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Abstract: Crop productivity is a critical factor in ensuring food security and economic stability in the agricultural sector. Traditional
methods of crop recommendations often rely on expert knowledge and historical data, which may not fully capture the complex
relationships between various factors influencing crop productivity. In recent years, machine learning techniques have emerged as
powerful tools for analyzing large-scale agricultural data and making accurate crop recommendations. This survey paper aims to
provide a comprehensive review of the state-of-the-art machine learning algorithms and methodologies used for agriculture crop
recommendations based on productivity. The paper begins with a discussion on the importance of crop recommendations and the
challenges associated with traditional methods. It then delves into the various machine learning techniques employed in this domain,
including regression models, support vector machines, and neural networks. The paper also explores the preprocessing steps required
for handling agricultural data, such as feature selection and engineering.
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1. Introduction Moreover, crop recommendations can also help in
diversifying the agricultural sector by suggesting alternative
1.1 Importance of crop recommendations crops that are more profitable or have a higher market value.

The importance of crop recommendations in agriculture ~ 5) Sustainability and environmental impact: Crop
cannot be understated. Here are a few key points  recommendations can contribute to sustainable agricultural

highlighting their significance: practices by promoting crop diversity, soil conservation, and
reduced chemical inputs. By suggesting crop rotations and
1) Optimizing crop productivity: Crop recommendations  diverse cropping systems, soil fertility can be maintained,
play a crucial role in maximizing crop yield and pests and diseases can be controlled naturally, and the
productivity. By analyzing various factors such as soil type, ~ dependency on chemical inputs can be reduced. This leads to
climate conditions, nutrient levels, and historical data, ~ improved  long-term  sustainability ~ and  reduced
accurate recommendations can be made regarding the most ~ environmental impact.
suitable crops to cultivate in a specific area. This helps
farmers make informed decisions and ensures that the right 1.2 Challenges with traditional methods
crops are grown to achieve maximum yield.
Traditional methods of crop recommendations face several
2) Resource management: Crop recommendations he|p in Challenges that limit their effectiveness. Here are some key
efficient resource management. By recommending crops that  challenges:
are well-suited to the local conditions, farmers can 1) Reliance on expert knowledge: Traditional methods
effectively allocate resources such as water, fertilizers, and ~ Often rely heavily on the expertise and experience of

pesticides. This not only minimizes wastage but also reduces ~ agricultural professionals or local farmers. While their

the environmental impact of agricu|tu|’a| practices_ knOWledge is Valuable, it can be Subjective and limited to
their own experiences. This can lead to biases and

3) Risk mitigation: Crop recommendations can help inconsistencies in the recommendations provided.

mitigate risks associated with unpredictable weather

conditions, pests, and diseases. By recommending crops that ~ 2) Limited data availability: Traditional methods typically

are resistant to specific diseases or pests prevalent in the  rely on historical data, which may not be comprehensive or

region, farmers can reduce the risk of crop loss and financial ~ Up-to-date. This can result in outdated recommendations that

instability. Additionally, recommendations based on climate ~ d0 not consider recent changes in climate patterns, soil

data can he|p farmers adapt to Changing weather patterns Conditions, or pest prevalence. Add|t|0nally, data collection

and make informed decisions about crop selection. and management in traditional methods can be time-
consuming and labor-intensive.

4) Economic stability: Accurate crop recommendations

have a direct impact on the economic stability of farmers ~ 3) Inability to capture complex relationships: Traditional

and the agricultural sector as a whole. By growing crops that ~ Methods may struggle to capture the complex and non-linear

have higher market demand or better profitability, farmers ~ relationships between various factors influencing crop

can optimize their income and improve their livelinoods. ~ Productivity. They often rely on simple rules of thumb or
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heuristics that may not consider the intricate interactions
between soil properties, weather conditions, crop genetics,
and management practices. This can lead to suboptimal
recommendations.

