Pre prints.org

Review Not peer-reviewed version

The Agri-1Q Revolution: Crop and
Fertilizer Recommendations Tailored by
Nature

Sadaf Zahra , Soumya Sharma, Sandeep Kumar
Posted Date: 5 March 2025
doi: 10.20944/preprints202503.0376.v1

Keywords: artificial intelligence; crop recommendation; fertilizer optimization; sustainable farming; soil
nutrient management; machine learning; random forest; neural networks; agricultural transformation

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.




Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 5 March 2025 d0i:10.20944/preprints202503.0376.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Review

The Agri-IQ Revolution: Crop and Fertilizer
Recommendations Tailored by Nature

Sadaf Zahra *, Soumya Sharma and Sandeep Kumar

Department of Computer Science and Engineering, Sharda University

* Correspondence: zahrasadaf879@gmail.com

Abstract: Agriculture is increasingly challenged by soil nutrient depletion, climate variability, and
resource inefficiency. Advanced technologies have to be incorporated into agriculture and this makes
the present assessment of the possible revolution the Al and ML in developing the crop and fertilizer
recommendation systems relevant. Drawing from global research and case studies, multiple
methodologies are combined including the neural network, a decision tree, as well as complex
ensemble models of Random Forest and XGBoost, which can determine the optimality of soil nutrient
management and crop selection, while simultaneously ensuring balance between environmental
sustainability and economic productivity through tailored recommendations based on soil properties
that are detailed on nitrogen (N), phosphorus (P), potassium (K), and pH levels. Some of the existing
gaps in pre-existing research, like limited adaptability to localized agricultural conditions, open
avenues for future interdisciplinary innovations. Reviewing the book underlines how Al-driven
insights can change traditional farming practices toward enabling sustainable agricultural systems
that harmonize with the dynamics of nature.
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I. Introduction

Agriculture remains a keystone towards food security and economic stability, supporting
millions worldwide. The demands imposed by an ever-growing population are forcing immense
pressure, coupled with the depletion of soil nutrients, climate variability, and inefficient use of
resources, highlighting the need for innovative solutions in farming [10,11,14]. Although traditional
agriculture has indeed been comparatively successful for its time, it tends to rely more on general
guidelines and heritage knowledge rather than taking into account the specific needs of a given field.
This gap has frequently permitted suboptimal crop yields, unproductive resource wastage, and
adverse environmental effects [13,15].

Advancement in artificial intelligence and machine learning is expected to empower precision
farming, driven by data-driven agriculture. Technologies will enable very specific recommendations
on crops and fertilizers through complex interactions among soil attributes, climatic conditions, and
historical yield data [11,12,16]. Al-based systems will optimize agricultural practices by granting
unmatched accuracy in forecasts for crop suitability and requirements for adequate nutrition
compared to conventional methods, thereby significantly improving productivity and sustainability
[8,17].

The paper integrates the newest advances in crop and fertilizer recommendation systems,
developed using integration methodologies with soil characteristics such as nitrogen (N),
phosphorus (P), potassium (K), and pH levels [12,15]. Finally, the paper highlights the gaps existing
in earlier research, such as the lack of localized and scalable solutions, as a foundational basis for
future innovations in agricultural practices that align with sustainability principles [10,13,17]. This
review examines the role played by Al in shaping the future of agriculture, elevating farming
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practices, transforming conventional agricultural systems, and bringing applicable knowledge to
farmers” hands to ensure environmentally conscious agriculture [8,14].

IL. Literature Survey

A. Background

Agriculture remains the lifeblood of human civilization, providing the necessary food, fiber, and
raw materials for economic and social growth. Through centuries of evolution, farming of
subsistence-based orientations has gradually evolved into an industrial-scale industry. Among the
lessons learned from that evolutionary journey is that intensive farming operations created problems
such as soil degradation and nutrient depletion besides environmental pollution while trying to
maximize yields [11]. This further

forms a wide application of the generalized crop and fertilizer recommendations, meant for
specific plants but usually neglecting specific needs for specific fields [14]. Precision agriculture is an
important landmark in countering many challenges facing the sector. Precision farming uses
scientific and technological innovation to optimize resource use and increase productivity with fewer
negative environmental impacts [15]. In other words, the essence of precision agriculture is data-
driven insights tied directly to soil nutrient management. Crop health and yield determinations
heavily rely on the parameters of the soil nitrogen (N), phosphorus (P), potassium (K), and pH levels.
Such parameters determine how informed decisions are made about crop selection and the usage of
fertilizer [10,12].

