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Abstract: Artificial Intelligence is shaking up the way we grow food. Large farms already use Al-powered tools, such as deep
learning, remote sensors, and [oT networks, to improve yield prediction, early disease detection, and more judicious resource use
[1]. Results: Large-scale operations, about 60% of them, have improved their crop yields by 15-20%, while input costs have been
cut down by a quarter. Smaller and mid-sized farms aren’t seeing the same advantages, though; only about 15% of them use these
technologies, mostly because these are expensive, compli- cated, and hard to get up and running if the right infrastructure isn’t in
place [9]. Research from 2020 to 2025 shows a number of factors to be considered about the technology itself, particularly the rise
of deep learning models, hybrid CNN-LSTM set-ups, and transformer-based systems. It is not just a question of algorithms but
how they function in real fields. Case studies from around the world show the biggest gains when the technology actually fits the
local context, is transparent about how it works, and pulls in solid integrated data. In some areas, mostly temperate regions, yields
of as high as 22% are realized. In intensively irrigated parts of South Asia, yields of a maximum of 30% can occur. These figures,
however, are not always realized everywhere. A large number of schemes in the marginal areas of Sub-Saharan Africa never
materialize due to technical support shortcomings, fluctuating funding, and inadequate farmer training. In parallel, there are
researchers who extend the concept of explainable Al through incorporating heterogeneous data sources and directly deploying
models on edge devices, hence no longer relying on cloud infrastructure. However, some limitations still exist, such as the difficulty
in transferring models between regions, fragmented data governance, and several other barriers to user adoption for this technology.
For Al-driven precision agriculture to realize its full potential, it needs to be affordable, transparent, and adaptable to local
conditions to enable widespread adoption. Such attributes are central in advancing equal opportunities for large-scale and small-
scale farming, supporting the deployment of smarter farming practices.

Keywords: Precision agriculture, Artificial intelligence, Deep learning, Crop yield prediction, Economic impact, Case study,
Adoption barriers, Explainable Al

1. INTRODUCTION

These days, everyone’s scrambling to grow more food, but the land’s running out, water’s scarce, and you never
really know what the weather’s going to do. That is why precision agriculture today is a big deal for food security
worldwide. It’s not all about cool gizmos. Think Al, smart sensors, and data analytics, all in one package working
together to use resources judiciously, increase yields, and at the same time reduce environmental degradation [14].
The market is blowing up for Al in precision agriculture. By 2025, estimates expect it to reach around $2.45 billion,
while growth will be racing along at a rate of more than 21% every year. Farmers and businesses are leaping in; Al-
driven analytics are being deployed, IoT monitoring is being set up, and automated systems are being implemented
on everything from large-scale commercial farms to smaller plots.
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But let’s not pretend this is the same story everywhere. In richer countries, over 60% of large-scale commercial
farms are already using Al-powered precision agriculture. Compare that with only about 10 — 15% of small and
medium-scale farms in developing regions that have jumped on board. And the reason is not simply because the
technology is new or fiddly. Further investigation uncovers added systemic issues, including chronic financing
limitations, inadequately developed infrastructure, and incongruities between current systems and those required by
new technologies. A common thread throughout is an ongoing concern that the needs of stakeholders at the differing
geographies are not being properly reflected in the adoption of new technologies [9].

Paper Organization

The rest of this paper is structured as follows. Section 2 describes the methodological framework of the review,
including the selection of articles, the analytical set-up, and the research questions leading the investigation. Section
3 compares different Al architectures, from deep learning and ensemble methods to explainable Al, assessing real-
world performance in light of the prevailing hype. Section 4 introduces more concrete material by real-world case
studies, highlighting the conditions under which these methods succeed or fail across diverse regions and farm sizes,
with empirical figures. Section 5 focuses on performance metrics: measuring accuracy, selecting relevant indicators,
and justifying them. Section 6 conducts an economic analysis including cost- benefit consideration, context-dependent
return on investmen,

obstacles encountered, and pre-conditions required for these tools to work. Section 7 provides a synthesis of
tensions, emerging trends, gaps in the literature, and policy implications of the findings. Finally, Section 8 concludes
with a summary and a forward-looking perspective on developments still to come.

