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Abstract— Crop optimization remains a critical challenge in modern agriculture, especially for
small- and medium scale farmers who cannot afford high-cost precision agriculture systems.
Traditional IoT-based solutions depend heavily on expensive sensors and complex
infrastructure, limiting accessibility and adoption. Furthermore, many existing tools operate in
isolation and lack integration with real-time weather and soil dynamics. To address these
challenges, this paper proposes a sensor-free, data-driven crop optimization system that
combines soil data, farmer input, and live weather updates to deliver timely, personalized, and
cost-effective recommendations, empowering farmers to enhance productivity, sustainability,
and decision-making efficiency.

Index Terms— Precision agriculture, climate-aware systems, loT-free farming, crop
recommendation, disease detection and fertilizer management.

1. INTRODUCTION

The Double Challenge Facing Modern Farming The global agricultural sector stands at a critical crossroads,
facing an immense dual challenge. First, it must find a way to guarantee food security for a world population that
is projected to soar past nine billion people by 2050. This alone requires a monumental increase in food
production. Second, this task must be accomplished while navigating the escalating pressures of climate change.
Farmers are now dealing with unprecedented volatility in growing conditions, from prolonged droughts and
sudden floods to shifting seasonal patterns [10]. Climate change also alters the territories and life cycles of pests
and diseases, introducing new threats to crop health. In this high-stakes environment, simply scaling up
traditional farming methods isn’t enough. The solution lies in working smarter, not just harder. This is where
Precision Agriculture (PA) comes in. It’s a modern technological framework for farm management that uses
information technology to observe, measure, and respond to variability within a crop field [10]. Instead of a one-
size-fits-all approach, PA allows farmers to manage their land with surgical precision, optimizing their returns
while conserving precious resources like water and fertilizer. The High-Tech Hurdle: ToT and the Cost Barrier
The most dominant technology used to implement this strategy today is the in-field Internet of Things (IoT)
sensor network. These systems involve placing numerous nodes throughout a field to measure key variables in
real-time. This includes crucial soil data like nutrient concentrations like Nitrogen (N), Phosphorus (P), and
Potassium (K) pH levels, and localized weather conditions [1].
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The continuous data stream from these sensors enables incredibly detailed and responsive farm management,
allowing for immediate adjustments [3]. However, this cutting-edge approach has a fundamental flaw: its
prohibitive cost. The financial barrier is twofold. First, there’s the massive capital expenditure (CAPEX)
required for the initial purchase of sensors, gateways, and data platforms [3]. Second, there are the significant
operational expenditures (OPEX), which include the ongoing costs of system maintenance, regular sensor
calibration, and data connectivity subscriptions [12]. For the vast majority of the world’s agricultural producers,
especially small- to medium-scale farmers and those in developing nations, these expenses render such systems
economically unviable. This has created a stark “digital divide” in agriculture, where the powerful benefits of
data-driven farming are limited to a small, elite group of large, industrialized operations [15]. This not only
hinders global progress but also risks deepening the economic inequality between different types of farms.
Charting a New, More Inclusive Path This reality necessitates a critical re-evaluation of our technological path
forward. While a growing body of research has started to explore “loT-free” approaches that leverage
alternative, low-cost data sources, these efforts often remain disconnected and uncoordinated. The primary
objective of this review paper, therefore, is to critically survey the current state of these core farming
technologies to identify the prevailing gaps and limitations. We will analyze the common methodologies for
three key farming decisions: crop selection, disease management, and fertilization. Our review will argue that a
significant impediment to progress is the fragmentation of these tools. They often exist as siloed, standalone
solutions that don’t communicate with each other. It’s like having separate, non-integrated apps for your car’s
engine, brakes, and navigation, feach is useful on its own, but the car can’t operate efficiently or safely without
them working together. Furthermore, these tools frequently rely on static data models that don’t dynamically
adapt to the ever-changing conditions of a growing season. This paper will conclude by making the case for a
new research direction which one is focused on creating an integrated, climate-aware, and low-cost advisory
system. The vision is to build a seamless framework that provides holistic guidance for a farmer throughout the
entire crop lifecycle, finally making the promise of smart agriculture accessible to all.

II. LITERATURE REVIEW

This review analyzes 10 key research papers in the field of precision agriculture, focusing on the domains of
crop recommendation, disease diagnosis, and fertilizer management. For each paper, the core contributions and
advantages of the proposed technology are summarized, followed by a critical assessment of its potential
disadvantages and limitations.

