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ABSTRACT

The rise in global food demand poses significant challenges for agricultural sectors as crop yields become more
difficult to predict and manage. Traditional monitoring methods are typically labor-intensive, expensive, and prone
to inaccuracies, highlighting the need for more efficient and precise solutions. This paper presents a remote
sensing-based approach to agriculture monitoring and crop yield prediction that leverages the advanced
capabilities of satellite imagery and data analytics to create accurate and easily verifiable predictions. By utilizing
remote sensing technology and sophisticated data processing algorithms, the proposed system enables farmers and
agricultural stakeholders to access real-time data on crop health and yield predictions without the need for
intermediaries. This method not only protects against data inaccuracies but also minimizes the time and cost of
monitoring, resulting in a transparent and scalable framework for agricultural management. This remote sensing
framework can be fully deployed across all agricultural sectors, providing a secure and future-proof solution for
monitoring and predicting crop yields, thereby strengthening trust in agricultural data. The system uses satellite
imagery and weather data to predict crop yields accurately. By employing algorithms like Random Forest Regressor
and Gradient Boost, it captures Complicated interplay of environmental elements and crop growth. This approach
outperforms traditional models, enhancing decision-making in agriculture and promoting sustainable farming
practices.

Keyword : - Crop Yield Prediction, Agricultural Monitoring, Precision Agriculture, Remote Sensing, hyper-
spectral Image, Machine Learning in Agriculture, Weather Data Analysis, Soil Analysis, Big Data in Agriculture,
Geospatial Analysis, Vegetation Indices (e.g., NDVI, EVI).

1. INTRODUCTION

Agricultural monitoring and crop yield prediction are Significant for ensuring food stability and efficient farm
management. Accurate predictions help farmers to make informed decisions, optimize resource use, and improve
crop productivity. However, traditional methods of monitoring and predicting crop yields are often labor-intensive,
costly, and prone to inaccuracies. The increasing complexity of agricultural systems and the variability of
environmental conditions further complicate these processes. Studies indicate that relying solely on conventional
techniques can lead to significant errors in yield estimation, affecting both small-scale and large-scale farming
operations. This paper presents a remote sensing-based approach that leverages satellite imagery, Hyper-spectral
images and advanced data analytics to provide precise and timely information on crop health and yield predictions.
By Combining the remote sensing technology with sophisticated algorithms, this method offers a scalable, efficient,
and reliable solution for agricultural monitoring, enhancing decision-making and promoting sustainable farming
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practices. The system leverages historical weather data, satellite imagery or Hyper-spectral images and other
relevant features to provide accurate yield predictions for various crops. In recent years, the importance of the
accurate crop yield prediction has grown significantly due to the increasing global demand for food, climate change,
and the need for sustainable agricultural practices. Traditional methods of yield estimation, which rely on manual
surveys or basic statistical approaches, are often limited in scope and precision. With the advent of advanced
technologies, there is now a push toward more sophisticated systems that utilize big data and machine learning to
enhance prediction accuracy. This paper introduces a novel crop yield prediction system that integrates multiple data
sources, including historical weather patterns, satellite imagery, soil characteristics, and agronomic data. By
applying Random Forest Regressor, Gradient Boost algorithms, this system is capable of processing complex
datasets and uncovering hidden relationships between various environmental factors and crop performance.

Key features of Agriculture Monitoring and crop yield prediction includes:

1. Hyper-spectral Imagery and Remote Sensing Data: Utilize indices derived from satellite data to assess crop
health, growth stages, and biomass.

2. Weather and Climate Data Integration: Includes factors like temperature, rainfall, humidity, and solar
radiation that influence crop growth.

3. Temporal Monitoring: Remote sensing enables consistent observation of crop conditions throughout the
growing season. It tracks changes in growth patterns, helping to detect potential stress factors, such as
disease or water shortages, at an early stage. By collecting data across multiple seasons, it improves the
accuracy and reliability of predictive models over time.

4. Soil and Land Use Assessment: Satellite imagery provides valuable insights into soil characteristics and
land usage. It helps evaluate water availability and its distribution, a critical factor influencing crop
productivity and overall yield.

5. Early Detection of Crop Stress: Identifies early signs of stress due to pests, diseases, or water scarcity using
changes in vegetation indices. Remote sensing allows for the detection of drought conditions and the
prediction of their impact on crop yield.