2. AGRICULTURE 1.0 TO AGRICULTURE 5.0 TRANSFORMATION

Let’s talk about how farming has changed over time. It has been a wild ride, to say the least. At first-call it
Agriculture 1.0-farmers used basic hand tools, worked alongside animals, and leaned hard on what they knew about
the land right around them. Most people grew just enough food to get by, nothing fancy.

Then, the Industrial Revolution came along and everything changed. Tractors rolled out, harvesters took over,
and chemi- cals like fertilizers and pesticides started showing up on fields everywhere. People were able to grow more
food and faster, but at some environmental cost.

Agriculture 3.0 is all about fundamentally changing how we do agriculture. With the increased adoption of
Global Position- ing System (GPS) technology, remote sensing, and enhanced mapping by farmers, precise, per-patch
information on soil and crop status becomes available. Resource use becomes more efficient, with water and fertilizer
applied strictly to actual need, thus significantly reducing waste.

Next comes Agriculture 4.0, which incorporates digital technologies on a large scale. Large datasets are
produced by sensor networks, allowing for better analytics that in- form decision-making and autonomous or semi-
autonomous machinery. This improves operational efficiency and extends situational awareness to remote monitoring,
accessible from diverse locations.

Agriculture 5.0 puts greater emphasis on coalescing human experience with these technological changes in
pursuit of long-term sustainability in the design and management of agricultural systems. The broad goal here is
synergistic collab- oration among farmers, machines, and ecological processes for the production of healthy food,
maintenance of healthy land resources, and sustainability of a resilient agricultural system [17].

A. State-of-the-Art and Critical Research Gaps

Of late, researchers have continued to demonstrate that Al-powered precision agriculture indeed works—at
least in the lab. Hybrid deep learning models such as CNN-LSTM and those elaborate transformer-based structures
reach yield prediction accuracies higher than 93%, provided everything is controlled [6]. In the fields—of course,
where it matters most—farmers have reaped yield increases of 15-22% or so in a high-tech setting. They’re also using
less fertilizer and water, which seems like a win for food security worldwide.

But things get messier on real farms: Out there, weather changes fast, soils aren’t all the same, and data gets
noisy. Suddenly, those accuracy numbers drop-sometimes by as much as 30 percentage points. Way too many of these
projects just don’t last or scale up, while too many reviews still obsess over algorithms instead of digging into where
these tools actually help, which farmers benefit, and what kind of economic or institutional setups really let them
thrive.
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If you survey any number of projects across Sub-Saharan Africa or on the periphery of South Asia, a pattern
will emerge: most initiatives fade out after just a handful of years. What are some major culprits? Maintenance
headaches, scant tech support, money problems, and tools ill-suited to the decision-making style of local farmers [9].
All of these considerations point to a single conclusion: there is a greater need for a more candid, context-sensitive
assessment of the capabilities and limitations of Al-driven precision agriculture.

B. Core Principles of Precision Agriculture

Precision agriculture is different from traditional farming mainly because it treats the different parts of a field
in a different way. Instead of putting the same treatment on a whole field, you manage each area with what it really
needs. The concept is simple: fields are not uniform, and things change over space and time. Therefore, you pay
attention to that variability and respond to it; that is what makes precision agriculture its own thing.
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Fig. 1: Integrated System Architecture for Precision Agriculture

This Fig.1 depicts the layer-by-layer working of precision agriculture, showing step by step how it operates. It
shows how information flows from sensors out in the fields right up to fully automated farm machinery doing its thing
with no human in sight. There are six main layers:

First, the Field Layer. That’s your boots-on-the-ground tech—soil sensors, GPS trackers, weather stations,
cameras, and drones. These gadgets are out in the field 24/7, watching everything: soil health, weather, and how the
crops are faring.

Next up is the Communication Layer. In other words, this is the glue that holds everything together. Whether
it’s WiFi, LoRaWAN, cellular, or even satellite, these networks ensure

that data from all those dispersed sensors actually gets to its destination [13].