Al adoption in agriculture faces major challenges [1], including poor infrastructure and a growing digital divide.
High costs make Al tools unaffordable for many farmers, while limited digital literacy and skilled labor hinder
effective use. The lack of quality local data reduces accuracy, and ethical issues such as data privacy and job loss
remain key concerns. Disadvantages: Current precision agriculture relies on costly IoT sensor networks and
needs technical skills for setup and maintenance. It also requires stable internet for cloud and API use. High
costs limit access for small farmers, and sensor wear over time can cause inconsistent data.

The system manages the entire crop lifecycle, eliminating data silos by integrating recommendations,
predictions, and input suggestions [2].

Using a Random Forest model, it achieves high prediction accuracy. With support from drones and sensors for
real-time monitoring, it enhances decision-making, reduces waste, and offers farmers easy access through a
mobile app. Disadvantages: The system needs high investment in drones and sensors, making it costly for many
farmers. Its technical complexity poses challenges for non-expert users. Data security and privacy remain major
concerns, while unreliable internet in rural areas limits performance. It also requires further scaling and regional
adaptation for broader use.

[3] Real-time monitoring enables faster, informed decisions and optimizes resources through precise input use. It
improves efficiency with automation, enhances crop quality, promotes cleaner farming, and remains highly
scalable for diverse agricultural applications. Disadvantages: The high cost of devices and maintenance limits
adoption, while the lack of standardization creates integration challenges. Many farmers lack the technical skills
needed to use these systems effectively. Poor sensor data reduces accuracy, and financial constraints further
restrict small farmers from investing in such technologies.

[4] Explainable Al makes predictions transparent and understandable, building farmer trust in recommendations.
It improves model accuracy, supports better decision- making, and helps align AI systems with regulatory
requirements. Disadvantages: Complex XAI methods are hard to scale, and limited data can reduce model
accuracy. Interpreting feature interactions is challenging, explanations focus mainly on machinery, and their
reliability depends on input data quality.
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[5] The system leverages low-cost satellite data and a Random Forest model to support sustainable agriculture
and enhance food security. The model is tailored to local conditions and uses a scientifically robust methodology
with thorough data cleaning. Disadvantages: Accuracy depends on extensive, high-quality data, while
commercial satellite imagery can be costly. Models require recalibration for different regions, focus only on
yield prediction, and their practical use is limited by farmers’ access to technology.

[8] Integrating climate and IoT data significantly improves model accuracy and provides actionable, climate-
aware advice. The system helps farmers build resilience to climate risks and uses a versatile framework with
various machine learning models. Disadvantages: The system still relies on costly in-field IoT sensors, and its
real-world performance is not fully proven. Integrating multiple data streams is complex, requiring reliable
connectivity, and high-level climate data integration remains uncommon.

[9] AI has strong potential for African agriculture, enabling precision farming, resource optimization, and early
pest detection. It supports tailored tools for local offline use and helps bridge information gaps for smallholder
farmers.

Disadvantages: Adoption of Al in agriculture is hindered by the digital divide and poor infrastructure. High
costs, limited digital literacy, and a shortage of skilled workers pose additional barriers. Progress is further
slowed by the lack of high-quality local data, while ethical concerns over data privacy and potential job
displacement remain significant challenges.

[11] Deep learning, particularly CNNs, achieves high task accuracy and outperforms traditional image
processing methods. Its widespread success demonstrates broad potential across agricultural tasks and has
encouraged further Al research in the field. Disadvantages: The study overlooks recent lightweight mobile
models, and performance relies on large, curated datasets. Training complex models demands significant
computational power, research accuracy may differ from real-world results, and the work mainly summarizes
existing studies without offering new solutions.

Linaza, M. T. (2020) AdvantagesThe study provides a comprehensive overview of machine learning in crop,
soil, and water management, showing how it quantifies complex agricultural data. It highlights ML’s role in
advancing advisory tools, categorizes models by application, and emphasizes benefits for productivity and
environmental sustainability. Disadvantages: The review excludes machine learning applications for climate
prediction and relies on high-quality sensor data for effectiveness. It overlooks socioeconomic adoption barriers,
provides a broad but shallow analysis, and summarizes existing research without proposing a new framework.
[12] Automated detection using deep learning is more accurate than manual methods, overcoming older
limitations.