6. Yield Forecasting and Decision Support: Combines remote sensing, weather data, and machine learning
models to provide highly accurate crop yield forecasts.

2. LITERATURE REVIEW

The incorporation of remote sensing technology in agriculture is a key aspect of the growing trend in precision
farming. Academics and researchers have highlighted the transformative impact of technology on agricultural
practices. In recent years, machine learning techniques have garnered significant attention for their potential to
predict crop yields, a critical factor in enhancing agricultural productivity and ensuring food security. Numerous
studies have examined various models and methods for forecasting crop yields by integrating diverse data, including
soil quality, climate conditions, and other agronomic variables. Manjula and Djodiltachoumy (2024) [1] proposed a
model for crop yield prediction that focuses on using past agricultural data to predict future outcomes. The model
leverages historical data related to crop yield, weather conditions, and soil properties to improve the accuracy of
yield predictions.Priya, Muthaiah, and Balamurugan (2023) [2] applied machine learning algorithms to predict crop
yield, emphasizing the potential of decision tree-based models for enhancing prediction accuracy. Their study
concluded that machine learning models outperform traditional statistical approaches due to their ability to handle
large and complex datasets.

Meena and Chaitra (2024) [3] developed a deep learning-based framework specifically for price prediction in
Karnataka’s ragi crop. The study’s findings highlighted the importance of feature extraction and selection in
building robust models. Similarly, Reyana et al. (2023) [4] demonstrated how multisensor data fusion combined
with machine learning could accelerate crop yield prediction, offering a data-driven solution for agriculture.Mitra et
al. (2024) [6] presented a machine learning model for predicting cotton yield by utilizing both field and synthetic
data. Their approach relied on gradient boosting classifiers and other ensemble techniques to enhance prediction
reliability. Their research aligns with recent trends in using advanced algorithms to overcome limitations posed by
small datasets in agriculture.
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Raja et al. (2024) [7] explored crop prediction based on environmental features, employing various feature selection
techniques to refine the accuracy of machine learning models. They found that gradient boosting and other ensemble
methods can handle the multi-dimensional nature of agricultural data effectively.Hoque et al. (2023) [9]
incorporated meteorological data and pesticide usage information to forecast crop yields, finding that incorporating
such variables into machine learning models significantly improved prediction accuracy. The study focused on the
impact of different climatic conditions and management practices on crop productivity. Ilyas and Hashim (2019)
[13] conducted a comprehensive review of machine learning applications in precision agriculture, discussing both
state-of-the-art techniques and future directions. Their review suggested that machine learning has become integral
in modern agriculture, especially for tasks like yield prediction, pest detection, and soil analysis.

A study by Haider et al. (2024) [14] applied an ensemble machine learning framework to cotton yield prediction
using weather parameters. Their research emphasized the necessity of integrating climatic data for more reliable
yield forecasts, highlighting how ensembles improve model robustness.Sharma, Dadheech, and Aneja (2024) [19]
utilized both regression and deep learning approaches for predicting agricultural yields, concluding that deep
learning models tend to perform better when large amounts of data are available. They also discussed the challenges
of obtaining clean, labeled agricultural data, which is crucial for training accurate models.

In the field of remote sensing, Kussul et al. (2017)) [22] showcased the potential of deep learning to effectively
classify land cover and crop types based on satellite imagery. This approach holds substantial promise for large-
scale agricultural monitoring and improving crop yield predictions.. Similarly, Mohanty et al. (2016) [21] used deep
learning for plant disease detection, which indirectly influences yield prediction by enabling timely interventions.
The aforementioned studies reflect the growing consensus that machine learning offers potent tools for forecasting
agricultural outcomes by leveraging diverse data sources, including satellite imagery, meteorological data, and field
observations. These models not only enhance predictive accuracy but also support decision-making in agriculture,
aiding farmers and policymakers in optimizing crop production and mitigating risks due to adverse environmental
conditions.

3. METHODOLOGY

The methodology described below outlines the process for monitoring agriculture and predicting the yield using a
combination of advanced machine learning algorithms: Random Forest Regressor, Gradient Boost. These methods
are used in combination to leverage both traditional and the deep learning approaches for more accurate and robust
predictions.