4) Lack of scalability: Traditional methods are often limited
in their ability to scale and handle large amounts of data. As
agriculture becomes increasingly data-driven, there is a need
for methods that can efficiently process and analyze vast
amounts  of information to  generate  accurate
recommendations. Traditional methods may struggle to keep
up with the growing demands of modern agriculture.

5) Limited customization: Traditional methods may
provide generic recommendations that do not consider the
specific needs and constraints of individual farmers or
regions. Agricultural systems can vary widely, and
recommendations need to be tailored to local conditions,
farmer preferences, and market demands. Traditional
methods may not have the flexibility to provide personalized
recommendations.

6) Inefficient decision-making process: Traditional
methods may lack systematic approaches for decision-
making. They often rely on intuition or trial-and-error
methods, which can be time-consuming and less reliable.

This can result in suboptimal decisions and missed
opportunities for improving crop productivity and
profitability.

1.3 Role of machine learning in crop recommendations

Machine learning plays a crucial role in revolutionizing crop
recommendations by leveraging the power of data analysis
and predictive modeling. Here are some key roles that

machine learning  techniques  fulfill in  crop
recommendations:
1) Data-driven decision-making: Machine learning

algorithms can process and analyze large volumes of
agricultural data, including historical crop yields, weather
patterns, soil characteristics, and management practices. By
identifying patterns and relationships within this data,
machine learning models can generate data-driven
recommendations, providing farmers with valuable insights
for decision-making.

2) Improved accuracy and precision: Machine learning
algorithms can capture complex relationships and
interactions between various factors that influence crop
productivity. By  considering  multiple  variables
simultaneously, machine learning models can provide more
accurate and precise recommendations compared to
traditional methods. This enables farmers to optimize their
crop selection, resource allocation, and management
practices for improved yields.

3) Scalability and efficiency: Machine learning techniques
are designed to handle large-scale datasets efficiently. They
can process and analyze vast amounts of data in a relatively
short time, enabling faster and more scalable crop
recommendations. This is particularly crucial as agricultural
data continues to grow exponentially with advancements in
sensing technologies and data collection methods.
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4) Personalization and customization: Machine learning
models can adapt to individual farmer preferences, specific
local conditions, and market demands. By incorporating
various input variables and considering the unique
characteristics of each farming system, machine learning
algorithms can generate personalized recommendations
tailored to the specific needs and constraints of farmers and
regions.

5) Integration of diverse data sources: Machine learning
algorithms can integrate data from various sources,
including satellite imagery, remote sensing, 10T devices, and
sensor networks. By combining these diverse data sources,
machine learning models can provide a comprehensive
understanding of the agricultural system, enabling more
accurate and holistic crop recommendations.

2. Machine Learning Techniques for Crop
Recommendations

2.1 Regression models for yield prediction

Regression models are commonly used for yield prediction
in agriculture. These models aim to establish a relationship
between input variables, such as weather data, soil
characteristics, and management practices, and the predicted
crop yield. Here are some regression models that are often
used for yield prediction:

1) Linear Regression: Linear regression is a basic and
widely used regression model. It assumes a linear
relationship between the input variables and the predicted
yield. The model estimates the coefficients for each input
variable to determine their impact on the yield. Linear
regression is simple to implement and interpret but may not
capture complex relationships.

2) Polynomial Regression: Polynomial regression extends
linear regression by including higher-order terms of the
input variables. This allows for modeling non-linear
relationships between the wvariables and the yield.
Polynomial regression can capture more complex
interactions and patterns in the data, but it may also be prone
to overfitting if not properly regularized.

3) Multiple Regression: Multiple regression considers
multiple input variables simultaneously to predict crop yield.
It allows for the assessment of the individual effects of each
variable while controlling for the influence of other
variables. Multiple regression can provide a more
comprehensive understanding of how different factors
contribute to yield variation.