Then there’s the Edge Computing Layer: This is the local brainpower, in a sense, processing and analyzing right
at the point of collection. Thanks to Al that runs on the edge, farms can act fast, making decisions where and when
without necessarily having to send data to the cloud.

Speaking of which, the next in line is the Cloud Infrastruc- ture Layer. Here, all that data gets stored and
crunched with advanced analytics. Big data tools, machine learning, and APIs tie everything together and sync up with
other farm apps and platforms.

The very top is reserved for the application layer. What prac- titioners face in practice are mobile applications,
dashboards, management systems, and decision-support tools all designed to interpret the inherent complexity. Thus,
raw data are turned into actionable guidance rather than just a collection of figures. Then comes the Automation Layer,
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which involves au- tonomous operation. [oT actuators perform tasks like optimal irrigation; VRT technology operates
equipment with real-time modifications where necessary, while in certain contexts, the more difficult tasks are
performed by robots or driverless vehicles [36].

Generally speaking, the outline of how the framework works would be that sensors gather information,
networks transmit the data, edge or cloud analytics decipher it, applications turn it into something useful, and
automated mechanisms take the necessary action. This will make agriculture more intelligent, speedy, and efficient
for improved yields and reduced waste, while continuously refining the system over time.

1) Data-driven decision making: “Information from sen- sors, satellites, and weather stations,
combined with data from previous growing seasons, gives farmers a real-time picture of what is happening out
in the fields.” They no longer need to guess when it is time to water and fertilize the farm. They merely know.

2) Variable rate technology (VRT): This is where it gets really interesting. This variable rate technology
takes all of that information and calculates just how much seed or fertilizer or pesticide is needed just for each
area. This is no longer one size fits all. Farmers consume less, waste less, and grow more robust crops.

C. IoT and Smart Sensor Technologies

1) Sensor Technologies and Classifications: 10T sensors truly sit at the heart of precision farming today. They
monitor everything from weather and soil to crops, tracking things like moisture, pH, temperature, nutrients, and even
how well the soil conducts electricity. But they don’t just collect numbers. These smart sensors actually have little
computers right inside them—so they can crunch the data on the spot and shoot it off wirelessly when it matters. Take
soil sensors as an example. These employ capacitive sensing or TDR for that matter, which helps greatly in achieving
a decent balance between getting solid data without eating their batteries too fast. And when it comes to the aspect of
soil pH, these sensors surely provide farmers with a real-time picture. That’s key for healthy soil and making sure
microbes in the dirt are living their best lives. Weather sensors are always on, picking up even tiny shifts in local
conditions. This helps decide precisely when to water or protect crops—no more guesswork. Finally, there are plant
health sensors, such as NDVI devices or those that would measure chlorophyll fluorescence. They can identify stress
signals in the plants long before you are able to with your naked eye. You combine all these layers of sensing, plus
quick data crunching, and you get the tools you need for truly smart, sustainable farming [26].

2) A Real-World Scenario: Now, put yourself in the shoes of a farmer operating a mid-sized soybean operation.
Suddenly, drought ensues and bugs appear out of nowhere, and all he has are traditional old-school tools. He’s
watching his hard work—and his profits—slip away. Then comes precision agriculture. Now, soil sensors provide
real-time updates on moisture levels. Drones fly over and catch diseases in their infancy. Small edge computing
devices process the data and instruct him on exactly how much to irrigate or spray, and when. Almost overnight, yields
cease their decline, while resource use drops by 28%. What began as a season of uncertainty slowly transforms into
one of resilience. Such a transformation exemplifies what is possible-farming based on data and facts, rather than
speculation-smarter, more viable, and prepared for whatever nature has in store [16].

D. IoT System Architectures and Communication Protocols
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Fig. 2: Architecture of an intelligent smart irrigation system integrating sensing, processing, actuation, and
remote moni- toring units using loT and embedded computing

Fig. 2: Architecture of intelligent smart irrigation system So, here’s how a smart irrigation system actually
works when broken down. It’s all about how sensors, processors, pumps, cloud storage, and user interfaces come
together so that you can really manage water smarter, not harder.

