predicted crop Probability
(%)

Punjab Wheat 89.5

Mabharashtra Sugarcane 85.7

West Bengal Rice 91.2

Table 2. Crop Prediction Based on Climate Data

4.1. Sat image Classification for Agri Mapping: Satellite image classification is important in
remote sensing applications, especially in agricultural monitoring. CropMask RCNN, a
sophisticated instance segmentation model, has been trained to map irrigated and fallow
center pivot agriculture from multispectral satellite imagery. The model takes advantage of
transfer learning from the COCO dataset followed by fine-tuning on Landsat satellite

imagery from several cloud-free scenes over Nebraska during the 2005 growing season.

4.2. Mask R-CNN for Crop Classification: CropMask RCNN is an extension of Matterport's

Mask R-CNN implementation, which is an object detection and segmentation framework
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built using deep learning. It runs on Python 3, Keras, and TensorFlow for precise crop

classification. The strategy entails:

Feature Extraction: Employing a ResNet-50 backbone, trained on COCO, to identify

agricultural patterns.

Region Proposal Network (RPN): Proposing possible agricultural regions in Landsat

images.

Segmentation & Classification: Discriminating between irrigated and fallow lands on the

basis of spectral features.

Mask R-CNN Predictions

above a .9 Likelihood Score 2005 Groundtruth Labels

Detection Likelihood Scores

0.825 0.850 0.875 0.900 0.925 0.950 0.975 1.000
Figl. Detection Liklihood Score of crop A

Mask R-CNN Predictions
above a .9 Likelihood Score 2005 Groundtruth Labels

Detection Likelihood Scores
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Fig2. Detection Liklihood Score of crop B
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4.3. Training and Evaluation

The model was trained using Landsat Analysis Ready Data (ARD) with fine-tuning from
COCO weights on 4 NVIDIA V100 GPUs. The evaluation included:

Metric Value
mAP@IoU=0.50:0.95 (mask) 0.188 —0.198
mAP@IoU=0.5 (mask) 0.269 —0.297

Inference Time

~1.5-2 hours per run

To enhance performance, the TRAIN ROIS PER IMAGE parameter was modified to 300
(down from 600), balancing the ratio of positive and negative Regions of Interest (ROIs) per

tile. This minimized false positives and negatives, enhancing segmentation accuracy.

Classification Method

Strengths

Limitations

Supervised Classification
(SVM, RF)

Effective with labelled data | Limited generalization across

regions

Unsupervised
Classification (K-Means,
ISODATA)

No prior training required Less effective in distinguishing

agricultural features

Deep Learning (Mask R-
CNN, U-Net, Detectron2)

High precision in detecting| High computational

crop fields

requirements

Table 3. Comparison with Traditional Methods

The model integrates with Terraform for automated GPU-enabled Azure Data Science VM

deployment. A REST API allows users to submit GeoTIFF imagery for real-time Center pivot

detection, facilitating large-scale agricultural monitoring.

The outcomes confirm CropMask RCNN's resistance to detecting crop patterns with excellent

accuracy. Potential enhancements are:
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e Incorporating other spectral indices (NDVI, EVI) for improved estimation of vegetation
health.
e Improving computation efficiency through Detectron2-based implementations.

e Scaling the model to enable real-time applications for precision agriculture.

These findings reveal the significance of how satellite image classification through deep
learning enhances agricultural mapping for efficient resource planning and management

towards precision farming use.

5. Future Scope

The studies in satellite image classification for geospatial intelligence and crop monitoring
have proven the promise of deep learning models in unearthing rich insights from remote
sensing data. Nevertheless, tremendous potential exists to improve and augment. Future
efforts can be centered on improving the accuracy and transferability of models by using extra
spectral indices such as NDVI and EVI, which impart greater insights about vegetation health.
Additionally, utilizing state-of-the-art architectures like Vision Transformers (ViTs), Swin
Transformers, and EfficientNet can enhance feature extraction abilities, resulting in more

accurate classification.

The other essential feature is scalability and computational power. With the inclusion of
cloud-based distributed training platforms like Google Earth Engine and AWS SageMaker,
big-scale real-time processing of satellite imagery will be made possible. Furthermore,
improvement in the dataset through the incorporation of various geographic areas, seasonal
differences, and varied crops will improve the model's robustness and versatility across the

world's agricultural landscape.

Outside of agriculture, this study can be applied to environmental monitoring, disaster
forecast, and land-use categorization. Governments and organizations can use these models to
monitor deforestation, soil loss, urban growth, and water management. Integrating loT-based
smart agriculture systems, real-time analysis of satellite images can facilitate early warning
for droughts, pest outbreaks, and optimal irrigation, eventually leading to sustainable

agriculture and climate resilience.
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Conclusion

This study illustrates the power of deep learning satellite image classification for geospatial
and agricultural intelligence. Through the use of Mask R-CNN and transfer learning over
Landsat multispectral images, we were able to classify center pivot irrigation systems and
land-use types with high accuracy. The outcome shows the promise of deep learning models
for automating vast satellite image processing, minimizing human effort, and enhancing

agricultural and environmental decision-making.

The research also highlights the significance of data preprocessing, hyperparameter tuning,
and computational resources in enhancing model performance. While our method has been
found effective, further improvement in the form of incorporation of Vision Transformers,

cloud computing, and real-time analysis can help optimize scalability and accuracy.

In summary, this study adds to the emerging area of Al-based remote sensing, opening doors
for future development in precision agriculture, climate observation, and sustainable land use

through satellite image-based intelligence.
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