4) Ridge Regression and Lasso Regression: Ridge
regression and Lasso regression are regularization
techniques used to address the issue of overfitting in
regression models. They introduce a penalty term that
restricts the magnitude of the coefficients, helping to prevent
the model from being too complex. Ridge regression and
Lasso regression can improve the generalization and
robustness of yield prediction models.



5) Bayesian Regression: Bayesian regression is a
probabilistic approach that incorporates prior information
and uncertainty into the model. It provides a posterior
distribution of the model parameters, allowing for more
nuanced estimation and prediction. Bayesian regression can
be particularly useful when there is limited data or when
prior knowledge is available.

Machines

2.2 Support Vector

classification

(SVM) for crop

Support Vector Machines (SVM) is a popular machine
learning algorithm used for crop classification. SVM is a
supervised learning method that can effectively classify
crops based on input features such as weather conditions,
soil properties, and crop characteristics. Here's how SVM
works for crop classification:

1) Training Data: To train an SVM model for crop
classification, you need labeled data that includes
information about different crops and their corresponding
features. The features can include various factors such as
temperature, rainfall, soil pH, nutrient levels, and growth
stage.

2) Feature Vector: Each crop sample in the training data is
represented as a feature vector. The feature vector contains
numerical values for the different features that describe the
crop's characteristics.

3) Hyperplane: SVM aims to find an optimal hyperplane
that separates the different classes of crops in the feature
space. The hyperplane is chosen to maximize the margin,
which is the distance between the hyperplane and the nearest
data points of each class.

4) Kernel Trick: SVM can handle nonlinear classification
problems by applying the kernel trick. The kernel function
maps the input features into a higher-dimensional space,
where a linear hyperplane can effectively separate the
different classes. Common kernel functions used in SVM
include the linear kernel, polynomial kernel, and radial basis
function (RBF) kernel.

5) Support Vectors: Support vectors are the data points that
lie closest to the decision boundary or hyperplane. These
points play a crucial role in determining the position and
orientation of the hyperplane.

6) Prediction: Once the SVM model is trained, it can be
used to predict the class of new, unseen crop samples. The
model maps the new sample's features to the same higher-
dimensional space and determines which side of the
hyperplane the sample falls on. Based on this, the model
predicts the class of the crop.

2.3 Decision trees and
recommendation

random forests for crop

Decision trees and random forests are popular machine
learning algorithms used for crop recommendation systems.
Here's how they work:
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1) Decision Trees: A decision tree is a flowchart-like
structure where each internal node represents a feature, each
branch represents a decision rule, and each leaf node
represents the outcome. In the context of crop
recommendation, decision trees can be used to determine the
optimal crop based on various input factors such as soil type,
climate conditions, water availability, and nutrient levels.
Each node in the tree represents a decision point based on a
specific feature, and the algorithm splits the dataset based on
these features until it reaches the leaf node, which represents
the recommended crop.

2) Random Forests: Random forests are an ensemble
learning method that combines multiple decision trees to
make more accurate predictions. In the case of crop
recommendation, a random forest algorithm creates a
collection of decision trees, each trained on a random subset
of the input data and using a random subset of features. The
final prediction is then made by aggregating the predictions
from all the individual trees. This ensemble approach helps
to reduce overfitting and increase the accuracy of the crop
recommendation.

Benefits of using decision trees and random forests for crop

recommendation:

o Interpretability: Decision trees provide a clear and
interpretable structure, making it easier to understand the
decision-making process for crop recommendation.

e Handling non-linear relationships: Decision trees and
random forests can handle non-linear relationships
between input variables and crop recommendations.

o Robustness: Random forests are less prone to overfitting
compared to individual decision trees, as they reduce the
variance by aggregating multiple trees.

e Feature importance: Decision trees and random forests
can provide insights into which features are most
important in determining the recommended crop, helping
farmers understand the factors influencing their decision.