Then, at the field level, there are arrays of soil moisture sensors. This provides real-time observation of the root-
zone soil moisture, which is all communicated via wireless, so there’s very little need to actually go around taking
these measurements yourself.

Then, all this sensor information is channeled to a proces- sor—most probably a Raspberry Pi with an MQTT
broker running on it. Behind it all, this small controller is pulling the strings. This controller informs the watering
system when the crops require watering. It is nothing less, nothing more. When it is watering time, the processor is
responsible for directing the motorized pumps. Water reaches where it is supposed to go. There is no wastage, uneven
coverage, or flooding.

Every piece of data, from the sensors to the pumps to the irrigation schedule, goes to a cloud-based database.
Now, this isn’t a meaningless feature: the farmer or researcher could analyze this data to monitor all of this from afar.

And then comes the subscription unit—the human interac- tion itself. The farmers and interested parties are
provided with a dashboard or a smartphone app. They get real-time updates, notifications, and analyses of previous
performance and can even change things on the fly wherever they are.

The magic, though, is how all those pieces mesh. The sensors communicate with the processors wirelessly. The
processors turn on the pumps. Meanwhile, a constant flow of new data pours into the cloud, connecting all of this
together. It provides scalable storage as well as space for machine learning to later be implemented, with APIs that
can interface with other software [32].

E. IoT Sensor Specifications in Precision Agriculture

Here’s a brief overview of the key specifications you can expect to see for IoT sensors in precision agriculture
today. Each has a measurement range and accuracy, communication protocols, power usage, battery life, and cost. All
of these considerations become important as one works on how to establish, scale up, or maintain a sensor network
with minimal downtime for various farm types.

These sensors measure soil water content from 0 to 100% VWC with solid accuracy, generally in the ballpark
of 2-3%. They operate on LoRaWAN and WiFi, which supply extended- range coverage without chewing up a lot of
battery. Most will go from 2 to 5 years on a single battery; now you can leave them in the field for an extended time.
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The pH sensors monitored the acidity within the soil, which ranges from pH 0 to 14. In general, they are quite
accurate at +0.1 pH. You may expect them to function reliably in the range of one to three years.

Temperature sensors can monitor soil or air temperatures from a chilly —40°C to a scorching +85°C with better
than half a degree of accuracy. They drink very little power and some just keep on going — for seven years.

EC sensors measure soil salt levels (0 to 20 mS/cm), and it is actually useful for nourishment and salt level
management. “The NPK sensors target the nutrient trio: nitrogen, phos- phorus, and potassium, measuring values from
0-2000 ppm. This allows precise application of fertilizer where it is re- quired,”

“Weather stations roll lots of data together,” he explains. “That data is temperature, humidity, precipitation,
wind speed. Usually it’s within 1 percent to 3 percent accuracy.”

There are crop cameras of every variety: RGB cameras, NIR cameras, high-definition cameras—even 4K
cameras. They monitor crop health and detect diseases early on. Most crop cameras are wireless or cell-connected;
this means you’re not stuck in one place.

GPS modules? They locate you right on the map, down to 2 to 5 meters. It really helps map out and explore.

You’ll also notice the presence of accelerometers, gas sen- sors, light sensors, and pressure sensors. The devices
monitor microclimates, gases, sunlight, atmospheric pressure, or rather, all aspects of concern. They are battery-
powered, designed to withstand the environment, working over a limited power range.

Sensor Type Measurement Accuracy | Power Battery Life Cost Range
Range Consumption (USD)

Soil Moisture 0-100% VWC +2-3% 10-50 mW 2-5 years $50-300

Sensor

pH Sensor pH 0-14 +0.1 pH [20-100 mW 1-3 years $100-500

Temperature Sensor |—40°C to +85°C +0.5°C 5-20 mW 3-7 years $20-150

EC Sensor 0-20 mS/cm +2% 20—-80 mW 1-3 years $150-800

NPK Sensor 0-2000 ppm +5% 50-200 mW 6 months—2 $300-1500

years

TABLE I: Specifications of IoT Sensors Used in the Study

Put this all together, and you get high-accuracy data, strong communication, and long-lasting sensors. What
does this all amount to? Scalable and reliable IoT networks that use real- time decision-making and analytics-key to
making agriculture more sustainable [31].