Within just a short recent past, Al and ML proved to be two of the most transformative tools in
agriculture [8,13]. These technologies allow for the analysis of large datasets and complex
relationships involving soil, climate, and crop performance. In its Al-based models, it has
implemented decision trees, neural networks, and ensemble techniques involving Random Forest
and XGBoost in developing systems that make crop and fertilizer recommendations [16,17]. Such
systems will enable farmers to optimally produce using reduced over-fertilization and preserve the
health of their soils. Despite these progressive endeavors, several gaps remain about the adoption of
Al-driven systems in agriculture [12]. Besides, numerous models do not adapt to local conditions or
rely on small datasets and/or cannot present multi-dimensional parameters appropriately [11,15].
The present work reports current state-of-the-art technologies and methodologies involved in the
new and modern development of crop and fertilizer recommendation systems. This was a view that
focused attention on the possibility of reconciling productivity with sustainability in data-driven
agriculture at a time when farm productivity presented urgent challenges [14].

B. Literature Survey

Integration of Al and ML technologies in agriculture has gained much attention in the last few
years as these technologies have a lot of potential for changing the face of traditional agriculture
[11,13]. This review provides an overview of the available literature on crop and fertilizer
recommendation systems using the key methods, applications, and gaps.

Al-Based Crop Recommendation Systems

Al and ML have extensively been used to predict the most suitable crops for given
environmental and soil conditions. For instance, various machine learning algorithms such as
Random Forest (RF), Support Vector Machines (SVM), and K-Nearest Neighbors (KNN) have been
found to increase the efficiency in crop prediction with some of these scenarios showing above 99%
precision using RF [8,12]. Besides, neurally network-based models have shown remarkable
performance in determinations of complex relationships between soil properties and climatic factors
concerning crop yields [16].

Recent developments also emphasize ensemble methods, XGBoost and CatBoost, to enhance the
reliability of the prediction. Both algorithms outperform a typical model in terms of eliminating
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overfitting that afflicts most models, including handling high-dimensional datasets [17]. Meanwhile,
combining soil nutrient levels, specifically N, P, K, and pH, greatly enhanced crop recommendation
precision [10,14].

Optimization of Fertilizers using ML Models

Traditionally, fertilizer recommendation systems have used generalized recipes or onsite hand
tests that are not very relevant to the particular field’s nutrient needs [15]. Advances in ML provide
more bespoke solutions. Some utilized the ELM for the classification of soil fertility indices and
showed an improved accuracy in fertilizer recommendation [13,16]. Also, rule-based systems have
been created to recommend fertilizers simply and understandably, especially in developing
agricultural regions where sophisticated tools may not be accessible to the farmer [11,14].

Other studies also explored hybrid systems that incorporate both the predictive power of ML
algorithms and expert-driven rules [8]. These systems will combine all soil nutrient data with
historical yield records and patterns for weathering to provide accurate fertilizer applications. Such
systems minimize over-fertilization and enhance the practice of sustainable fertilizer application by
optimizing nutrient use [12,17].

III. Technological Foundations

A. Background

In this review paper, we present the technological foundations of the new wave of crop and
fertilizer recommendation systems. We outline the frameworks and methodologies that have been
effectively used thus far in current research to enhance the precision and sustainability of agricultural
practices through machine learning and datadriven models [11,14].

B. Literature Search and Selection

A proper search was performed on the professional databases, research journals, and open-
access platforms by using the terms "crop recommendation systems," "fertilizer recommendation
models," "machine learning in agriculture," and "Al-based precision farming." Datadriven studies
that dealt with boosting agricultural productivity and resource use management practices were
selected as relevant [10,13].