Crop Yield Prediction

Farmer I System I[ Data Processing System l I Machine Leaming Model l I Crop Yield Prediction System l

Request for Soil Analysis

Estimate Soil Nutrient Content (N P, K

Send Estimated Nutrients Data
Predict Crop Yield

Prediction Results

A

Suggest fertilizer

___-____-____I___!_____-____-____
JEONE NV [, [OF, RS SRS e

Tk

Figure 1: Sequence Diagram
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3.1 Data Collection:

1. Remote Sensing Data: Satellite imagery (e.g., Landsat, Sentinel-2, MODIS) and drone-based imagery for high-
resolution data. Vegetation indices (NDVI, EVI), multispectral and hyper-spectral bands, surface temperature, and
soil moisture. Data is collected at different intervals (e.g., weekly or monthly) to monitor crop growth stages.

2. Weather and Climate Data: Meteorological stations, weather forecasting services, and satellite-derived
Weather data. Agricultural surveys, farmer reports, and historical crop yield data. Crop type, planting/harvest dates,
soil types, irrigation methods, and input use.

3.2 Data Preprocessing:

1. Data Cleaning:

Handle missing data through imputation techniques or remove incomplete data points. Perform noise reduction for
satellite images using spatial filtering or smoothing techniques. Align satellite images with weather data, ensuring
that the temporal resolution of all datasets is consistent (e.g., weekly or monthly). Georeference remote sensing data
to ensure the correct spatial alignment with agricultural fields.

2. Data Normalization and Scaling:
Normalize the weather data and remote sensing indices (e.g., NDVI) to standard ranges for model input. Scale data
for machine learning algorithms to improve the optimize performance.

3. Feature Engineering:

Create rolling averages for temperature and rainfall, or calculate heat stress indicators. Extract features such as
vegetation indices (NDVI, EVI), leaf area index (LAI), or biomass from satellite imagery. Integrate soil moisture
levels (where available) to capture water stress effects.

3.3. Model Development:
1. Random Forest Regressor(RFR):

The Random Forest Regressor is a robust machine learning algorithm commonly employed for regression tasks. As
an ensemble learning technique, it constructs multiple decision trees during the training process and combines their
predictions to deliver more accurate and reliable results.

The Random Forest Regressor algorithm evaluates the importance of each attribute by computing the mean decrease
in classification accuracy. The mathematical model for Random Forest can be expressed as h(x, 6 k), where xxx
represents the input variable, and 6 k is the independently distributed random vector. The main objective of this
study is to analyze crop cultivation in terms of crop variety, planting season, and recommended growing zones. This
helps optimize crop management, align crop supply with demand, and ultimately improve productivity. As a result,
labor demands for manual harvesting and other handling tasks are reduced. The study also identifies the best-suited
growing zones for various crops, enabling farmers to select appropriate crops and minimize farming losses.

Additionally, soil properties, including soil drying, condition, temperature, and moisture content, are crucial for
understanding ecosystem dynamics and agricultural impacts. Accurate estimations of these properties help in
assessing the effects of change in climate and environmental conditions on a region's agricultural productivity. The
performance of the algorithms used in this study is evaluated using severals, including Precision, Recall, F-measure,
Matthews Correlation Coefficient (MCC), Receiver Operating Characteristic (ROC) Area, and Precision-Recall
Curve (PRC) Area. To improve accuracy and optimize crop yield prediction, the algorithm performance was
compared across various classification models.

Recall (R) is one of the most common machine learning metrics, measuring the "completeness” of the system. It is
defined as:
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R=tp/tp+fp
Where tp represents true positives and fp is the false positives. Precision (P), another important metric, measures the
"soundness" of the system. It is defined as:

R=tp/tp+fn

Where fn represents false negatives. The F-measure combines both Precision and recall into a single metric, which is
particularly useful for comparing different algorithms. It is expressed as:

_2xPxR
~ P+R

Key Features of Random Forest Regressor:

Ensemble of Decision Trees: A random forest consists of many individual decision trees. Each tree is trained on a
random subset of the training data and makes its own prediction. The final output of the Random Forest Regressor is
the average of the predictions from all the trees, which helps reduce variance and avoid overfitting, a common issue
with decision trees.

Bagging (Bootstrap Aggregation): Random Forest uses a technique called bagging to generate the individual
decision trees. It repeatedly selects random samples of the training data with replacement (bootstrapping) to train
each tree, ensuring that the trees are diverse and not correlated. Random Subsets of Features: In addition to
randomizing the data samples, Random Forest also selects a random subsets of feature for each tree at each split.
This randomness further decorrelates the trees, making the ensemble more robust and reducing the likelihood of
overfitting.