F. Scope and Unique Contribution

This review, in light of the period 2020-2025, deeply digs into how Al is changing precision agriculture across
the globe, but it does not restrict itself to the safety of the lab. Instead, it zeros in on what actually happens when you
put bleeding-edge deep learning, ensemble, and explainable Al models to work on real farms—with all their messiness
of different crops, farm sizes, and regions. It checks how accurate these models are, how much computing power and
data they chew through, and how tough they are when faced with field conditions that can pop up unexpectedly.

On the technical front, this review pulls in real-life stories from places where Al adoption is booming—think
North America, the EU, China, and India—but also from regions like Sub-Saharan Africa and poorer parts of South
Asia where technology hasn’t caught on as much. It does not talk only about success but is pretty candid about what
goes wrong and which failures get reported.

It also digs deep into economic and institutional realities forming farmers’ decisions to pick up these
technologies at all. These numbers get broken down through detailed cost—benefit analyses, slicing things by farm
size, crop, and tech setup. By pointing out where things break down, where performance tanks, or where the tech just
doesn’t fit, this review tries to give practitioners, policymakers, and researchers a dose of reality—not a glossy sales
pitch [6].

3. SYSTEMATIC REVIEW METHODOLOGY
A. Research Questions and Objectives

Here’s what this review really tries to figure out:
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1)
2)

3)

4)

5)

Where do we currently find ourselves with respect to Al architectures in precision agriculture? Is all that
great performance metrics you hear about in the lab really playing nice in the great outdoors?

Looking at actual outcomes, by region, crop, and eco- nomics, where is precision ag with Al actually
making a difference? What is driving adoption and sustained success for farmers?

What’s hindering its adoption, specifically in developing or resource-scarce environments? How much
support—it could be institutional or infrastructural—must precision agriculture receive in order to take
oft?

When you consider different farm sizes, crops, and geographical locations, how do the costs and benefits
compare? Which group reaps the largest rewards and which ones are left behind?

There are often differences between how such systems are treated in scientific studies, and how they are
imple- mented in practice. Where are such discrepancies, and what can we learn there?

B. Data Extraction and Analytical Framework

Extracted Data Elements: This is what we followed for each article to make it into the database:

- Essentials for studying the literature. This included the authors involved in the research, the year that the
publi- cation occurred, the publication itself in the form of the journal name;

- Models they used: which Al models they utilized—CNN, LSTM, or transformation models or a combination,
and the number of training samples they had, source of their training samples, and in what ways they utilized
their training samples;

- Crop type and growing system: Field crops or greenhouse systems, or controlled environment agriculture, or
preci- sion agriculture.

- Performance metrics:

—  correctness for machine learning and deep learn- ing: accuracy, precision, recall, Fl-score, R?,

RMSE, MAE ;

—  For economics: variation in the yield (%), cost savings (%), ROI, payback period,;

- Where: country, region, agroecological zone;
- Farm size: smallholder (j50 ha), medium (50-500 ha), or large commercial/industrial (;500 ha);

Did it work? We flagged outcomes as successful, discon- tinued or mixed,;
Barriers and success factors: Anything technical, eco- nomic, institutional, infrastructural, or environmental

that helped or hurt the rollout.

Synthesis Approach:we adopted a mixed-methods ap- proach where narrative synthesis was combined with
meta- analytical techniques where appropriate due to the hetero- geneity of designs, crops, regions, and outcomes
across the studies. First, descriptive tables were developed to display model performance across crops and contexts.
Next, we as- sessed external validity by contrasting controlled environment results with those from field applications.
We carried out a meta-analysis to determine the ranges of ROI for farm size and region, using confidence intervals at
95% when data sufficiency allowed for it. We further developed comparative case studies of successful and
unsuccessful projects in order to better explain the causes of success and failure. Lastly, we conducted thematic
analysis to investigate the main themes of adoption and found the most relevant barriers and conditions affecting
adoption outcomes [6].