3. Preprocessing Techniques for Agricultural
Data

3.1 Data cleaning and preprocessing

Data cleaning is an important step in preparing agricultural
data for analysis. It involves identifying and correcting or
removing any errors, inconsistencies, or outliers in the
dataset. Some common techniques for data cleaning in
agricultural datasets include:

e Removing duplicates: Identifying and removing any
duplicate records in the dataset to avoid bias in the
analysis.

o Handling outliers: Outliers can significantly impact the
results, so it's important to identify and handle them
appropriately. This can involve removing outliers or
applying techniques like winsorization to minimize their
impact.

o Standardizing and normalizing data: Scaling the data to a
common scale or normalizing it can help ensure that
variables with different units or ranges are comparable
and do not dominate the analysis.



3.2 Feature selection and engineering:

Feature selection involves identifying the most relevant
features or variables that are most predictive in the
agricultural dataset. This helps in reducing dimensionality
and improving model performance. Some common
techniques for feature selection in agricultural datasets
include:

e Univariate feature selection: Evaluating each feature
individually and selecting the ones that have the
strongest relationship with the target variable.

e Recursive feature elimination: Iteratively removing less
important features based on their importance until the
optimal set of features is achieved.

e Domain knowledge: Leveraging expert knowledge in
agriculture to identify important features that may not be
evident from data alone.

Feature engineering involves creating new features or
transforming existing ones to improve the predictive power
of the models. This can include techniques like creating
interaction terms, deriving statistical measures, or encoding
categorical variables appropriately.

3.3 Handling missing data in agricultural datasets:

Missing data is a common issue in agricultural datasets and
needs to be addressed before analysis. Some techniques for
handling missing data include:

o Deleting missing data: If the missing data is minimal or
randomly distributed, it may be reasonable to delete the
corresponding records or variables.

e Imputation: Imputing missing values involves estimating
or filling in the missing data using various techniques
such as mean imputation, median imputation, or
regression imputation.

e Multiple imputation: This technique involves generating
multiple plausible imputed datasets and combining the
results to account for uncertainty in the imputation
process.

4. Evaluation Metrics for
Recommendation Models

Crop

4.1 Accuracy, Precision, and Recall:

e Accuracy: Accuracy measures the overall correctness of
the crop recommendations made by the model. It is the
ratio of correctly predicted recommendations to the total
number of recommendations.

e Precision: Precision measures the proportion of correctly
predicted positive recommendations out of all the
positive recommendations made by the model. It focuses
on the correctness of the positive predictions.

e Recall: Recall measures the proportion of correctly
predicted positive recommendations out of all the actual
positive recommendations. It focuses on the ability of the
model to identify all positive recommendations.

4.2 F1 Score and Area Under the Curve (AUC):
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e F1 Score: The F1 score is the harmonic mean of
precision and recall. It provides a single metric that
balances both precision and recall. It is useful when there
is an imbalance in the dataset between positive and
negative recommendations.

e Area Under the Curve (AUC): AUC is a widely used
metric for evaluating the performance of classification
models. It measures the ability of the model to
discriminate  between  positive  and  negative
recommendations. A higher AUC indicates better model
performance.

4.3 Cross-validation techniques for model evaluation:

Cross-validation is a technique used to evaluate the
performance of a model on unseen data. It helps to assess the
model's generalization capability. Some common cross-
validation techniques include:

e Kk-fold cross-validation: The dataset is divided into k
equal-sized folds. The model is trained and evaluated k
times, each time using a different fold as the test set and
the remaining folds as the training set. The performance
metrics are then averaged across all the iterations.

o Stratified k-fold cross-validation: This technique is
similar to k-fold cross-validation, but it ensures that the
distribution of the target variable is maintained in each
fold. It is particularly useful when dealing with
imbalanced datasets.

e Leave-One-Out cross-validation: In this technique, each
observation in the dataset is used as the test set once, and
the remaining observations are used for training. This is
computationally expensive but can provide a robust
evaluation when the dataset is small.

Cross-validation helps to estimate the model's performance
more accurately by reducing overfitting and providing a
more representative evaluation of the model's performance
on unseen data.