C. Basic Machine Learning Methods

Machine learning models are central to developing intelligent crop and fertilizer
recommendation systems. The reviewed studies utilized various ML algorithms tailored to
agricultural data, such as:
¢  Neural Networks: They are broadly utilized as they capture complex and nonlinear

relationships existing among the input features, for example, soil nutrients as well as

environmental conditions [12,16]. In these models, high-dimensional input spaces are mapped
into outputs and adaptively learned patterns from training data. For example, a key
application of a neural network established a study at 97% accuracy where crop
recommendation was done by considering major soil attributes like nitrogen, phosphorus,

potassium, pH, etc. [17].
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Figure 1. Artificial neural networks provide an efficient mathematical model mapping the inputs and outputs

of the soil yield to yield recommendations of 97% accuracy [26].

¢ Boosting Algorithms: C-Boost is one such algorithm that is robust and yields high accuracy
when applied to structured datasets of agricultural fields [11]. The application itself had a
99.51% precision rate, which indicates that ensemble learning could indeed perfect the

predictive performance [8].
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Figure 2. Ensemble learning process in algorithms like C-Boost, which can make 99.51% precision by link weak

learner to improve the figure of ground control in rotate agriculture dataset [27].

e Decision Trees and Random Forests: They are often preferred in applications primarily
because of their interpretability and high classification accuracy. These decision trees and
random forests reduce complex decisions in terms of any main variables such as the nutrient
content and soil pH [12,14].
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Figure 3. Decision tree algorithm: contributes to explaining high interpretability, as well as the ability to achieve
high classification accuracy in predicting agricultural outcomes depending on special features, such as nutrient
content or pH of the soil [28].
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D. Data Preprocessing and Feature Engineering

Data preprocessing and feature engineering are some of the crucial elements for the success of

ML models in agriculture. The technological framework often includes:

° Data Cleaning and Normalization: It helps in removing noise, tokenization, normalization,
and others to ensure good quality data. This largely reduces errors and also standardizes the
input feature for ML algorithms [13,15].

e  Feature Selection and Extraction: Effective feature selection methods reduce the
dimensionality of data without losing the importance of variables. Key features often include
soil nutrients (N, P, K), pH levels, temperature, and rainfall. Techniques such as correlation
analysis are applied to prioritize variables that most significantly impact crop growth [10,16].

¢ Data Balancing Techniques: Dataset imbalances are quite common in agricultural data, and
techniques like the SMOTE (Synthetic Minority Oversampling Technique) are used to handle
such imbalances. This will prevent model bias by creating synthetic samples for the

underrepresented classes, thereby making the model more reliable and robust [8,15].

E. Hybrid and Integrated Systems
Many other studies have tried to integrate machine learning with rule-based logic to develop

more general recommendation systems.

e  Hybrid Models: A rule-based fertilizer recommendation model integrated with ML-based
crop recommendation forms models that are not only predictive but also interpretable [8,14].
Rule-based modules use established agricultural knowledge to give clear explanations for
fertilizer recommendations based on soil types and nutrient levels.

¢  Neural Network and Rule-Based Reasoning Framework: In this framework, it was proposed
that the neural network be specifically trained for crop recommendation, and the logic-based
system be used for fertilizer guidance. This two-layer approach emphasizes transparency to

enable farmers to understand the rationale behind recommendations [11,12].

F. Performance Metrics
The reviewed frameworks use different metrics to assess performance to ensure reliable and

actionable outputs. These metrics are discussed below:

e  Precision and Accuracy: Measures of whether or not the classification models accurately
predict crop types or recommend fertilizers [13,17].

¢  F-measure and Kappa Statistics: Applied to measure the balance between higher precision
and recall, and to measure the agreement between classified classes and the actual
classifications [12,14].

e ROC-AUC Scores: Provide insight into the model’s capacity to differentiate between sample
classes, which enhances decision-making concerning crop and fertilizer recommendations
[15,16].

G. Practical Implementation Considerations

If crop and fertilizer recommendation systems are to be based on ML models, in practical terms,
their applications are usually in these areas:
e  High Integration of Diverse Data: Combining information from many sources for creating
realistic datasets [8,10].
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e  Adaptability and Scalability: Frameworks need to be adaptable enough to work under
changing conditions of different agricultural regions and scales, making them applicable for

both smallholder farms and large-scale commercial operations [11,17].