Handling Non-linear Data: Random Forest Regressor is particularly good at handling non-linear relationships
because it doesn’t assume a specific functional form between input features and the target variable. The algorithm
can model complex interactions between variables, making it very versatile in real-world applications.

Feature Importance: One of the advantage of random forest is that it can evaluate the importance of different
features in predicting the Target variables. This is useful in many applications, such as agriculture or finance, where
understanding which factors contribute most to the output is critical.

Advantages of Random Forest Regressor:

e By averaging multiple decision trees, Random Forest tends to improve accuracy compared to a single
decision tree.

e Due to its ensemble nature, it is less likely to over fit, especially on noisy data, making it more robust than
single decision trees.

e ltis highly scalable and can be parallelized, allowing for use with large datasets.

Example: In the context of crop yield prediction using remote sensing data, Random Forest Regressor is highly
effective. Remote sensing data includes multiple variables like soil moisture, vegetation indices, temperature, and
historical yields. Random Forest can handle this large, heterogeneous dataset by selecting random subsets of features
and building decision trees that capture the complex interaction between environmental conditions and crop yields.
It is particularly useful when modeling non-linear relationships between inputs and yields, such as how weather
patterns or soil conditions might impact different crops at different times.
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2. Gradient Boosting classifier:

Gradient Boosting Classifier is a best machine learning algorithm that can be highly effective in agriculture
monitoring and crop yield prediction. Here’s how it applies to agriculture:

Gradient Boosting in Agriculture Monitoring and Crop Yield Prediction:

e Gradient Boosting builds models sequentially, where each new model attempts to correct the errors made
by the previous ones. In crop yield prediction, this helps in progressively improving the model’s accuracy
by reducing the residual errors from previous predictions.

e Agriculture involves multiple factors like soil conditions, weather patterns, vegetation indices, and
pest/disease outbreaks. Gradient boosting excellent for capturing complex relationships between these
variables, enabling more accurate predictions of crop health, yield, or the occurrence of stress factors.

e In agriculture monitoring, where even small variations in environmental factors can affect crop yield,
Gradient Boosting improves accuracy by minimizing prediction errors iteratively. This makes it suitable for
predicting outcomes like yield potential or identifying risks (e.g., drought, pest attacks) based on past data
and remote sensing inputs.

e Gradient Boosting can provide insights into which features (e.g., soil moisture, temperature, or rainfall) are
most important in influencing crop yield. This can help farmers and policymakers prioritize key factors that
need attention for better crop management and resource allocation.

e In real-world agricultural data, there can be noise or errors due to varying conditions or measurement
inaccuracies. Gradient Boosting is capable of handling noisy data, ensuring that predictions remain reliable.

For instance, in crop prediction using Remote Sensing data (e.g., Hyper-Spectral images), Gradient Boosting
Classifier can classify regions based on yield potential by learning from historical data. It can differentiate between
high-yield and low-yield areas by considering various factors like crop type, growth stages, and environmental
conditions. This allows for proactive decision-making in agriculture, helping optimize resource use and improve
crop productivity.

?
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Figure 2: Activity diagram for Crop Yield Prediction
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3.5. Model Training and Evaluation:

1. Data Splitting: Split the datasets into Training, Validation, and test sets (e.g., 70%-15%-15%) to evaluate
model performance on unseen data.

2. Model Tuning: Use grid search or random search to tune hyperparameters for Random Forest Regressor
and Gradient Boost Classifier.

3. Cross-Validation: Use k-fold cross-validation (e.g., 5-fold or 10-fold) to ensure the model’s robustness and
avoid overfitting. Instead of using all the data to train the model and then testing it on a small portion,
cross-validation splits the data into smaller parts or "folds". The model is trained on some folds and tested
on the others, repeating this process several times. By averaging the results from all the tests, we get a more
reliable measure of the model's accuracy and can avoid problems like overfitting.

I Repetition 1 Repetition 2 Repetition 3 - - - ‘ Repetition K
i L

Foid 1 Fold 1 Foid 1

Fold 2 Foid 2 Foid 2
Foid 3 Fola 3 | Foid 3
Foid 4 Foid 4 Foid 4
| Fold K Foid K Foid K . . - Fold K
I Iteration
| Training Data

| Test Data

Figure 3: The k-fold cross-validation.