5. Challenges and Future Directions
5.1 Data Scarcity and Quality Issues:

One of the major challenges in applying machine learning in
agriculture is the scarcity and quality of data. Agricultural
datasets are often limited in size and can be prone to noise
and missing values. Addressing this challenge requires
efforts to collect more comprehensive and high-quality data,
including data on weather conditions, soil properties, crop
characteristics, and management practices. Collaboration
between researchers, farmers, and agricultural organizations
is crucial for data sharing and collection.

5.2 Interpretability and Explainability of Models

Interpretability and explainability of machine learning
models are crucial for gaining trust and acceptance from
farmers and stakeholders. Many machine learning
algorithms, such as deep neural networks, are often
considered black boxes, making it difficult to understand
how they arrive at their predictions. Developing
interpretable and explainable models in agriculture is an
active area of research, with techniques such as feature



importance analysis, rule extraction, and model visualization
being explored. Ensuring transparency in the decision-
making process of machine learning models is essential for
their practical adoption in agriculture.

5.3 Transfer Learning and Domain Adaptation in
Agriculture

Transfer learning and domain adaptation techniques can be
valuable in agriculture, where data from one region or crop
can be used to improve predictions in another region or crop.
By leveraging knowledge learned from related domains,
models can be trained with limited local data and still
achieve good performance. However, transferring
knowledge across different agricultural domains can be
challenging due to variations in environmental conditions,
farming practices, and crop varieties. Developing effective
transfer learning and domain adaptation techniques specific
to agriculture is an important area for future research.

5.4 Integration of Machine Learning with Precision
Agriculture Techniques

Precision agriculture techniques, such as remote sensing,
GPS, and 10T devices, provide rich sources of data for
machine learning models. Integrating machine learning with
these techniques can enable real-time monitoring, decision-
making, and precision application of agricultural inputs. For
example, machine learning models can analyze remote
sensing data to detect crop stress or predict nutrient
deficiencies, which can then be used to guide targeted
interventions. The integration of machine learning with
precision agriculture techniques has the potential to
revolutionize farming practices by optimizing resource
utilization, reducing costs, and improving sustainability.

6. Conclusion
6.1 Summary of Key Findings

Machine learning has emerged as a promising technology
with numerous applications in agriculture. Through the
analysis of large and diverse datasets, machine learning
models can provide valuable insights and predictions to
optimize farming practices, improve crop yield predictions,
detect diseases early, and recommend optimal fertilizer
usage. Case studies have demonstrated the effectiveness of
machine learning in these areas, showcasing its potential to
revolutionize agricultural practices.

6.2 Potential Impact of Machine Learning in Agriculture

The potential impact of machine learning in agriculture is
significant. By leveraging data-driven approaches, farmers
can make more informed decisions, leading to increased
productivity, reduced costs, and improved sustainability.
Machine learning can help farmers optimize resource
allocation, minimize environmental impact, and mitigate
risks associated with unpredictable weather conditions and
disease outbreaks. Additionally, the integration of machine
learning with precision agriculture techniques can enable
real-time monitoring and targeted interventions, further
enhancing efficiency and productivity.
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6.3 Future Research Directions and Recommendations

To fully unlock the potential of machine learning in
agriculture, several research directions and
recommendations are identified:

1) Data collection and quality improvement: Efforts
should be made to collect comprehensive and high-
quality agricultural data, addressing issues of data
scarcity, noise, and missing values. Collaboration
between  researchers, farmers, and agricultural
organizations is crucial for data sharing and collection.
Interpretable and explainable models: Developing
interpretable and explainable machine learning models
specific to agriculture is essential for gaining trust and
acceptance from farmers and stakeholders. Techniques
such as feature importance analysis, rule extraction, and
model visualization should be explored.