IV. Challenges and Gaps

This paper highlights important technological developments in Al-driven agricultural systems.
Nevertheless, challenges and gaps needing to be addressed to best operationalize and realize crop
and fertilizer recommendation systems are still noteworthy [11,14].

A. Data Quality and Availability

Another main issue here is the quality and availability of data used to train machine learning
models. Most studies rely on datasets that do not precisely reflect the diversified agricultural
conditions within different regions. This may lead to over-specialization of a model in a particular
context, and the inability to generalize in other contexts [10,13]:

e  Data Collection Issues: Poor data collection techniques and the heterogeneity in the sources

for the data also lead to inconsistencies between model training and validation [8,15].

e  Scarce Regional Datasets: Most models are based on data from specific regions; this might not
capture the true scope of the soil types, climatic conditions, and crop varieties necessary to use

the model globally [12,16].

B. Model Generalization

Whereas certain models become too specific and therefore not flexible in new, variable
environments, the effectiveness of the models is as below, depending on regions and environmental
factors [8,14]:

e Risk of Overfitting: Certain models, particularly those with narrow datasets, tend to overfit
their training data, which results in reduced predictive power when it encounters new, unseen
data [13,17].

e  Scalability: It may be challenging to scale up models to accommodate various and extensive

agricultural practices without heavy retraining and readjustment [11,15].

C. Data Balancing and Feature Selection
While methods like SMOTE can alleviate some of the imbalanced dataset challenges, there is still

no method for optimally balancing the data without inducing artificial bias [12,16]:

e  Feature Selection Complexity: The choice of those variables most important to consider —soil
and environment-related parameters—is complex in itself. Over and above this complexity is
the way in which different factors operate differently in different regions [8,14].

e  Computational Efficiency: High-dimensional datasets impose an enormous computational
burden where it becomes extremely difficult to achieve an optimal trade-off of model accuracy

against processing time [10,13].

D. Little Comprehensive Multi-Factorial Input Integration

Most current systems focus on a few individual inputs, namely, soil nutrients (N, P, K, pH),
some with temperature and humidity. Although this streamlined integration can limit the
functionality of the model in making allencompassing recommendations [11,15]:
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¢  Environmental Holism: Factors such as local climate fluctuations, susceptibility to pests and
diseases, and crop rotation patterns are not integrated, thus reducing model real-world
application [16,17].

¢ Dynamic Conditions: The static nature of some models fails to account for changing

conditions throughout the growing season, affecting long-term recommendations [8,12].

E. User Adoption and Trust

One significant discrepancy is the real-world adoption of these technologies by farmers [10,14]:

e  Transparency and Interpretability: Although it may gain high accuracy, complex machine
learning models—deep neural networks of any kind —are inherently uninterpretable. Farmers
are unlikely to trust "black box" solutions that cannot clearly explain why their
recommendations are made [13,15].

e  User-Friendly Interfaces: The sophistication of the technology is often at odds with the
simpler, practical user interface that is necessary for wide acceptance among farmers,

especially in more rural parts of areas with lesser economic development [8,11].

F. Resource Constraints for Smallholder Farmers

Although highly impressive, the adoption of such hightech Al-based systems is expensive and

technically demanding [16,17]:

e  Availability of Technology: Since most smallholder and resource-poor farmers do not have
the financial or technical capability to use such sophisticated crop and fertilizer
recommendation systems, opportunities for adoption may be missed [12,14].

e  Training and Support: Scarce training resources for the farmers about how to use these

systems effectively could further stifle adoption [10,13].

G. Real-World Validation

Most research focuses on theoretical model development and validation in controlled conditions
[11,15]:

Models are rarely field tested in operational agricultural settings. This dearth of field validation
can result in discrepancies between lab-based results and performance outcomes in the field [8,17].

Feedback loops to monitor, adapt, and refine model recommendations while actually deployed
under real-time performance conditions in conjunction with user inputs are woefully lacking [14,16].