Evaluation Metrics:

Root Mean Squared Error (RMSE) for prediction accuracy.

Mean Absolute Error (MAE) for model robustness.

R2 score to measure how well the model explains the variance in crop yields.
Confusion Matrix and F1 Score (for classification tasks such as stress detection).

e o o o .b

3.6. Yield Prediction and Visualization:

After training and validating the models, generate predictions for future crop yields using the latest data inputs
(satellite imagery or Hyperspectral images, weather forecasts).

Use data visualization tools (e.g., Tableau, Power BI, or custom Python scripts with Matplotlib and Seaborn) to
display:

e Predicted crop yield maps across regions.

e Historical yield trends and weather-climate correlations.

e Heat maps for crop stress, drought, or pest infestation.

Provide actionable insights for farmers, such as recommendations on irrigation, fertilization, or pest control, based
on the model’s predictions.
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3.7. Deployment and Real-Time Monitoring:

Deploy the trained models to cloud-based platforms or farm management systems (e.g., Google Earth Engine, AWS,
or Azure) for real-time crop monitoring. Use loT sensors or drones to collect continuous environmental and
agronomic data to further enhance prediction accuracy and adapt the model in real time.

4. REQUIREMENT ENGINEERING

Software and Hardware Tools Used:

e  Software: Python, Flask, Pandas, Scikit-learn, Matplotlib, Joblib.

pandas . bt

Sy (RySchy - matplti

Figure 4: Software Tools
e Hardware: Computer/Server, Data Storage
User Requirements:

e Ease of Use: Intuitive interface.
e Accuracy: Reliable crop yield predictions.
e Real-Time Updates: Current predictions and analyses.

5. CONCLUSION

In the Conclusion, agriculture monitoring and crop yield prediction using remote sensing has revolutionized modern
farming by providing timely, accurate, and large-scale insights into crop health, growth patterns, and environmental
factors. Remote sensing technologies, such as satellite and aerial imagery, offer a wealth of data that enables
continuous monitoring of farmlands, providing critical information on soil conditions, vegetation indices (such as
NDVI), water availability, and weather patterns.

The integration of remote sensing technology with advanced machine learning algorithms such as Random Forest
Regression and the Gradient Boosting Classifier offers a robust and efficient solution for agriculture monitoring and
crop yield prediction. Remote sensing provides large-scale, real-time data on critical factors such as crop health, soil
moisture, weather patterns, and vegetation indices, allowing for the continuous monitoring of agricultural fields.
When combined with powerful algorithms like Random Forest and Gradient Boosting, this data can be transformed
into accurate and actionable insights for decision-making. Random Forest Regression excels in handling large,
complex datasets by constructing an ensemble of decision trees, ensuring robustness and reducing overfitting. Its
ability to capture non-linear relationships between variables and crop yields makes it ideal for crop yield prediction.
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Moreover, Random Forest can handle missing or noisy data and rank the importance of various features, helping
identify the key factors influencing crop productivity.

Gradient Boosting Classifier, on the other hand, works sequentially to correct the form errors of previous models,
progressively improving accuracy. Its strength lies in handling complex data and capturing subtle interactions
between variables, which is crucial for predicting crop yields in diverse and dynamic agricultural environments. The
algorithm’s ability to prioritize influential factors (e.g., temperature, precipitation, and soil quality) allows for better
risk management and resource optimization. Both algorithms provide high accuracy in predicting crop yields and
identifying potential threats to agriculture, such as drought or pest outbreaks. By leveraging these machine learning
techniques, farmers and policymakers can make data-driven decisions to improve productivity, minimize risks, and
promote sustainable agricultural practices.

References
[1] . E. Manjula and S. Djodiltachoumy. ‘A model for prediction of crop yield”’. s.I. : IEEE, 2024.

[2] . P. Priya, U. Muthaiah, and M. M. Balamurugan,. ‘Predicting yield of the crop using a machine learning
algorithm”’. s.I. : IEEE, 2023.

[3] . K. Meena, B. Chaitra,. “A Novel Framework Using Deep Learning Techniques for Ragi Price Prediction in
Karnataka”,. s.l. : IEEE, 2024,

[4] A. Reyana, Sandeep Kautish, P. M. Sharan Karthik, Ibrahim Ahmed,.“Accelerating Crop Yield:
Multisensor Data Fusion and Machine Learning for Agriculture Text Classification”,.. s.l. : IEEE, 2023.