4. COMPARATIVE ANALYSIS OF ARTIFICIAL INTELLIGENCE ARCHITECTURES
FOR PRECISION AGRICULTURE
A. Deep Learning Models: CNN-LSTM Hybrids and Trans- former Architectures

1) Image-Based Crop Monitoring Using Convolutional Neural Networks (CNNs): Today,

CNN forms the backbone of most deep learning tools used in several applications such as crop disease
detection, growth stage classification, and stress spotting. A review of 34 related, peer-reviewed articles
between the years 2020 and 2025 using CNNs for crop disease detection showed the following:

Lab Results-Controlled Conditions:
- 2D-CNNs averaged an accuracy of 94.8% (£3.1%; 95%
CI: 91.7-97.9%).
- 3D-CNNs averaged 92.4% of accuracy (+4.2%; 95% CI:
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88.2-96.6%).
Models with transfer learning pre-trained on ImageNet fell between 88—92% in terms of accuracy.

Field-Deployment Performance Reality Of the 12 studies that reported both lab and field results, the drop-
off is hard to ignore:

High-res professional images: accuracy remained at 95.2% + 2.1%.

- Smartphone images taken by farmers: the accuracy dropped to 72.1% (£8.4%).
- Poor ambient light of the field: accuracy declined to 58.3% (+12.6%).

- Complex backgrounds: accuracy averaged 71.4% (+10.2%).

What does this mean? If you need more than 90% precision in disease detection, field results may as well drop
behind the lab numbers by about 20 to 35%. That doesn’t mean that the models are broken; the messy, unpredictable
conditions of real fields can just trip them up.

Technical Requirements
To put these CNNs into running order for agriculture, you would require:
- 1,000-5,000 labeled images per disease class.

- GPU acceleration for training—trying to train on a CPU is painfully slow, with inference times of
200-500 mil- liseconds.

- Transfer learning can reduce the amount of training data required by up to 60%, but if your field
data looks quite different from your training data, accuracy could suffer by 8—15% [12].

2) LSTM and Hybrid CNN-LSTM Models for Temporal Crop Yield Prediction: LSTM
networks and CNN-LSTM hybrid architectures have emerged as leading approaches for time-series crop
yield prediction.

Reported Accuracy (Controlled Datasets)
- The mean R2 score of CNN-LSTM hybrids is 0.91.
- The models with only LSTM reach a score of 0.88
- 3D-CNN models exhibited a lower average R2 score in comparative evaluations.
Performance Across Geographic Contexts

- Ifyou vary the year but keep the same region, the R2 remains relatively stable, within a margin of
0.03.

- Move to a different region with a similar climate, and R2 falls by 0.06 to 0.08.
- Shift regions, as well as climate, and a larger effect is realized: R2 falls by 0.15 to 0.25 [12].

3) Transformer-Based Architectures and Vision Transform- ers: The Transformers are causing
a lot of upheaval. They’re excellent multi-modal models, so they’re great at merging different sources of
data, such as imagery, weather, soil, what- have-you. And they’re a lot more explainable, because of the
attention maps. Why people like them:

- The amount of training data required is reduced by 20— 50%, as the technique of transfer learning
is applicable in this case

- They process multiple types of data simultaneously, with no difficulties.

- Itis easier to see what the model is attending to with the attention maps.
Limitations include:

- They require 3-5 times as much GPU memory as CNN- LSTM hybrids.

- ”They’re not great with small sets, less than 2,000 pics, forget it.”
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- Real-time deployment is a problem unless you have edge GPUs available [12].

Ctx Crop Data RF CNN Adv
Yield pred. Wheat 1200 rec. 0.89 0.84 +0.05
Yield pred. Rice 800 rec. 0.86 0.79 +0.07
Dis. det. Potato 1500 img. 0.88 0.81 +7%
Soil moist. Mixed 3000 samp. 0.91 0.87 +4%
Pest pred. Cotton 900 rec. 0.83 0.77 +6%

TABLE II: Comparison of Random Forest and CNN Perfor- mance Across Applications

B. Ensemble Methods vs. Traditional Machine Learn- ing—Where Simple Techniques Outperform
Deep Learning

Here’s a point that is striking: ”On a farm where there isn’t a lot of data available, simpler models tend to work
better than deep learning models.”