It benefits farmers without expert knowledge by reducing monitoring effort, time, and cost, while identifying
high-performing deep learning architectures for optimal results. Disadvantages are Lab-trained models often
perform poorly in real-world conditions. They are mainly diagnostic, offering little management guidance, and
accuracy depends on image quality. Models risk overfitting, and complex biological factors make precise
diagnosis challenging.

III. LITERATURE REVIEW GAPS

A comprehensive analysis of the existing research reveals four primary gaps that currently limit the widespread
impact and adoption of precision agriculture technologies, particularly for small to medium-scale farmers. A
major challenge in precision agriculture is technological fragmentation and siloed solutions. Most tools focus on
specific tasks such as crop selection, disease diagnosis, or fertilization, but operate in isolation, forcing farmers
to juggle multiple applications.

This creates data redundancy and a high cognitive load, limiting adoption. Integrated frameworks exist but often
rely on expensive combinations of drones and sensor arrays, making them impractical for smallholder farmers.
Additionally, the heavy dependence on IoT-centric models with high capital and operational costs widens the
digital divide, restricting benefits to large industrial farms while excluding those who need efficiency gains the
most. Another critical gap lies in the over-reliance on static, historical data and the disconnect between research
and real-world application.

Many predictive models fail to incorporate real-time or forecasted climate data, reducing accuracy in dynamic
conditions. Diagnostic systems often do not provide actionable management advice, while complex Al models
function as “black boxes,” limiting farmer trust. Moreover, the success of these models depends on high-quality,
locally relevant datasets and reliable internet, which are frequently lacking in rural regions. Explainable Al,
context-aware recommendations, and robust data infrastructure remain essential areas for further research.

4222



IV. PROPOSED MODEL

To address the critical challenges of technological fragmentation, the prohibitive cost of hardware-centric mod-
els, and an over-reliance on static data, we propose a novel conceptual framework for a next-generation preci-
sion agriculture advisory system. This model is engineered from the ground up to be integrated, climate-aware,
and fundamentally accessible, shifting the paradigm from expensive on-field hardware to the intelligent fu- sion
of readily available data. The system is designed as a unified, end-to-end mobile application that guides a farmer
through the entire crop lifecycle, from pre-season planning to daily in-season management, thereby
democratizing data-driven agriculture for small- to medium-scale farmers globally. The core philosophy of this
framework is built on three guiding principles. First, it is deliberately loT-free, eliminating the need for costly
and complex in-field sensor networks. Instead, it leverages the farmer’s existing smartphone and publicly ac-
cessible meteorological data streams. Second, it is profoundly climate-aware, placing real-time and forecasted
weather data at the very heart of its analytical engine to provide dynamic, adaptive recommendations that build
resilience against climate volatility. Third, it is holistically integrated, breaking down the ”siloed solutions” by
combining the core functions of crop selection, disease management, and fertilization into a single, seamless user
workflow that mirrors the natural progression of a farming season. System Architecture and Workflow The
framework’s architecture is structured into two distinct phases, designed to align with a farmer’s operational
timeline: (1) Pre-Season Strategic Planning and (2) Dynamic In-Season Management.

A. Phase 1: Pre-Season Strategic Planning

This initial phase occurs once before the start of a growing season and is centered around the most critical
decision a farmer makes: what to plant. It consists of a single, powerful module. The Crop Recommendation
Engine: The workflow begins with the farmer providing a minimal set of easily obtainable static data points
through the mobile application. This includes the GPS coordinates of their field and, for optimal accuracy, the
results of a standard soil test (detailing levels of Nitrogen, Phosphorus, Potassium, and pH). The system then
automatically ingests this information and fuses it with long-range seasonal weather forecasts sourced from
public meteorological APIs for that specific geographic location. This combined dataset, containing both the
stable soil characteristics and the predicted environmental conditions for the upcoming season, is fed into a
machine learning model. A Random Forest classifier, a model consistently cited for its high performance and
robustness in agricultural applications (achieving accuracy as high as 95.8% in some studies), analyzes these
inputs to generate a ranked list of the most suitable crops [1]. The output is not merely a suggestion but a
strategic recommendation, optimized for both the field’s inherent fertility and the unique climatic profile of the
impending growing season.