V. Future Directions

Crop and fertilizer recommendation systems need future directions to address the limitations
identified above and unveil new opportunities for innovation. This section explores strategic
recommendations on how to synergize multi-dimensional data together with interdisciplinary
collaboration in agriculture and technology.

A. Recommendations on Integrating Multi-Dimensional Data

These days, crop and fertilizer recommendations are frequently based on a limited form of input
data, such as those including soil nutrients and some basic environmental factors. Future
improvements should center around making it possible to use more comprehensive, multi-
dimensional sources of data to further increase the potential of predictability:
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¢ Climatic and Environmental Factors: Adding variables such as the time of day weather,
seasonal trends in temperature, and climate history can help improve accuracy for crop
recommendation [10,12].

e  Socioeconomic and Market Information: Market trends, local economic conditions, and
commodity prices would help tailor recommendations that, aside from being optimally
agronomical, are feasible for the farmer [13,15].

¢  Dynamic Data Input: Models trying to capture the changing conditions at each stage of the
crop growth cycle would be helpful in more adaptive and realtime recommendations. This
could mitigate impacts from unpredictable weather occurrences or sudden outbreaks of pests,
thus providing stronger decision making support [11,14].

e  Geospatial Data and Satellite Imagery: Geospatial data and remote sensing technology can
add a layer of precision in soil and crop assessments. These data sources provide insights into
land use, soil moisture content, and potential yield predictions, enabling localized and

customized recommendations [16,17].

B. Scope for Interdisciplinary Research in Agriculture and Technology

One of the biggest opportunities for interdisciplinary research arises from the gap between
technology and agriculture. More innovative and applicable solutions can be developed by
combining these two scientific fields:

e Agronomists and Data Scientists in Collaboration: The expertise of both fields —integrating
agronomy with data science—can help build models based on realistic farming practices and
challenges. This ensures that machine learning models are grounded in real-world agricultural
knowledge, enabling profound solutions [10,13].

e Integration of Soil Science, Environmental Studies, and AI: Much emphasis should be given
to the convergence of soil science, environmental studies, and Al technologies to develop
systems comprehensive enough to assess complex interactions between soil properties, crop
needs, and environmental conditions [12,15].

¢  Development of User-Centric Platforms: Bringing together user experience designers,
software engineers, and agricultural extension specialists could help design intuitive farmer-
friendly tools that translate complex model outputs into actionable insights [8,11].

e  Policy and Technology Synergy: Research involving policymakers and technologists can
ensure that advancements align with regulatory frameworks and sustainability goals. This
synergy is crucial for creating guidelines that support technology adoption while promoting
responsible and sustainable farming practices [14,16].

e  Education and Training Programs: Partnerships between agricultural universities and
institutes of technology can promote the development of education programs that arm farmers

and agricultural professionals with knowledge about using Al-based systems [8,17].

VI. Conclusions

In this paper, we discussed the Al-driven crop and fertilizer recommendation system advances,
challenges, and potential applications in the future. Some crucial takeaways from the review
underscore key strides taken in the use of machine learning and data-centric models towards better
agricultural practices optimization. Different machine learning techniques, such as neural networks,
boosting algorithms, and hybrid models, have been adopted to improve the accuracy and efficiency
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of crop recommendations. Other good contributions are from data preprocessing techniques and
feature selection methods, which can lead to more robust and reliable systems.

The review, however, underlined several challenges: data quality, model generalization, poor
integration of

multi-factorial inputs, and the practical constraints arising in small-scale farming. These call for
improvements in future developments, especially extension of data sources to cover multi-
dimensional environmental and socioeconomic dimensions and encouraging interdisciplinary
collaborations aiming to improve model utility and reduce user barriers.

Data-driven agriculture is aptly transformative in the whole act of farming: making it precise,
efficient, and sustainable. Advanced technologies, combined with superior knowledge in agriculture,
empower farmers to take informed decisions, which means higher productivity and profitability.
Hence, continued research and development must move towards creating scalable, adaptable, and
userfriendly systems that bridge technological innovation with the needs of practical agriculture.
Addressing the challenges that lie ahead while embracing future opportunities will position data-
driven agriculture in a great place in ensuring food security for the world while promoting
sustainable farming practices.
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