[5] Ray, D. K., West, P. C., Clark, M., Gerber, J. S., Prishchepov, A. V., & Chatterjee, S. “Climate change has
likely already affected global food production”.2019.

[6] Alakananda Mitra, Sahila Beegum, David Fleisher, “Cotton Yield Prediction: A Machine Learning Approach
With Field and Synthetic Data”. s.l. : IEEE, 2024.

[7] S. P. Raja, Barbara Sawicka, Zoran Stamenkovic and G. Mariammal. “Crop Prediction Based on

Characteristics of the Agricultural Environment Using Various Feature Selection Techniques and Classifiers”. s.l. :
IEEE, 2024.

[8] Hayam R. Seireg, Yasser M. K. Omar, Fathi E. Abd El-Samie,. “Ensemble Machine Learning Techniques
Using Computer Simulation Data for Wild Blueberry Yield Prediction”. 2023. s.l. : IEEE, 2023.

[9] Md Jiabul Hoque, Md. Saiful Islam, Jia Uddin, Md. Abdus Sama,. “Incorporating Meteorological Data and
Pesticide Information to Forecast Crop Yields Using Machine Learning”. 2023. s.I. : IEEE, 2023.

[10] Recha, J. W., Makokha, G. L. & Shisanya, C. A. “Machine Learning Approaches for Crop Yield Prediction”.
2019. 2019. 65-82.

[11] Ahmad, U “Technology and data fusion methods to enhance site-specific crop monitoring”, et al. 2023. s.l. :
IEEE, 2023.

[12] Shivnath and S. Koley. ‘‘Machine learning for soil fertility and plant nutrient management using back
propagation neural networks”. 2024. s.1. : IEEE, 2024.

[13] llyas, M. U., & Hashim, F “A Comprehensive Review of the Applications of Machine Learning Techniques
in Precision Agriculture:State-of-the-Art and Future Directions”. 2019.

25427 ijariie.com 1294



Vol-10 Issue-6 2024 IJARIIE-ISSN(O)-2395-4396

[14] ] Syed Tahseen Haider, Wenping Ge ,Jiangiang Li,.“An Ensemble Machine Learning Framework for Cotton
Crop Yield Prediction Using Weather Parameters: A Case Study of Pakistan”. s.l. : IEEE, 2024.

[15] Brown, Michael,. “Data Preprocessing Techniques for Machine Learning Models”. s.I. : IEEE, 2024, Vol. 5.
78-89.

[16] Lee, Sarah,. “Evaluating Machine Learning Models for Yield Prediction.. 2023, Vol. 12. 3.

[17] Nguyen, Thanh,. “Integration and Testing of Prediction Tools in Agriculture”.. s.I. : journal of computational
agriculture, 2023, Vol. 8.

[18] Ravi Kumar Munaganuri, Yamarthi Narasimha Rao,. “PAMICRM: Improving Precision Agriculture
Through Multimodal Image Analysis for Crop Water Requirement Estimation Using Multidomain Remote Sensing
Data Samples”. s.l. : IEEE, 2024.

[19] Priyanka Sharma, Pankaj Dadheech, Nagender Aneja,. “Predicting Agriculture Yields Based on Machine
Learning Using Regression and Deep Learning”. s.l. : IEEE, 2024.

[20] Zzahid Anwar, Muhammad Muzyyab Ajmal,. “Tackling Food Insecurity Using Remote Sensing and Machine
Learning-Based Crop Yield Prediction” s.l. : IEEE, 2024,

[21] Mohanty, S. P., Hughes, D. P., & Salathé, M. 2016. “Using Deep Learning for Image-Based Plant Disease
Detection”. 2016.

[22] Kussul, N., Lavreniuk, M., & Skakun, S. “Deep learning classification of land cover and crop types using
remote sensing data”. s.l. : IEEE, 2017.

[23] Md Jiabul Hoque, Md Saiful Islam, Jia Uddin, Md Abdus Samad. 2024. IEEE Explorer. [Online] IEEE,
March 29, 2024. [Cited: December 02, 2024.] https://ieeexplore.ieee.org/document/10485420/authors#authors .

[24] Doe, Jane,. “Satellite imagery for crop health monitoring”.. 2022, VVol. 15. 456-469.

[25] Smith, John. IEEE EXPLORER. [Online] 2023.

25427 ijariie.com 1295