B. Phase 2: Dynamic In-Season Management

Once a crop has been selected, the system transitions into a continuous advisory role, providing daily and hourly
guidance through two interconnected, climate-aware modules. The Disease Diagnosis & Risk Assess- ment
Module: This module moves beyond simple identification to provide actionable intelligence. When a farmer
notices a potential issue, they use the application to take a picture of an affected leaf. This image is processed by
a lightweight, mobile-optimized Convolutional Neural Network (CNN), such as MobileNetV2, which can
perform an accurate diagnosis directly on the device, even in areas with limited connectivity [13]. However, the
novelty of this module lies in what happens next. The initial diagnosis is immediately fused with real-time and
short-term forecasted weather data (e.g., temperature, humidity, and precipitation). By applying the “disease
triangle” principle (pathogen-host-environment), the system assesses whether the current and up- coming
weather conditions are conducive to the spread of the identified disease. The output is therefore not just a
diagnosis (e.g., “Late Blight detected”) but a comprehensive risk assessment with a clear recommendation (e.g.,
”Late Blight detected. High humidity and rain are forecast in the next 36 hours, creating a high risk of rapid
spread. It is recommended to apply a targeted fungicide within the next 24 hours.”). The Precision Fertilization
Module: This module addresses a critical but often overlooked aspect of nutrient management: operational
timing. It operates by fusing a static agronomic schedule (the ideal growth stage or week for fer- tilizer
application, based on the selected crop) with live, hourly weather data. While traditional systems might simply
state ”Apply fertilizer in Week 8,” this module provides a far more precise and effective recommen- dation.
During the agronomically correct window, the system continuously monitors hourly forecasts for key
environmental factors like wind speed, temperature, and the probability of precipitation. It then identifies the
optimal real-world window for application to maximize nutrient absorption and minimize waste from spray drift,
runoff, or volatilization. The farmer receives a specific, actionable alert, such as: ”The optimal time for your
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scheduled nitrogen application is tomorrow between 6:00 AM and 9:30 AM, when wind speeds are projected to
be below 5 mph and there is no rain forecast.”

C. Novelty and Future Directions

The primary innovation of this framework lies in its advanced hybrid data model, which intelligently fuses three
distinct types of data: (1) one-time static inputs from the user (soil data), (2) continuous, automated real-time
data from public APIs (weather), and (3) on-demand manual inputs (leaf images). This approach maximizes
analytical power while minimizing both the financial cost and the data-collection burden on the farmer. By
providing an integrated, end-to-end workflow within a single application, the model directly solves the problem
of technological fragmentation. To further enhance farmer trust and adoption, future iterations of this framework
could integrate Explainable Al (XAI) techniques, such as SHAP and LIME. This would allow the system to not
only provide a recommendation but also explain the factors that led to it (e.g., ”"Maize is recommended because
of its high suitability to your soil’s nitrogen levels and the forecasted rainfall for the season”). This transforms
the tool from a ”black box” into a transparent and trustworthy digital agronomist, empowering farmers to make
smarter, more resilient decisions in the face of a changing climate.
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Figure 1: Architecture diagram

IV. CONCLUSION

Our review of the current literature confirms that while the individual technological components for smart agri-
culture are rapidly maturing, a significant gap exists in their integration, accessibility, and climate-awareness.
The landscape is populated by powerful but fragmented tools that are often too expensive or complex for
widespread adoption. The future of a truly ”smart” and sustainable agricultural sector depends on the
development of holistic, low-cost, and adaptive decision-support The framework proposed here directly
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addresses these critical needs. By integrating the entire crop lifecycle from selection to in-season manage- ment
into a single, data-driven workflow powered by a hybrid of easily accessible data sources, it represents a
significant and necessary advancement. This IoT-free approach has the potential to democratize precision
agriculture, empowering farmers globally with the data-driven insights needed to enhance productivity, optimize
resource use, and build resilience in the face of climate change. Future research should focus on the real-world
implementation and validation of this framework in diverse agricultural settings. Further enhance- ments could
include the integration of explainable Al (XAI) techniques, such as SHAP and LIME, to improve model
transparency and foster farmer trust. Incorporating economic data for profit optimization and ex- panding the
system to include other aspects of farm management, such as pest control, are also promising avenues for future
work. By continuing to develop such accessible and comprehensive systems, we believe the research community
can help ensure a secure and sustainable future for global agriculture.
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