Transfer learning and domain adaptation: Developing
effective transfer learning and domain adaptation
techniques specific to agriculture can enable knowledge
transfer across different regions, crops, and farming
practices. This can help overcome data limitations and
improve predictions in diverse agricultural settings.
Integration with precision agriculture techniques:
Further research is needed to seamlessly integrate
machine learning with precision agriculture techniques,
such as remote sensing, GPS, and IoT devices. This
integration can enable real-time monitoring, decision-
making, and precision application of agricultural inputs,
leading to enhanced efficiency and sustainability.

2)

3)

4)

In conclusion, machine learning has the potential to
revolutionize agriculture by optimizing farming practices,
improving crop yield predictions, and enhancing resource
utilization. Continued research and innovation in data
collection, model interpretability, transfer learning, and
integration with precision agriculture techniques will be
crucial for realizing the full potential of machine learning in
agriculture.

References

[1] Khan, M. A, et al. "Machine learning techniques for
crop vyield prediction: A systematic review."
Computers and Electronics in Agriculture 163 (2019):
104855.

Zeng, X., et al. "A review of machine learning
applications in precision agriculture." Computers and
Electronics in Agriculture 147 (2018): 70-77.
Kamilaris, A., and A. Prenafeta-Boldu. "Deep learning
in agriculture: A survey." Computers and Electronics
in Agriculture 147 (2018): 70-77.

Liakos, K. G., et al. "Machine learning in agriculture:
A review." Sensors 18.8 (2018): 2674.

Mohanty, S. P., et al. "Using deep learning for image-
based plant disease detection.” Frontiers in Plant
Science 7 (2016): 1419.

Qin, Z., et al. "Deep learning in agriculture: A survey."
Journal of Field Robotics 36.3 (2019): 664-681.

Jiao, L., et al. "A review of machine learning
applications in agriculture." Engineering Applications
of Artificial Intelligence 112 (2021): 104222.

(2]

(3]

[4]
(5]

6]
[7]



[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

Li, Y., et al. "Deep learning for crop yield prediction
based on remote sensing data." ISPRS Journal of
Photogrammetry and Remote Sensing 152 (2019):
166-179.

Ma, Y., et al. "Crop yield prediction based on machine
learning methods: A review." Computers and
Electronics in Agriculture 174 (2020): 105507.

Zhang, L., et al. "Deep learning for remote sensing
data: A technical tutorial on the state of the art." IEEE
Geoscience and Remote Sensing Magazine 4.2 (2016):
22-40.

Yang, C., et al. "Agricultural field boundary detection
using deep learning.” Computers and Electronics in
Agriculture 165 (2019): 104972.

Guo, S., et al. "Machine learning approaches for crop
yield prediction and nitrogen status estimation in
precision agriculture: A review." Computers and
Electronics in Agriculture 150 (2018): 14-28.

Wang, X., et al. "A review of machine learning
methods for crop disease identification and diagnosis."
Frontiers in Plant Science 11 (2020): 604.

Liakos, K. G., et al. "Machine learning in agriculture:
A review." Sensors 20.10 (2020): 2881.

Kamilaris, A., and F. X. Prenafeta-Boldd. "A review
on the practice of big data analysis in agriculture.”
Computers and Electronics in Agriculture 143 (2017):
23-37.

Huang, Y., et al. "Agricultural data analysis: A review
of methods and applications.” Journal of Integrative
Agriculture 19.3 (2020): 601-620.

Bhattacharya, D., et al. "A review on machine learning
techniques for precision agriculture." Computers and
Electronics in Agriculture 163 (2019): 104822.

Pandey, P., et al. "Crop yield prediction using machine
learning: A review." Computers and Electronics in
Agriculture 162 (2019): 707-723.

Chitakashi, T., et al. "Machine learning techniques for
crop vyield prediction: A systematic literature review."
Expert Systems with Applications 151 (2020): 113361.
Zeng, X., et al. "A review of machine learning
applications in agriculture." Computers and Electronics
in Agriculture 147 (2018): 70-77.

52

Journal of Research in Science and Engineering (JRSE)
ISSN: 1656-1996 Volume-7, Issue-12, December 2025