1)Random Forest Performance on Small-to-Medium Datasets : The Random Forest (RF), on the other
hand, typically performs as well as, if not better than, CNNs or LSTMs when:

- The number of samples available for training is less than 2,000.
- Most of your attributes are in table form: soil, weather, crop management.
- The agricultural context exhibits substantial agroecologi- cal diversity.

Advantage of Random Forest for Agricultural Applications Why Random Forest Works for Agriculture RF
models have a number of useful properties, which are most evident when one considers real-world farming conditions,
lack of data, as well as a lack of computational power.

- They don’t need many samples, 500 to 1,000 is enough. The deep learning models commonly need 2,000 to
5,000 to reach a similar level of accuracy.

- They are transparent. It is evident what the priority is in terms of what is most valued, which helps to build
trust with farmers who use Al to make decisions.

- They’re fast and inexpensive to operate. The training process takes only 10 to 30 minutes on a common CPU,
with a prediction time of under 5 milliseconds, which means that you can use these predictions on the farm,
in real-time, even without cloud support.

- RF models are robust to noisy data. They are uninfluenced by the presence of outliers and holes in the dataset.

In the case of small farms, or when resources are limited, Random Forests are generally a better choice when it
comes to cost. Here, accuracy is around 82—87%, and they consume a maximum of 90% less power compared to deep
learning. This is ideal for implementation in the real world in a limited environment [22].

2)Gradient Boosting and XGBoost Performance: XGBoost and GBR have indeed become serious
challengers to deep learning models, especially when it comes to predicting crop yields from weather, soil,
and management data. They are prominent because they learn structured patterns well and run fast so that
you can actually use them in the field without a supercomputer.

Performance Summary
Analysis of comparative studies indicates the following trends:

- XGBoost nails the yield prediction, with an average R2 of 0.90 + 0.06. That’s right up there with the LSTM
models, which usually land around R2 of 0.88 + 0.07.

= You do not need hours, nor fancy hardware: XGBoost training usually takes 5—15 minutes on an ordinary
CPU. Deep learning may consume way more time and require a GPU.

Context for Deployment
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XGBoost and GBR enable the utilization of your domain knowledge concerning crops and farming. Feature
ering is quite straightforward. You do not need to fully rely on automatic feature extraction from the model, like
NNs or LSTMs. These models really shine when:

Your data’s in tables-think weather numbers, soil read- ings, what happened in the field

You don’t have powerful computers or a GPU lying around.

You need to explain why a certain prediction was made by the model. Farmers and decision-makers want
expla- nations, not numbers.

Time is limited, or you do not have a mountain of data to analyze.

C. Explainable Al interpretable models to support agricul- tural decisions

There is definitely a shift that is taking place in precision agriculture—more and more, there is a need for Al

models that can come up with not only the prediction but also an explanation of the same idea. That is what explainable
Al is all about. This kind of transparency matters.

Current Approaches Farmers have to be able to trust technology, make better decisions, and honestly follow

some of these new rules popping up for Al in agriculture.

1) LIME: Local Interpretable Model-Agnostic Explanations-LIME explains why a model made a particular

prediction by creating a simplified, interpretable model around each input. Thus, you get a locally very easy-
to-follow explanation of the individual results.

2) SHAP: SHAP assigns a value to each feature for a specific prediction that indicates its contribution to the

outcome. This shows how aspects like environment, soil, or management decisions are in fact driving the
model result.

3) Attention Mechanisms: Transformers have interpretabil- ity out-of-the-box. You can look at the attention

weights and see which parts of the input actually matter to the model’s decisions.

4) Simplified or Interpretable Models: Sometimes, re- searchers stay with models that are inherently under-

standable, such as decision trees, linear regression, or random forests. These models present explicit rules
so that one can track how exactly they made this or that conclusion.

Adoption Impact

Field trials indicate that explainable models catch on a lot faster than black-box deep learning systems. For
farm- ers to whom the inner workings become at least somewhat transparent, the rate of adoption jumps to about 65
to 75%, whereas the more mysterious, non-interpretable models get only about 25-35%. In other words, being able to
explain what is happening inside these systems makes all the difference, not just in terms of the accuracy of those
systems, but most especially for actually getting real farmers to use Al in their daily work [12].

5. C

ASE STUDIES OF REAL-WORLD IMPLEMENTATIONS: SUCCESS AND

FAILURE ANALYSIS
A. Success Stories: Regions of High Adoption

1)

2)

3)

Case Study 1: Wheat Production, Central Europe (Czech Republic, Germany): Now, let’s look at Central
Europe. From 2019 to 2024, three commercial farms in the region—each between 250 and 500 hectares—
jumped into precision agri- culture for winter wheat. They first introduced soil moisture sensors, brought in
satellite data, and let artificial intelligence deal with irrigation planning. And what happened? Crop output
improved by 16.7%. They irrigated 24% less water and cut fertilizer application by 15%. After five years,
the return on their investment reached 65%. The local institutions came through big time, their people are
knowledgeable, and their infrastructure is working properly [3].

Case Study 2: Increasing the Yields of Paddy Rice in India: Let’s take the example of India. In the provinces
of Punjab and Tamil Nadu, the state administration implemented a scheme for “500 small farm irrigation
projects,” handing the farmers low-cost “IoT devices and smartphone apps based on artificial intelligence.”
The result? Rice production increased by as much as “29 percent for the farmers” while “wa- ter consumption
declined by 20-25 percent.” This happened because “the technology suited the farmer,” and there was “good
government backing and outreach to the communities to remain committed to the scheme.”

Case Study 3: Predicting Maize and Soybean Yields in the U.S.: Next, there is the American scenario. In lowa
and Illinois, a CNN-LSTM hybrid model was applied for fore- casting maize and soybean crop yields. The
project combined multispectral satellite imagery, climate, and soil variables. The results were as follows: the
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model nailed it perfectly by producing R? scores of 0.89 in maize and 0.86 in soybeans. Yields rose by about
9%, and big commercial farms enjoyed a real economic edge [8].

4) NDVI-Based Crop Health Assessment Using Satellite Remote Sensing: NDVI maps help illustrate
multispectral satellite images regarding how healthy the crops are. You can locate where plants are struggling
or thriving, and this helps farmers make wiser decisions on when and where to irrigate, fertilize, or handle
pest control.

Fig. 3: NDVI map showing crop health variability using satellite remote sensing in agriculture.

B. Failure Cases: Obstacles to Adoption and Implementation Difficulties

1) Case Study 4: Abandoning the Maize PA Initiative, Sub- Saharan Africa (Kenya): In Kenya’s Central
Highlands, a precision agriculture initiative got off to a roaring start. They provided 200 poor subsistence
farmers with soil moisture sen- sors and irrigation advice via text message. Initially, everything seemed on
track. Then the sensors began to break down, the farmers received insufficient support, and the costs
became prohibitively high. Four years in, 95% of the farmers had abandoned the project entirely.

2) Case Study 5: Cotton PA and Pest Management, Sub- Saharan Africa (Tanzania/Malawi): In Tanzania and
Malawi, around 150 small farmers started to adopt Al-powered apps in order to control pests. The apps
were quite successful initially, where it reduced pesticide use by 30%. That didn’t last long. Not everybody
owns a smartphone; sometimes, algo- rithms went wrong; and some didn’t like trusting technology.
Eventually, only 25% remained using the system, showing that infrastructure and people’s attitudes can
interfere [9].

6. PERFORMANCE METRICS AND EVALUATION METHODS

The line chart is used to show how the deep learning technique behaves when training and validating the
precision agricultural system. In training, the accuracy increases rapidly to nearly 99%. This indicates that the system
is learning well. Now, when looking at the validation accuracy, it remains stable around 85% to 90%. That’s a result
to be expected in the real world. So what is the difference between the two, anyway? That is, of course, a classic sign
of overfitting. These graphs are not just there to make a nice presentation, by the way, but are what you will use to
experiment with your particular model and tune those parameters.

While evaluating your models, you focus on error functions such as RMSE (Root Mean Square Error), MAE
(Mean Ab- solute Error), MRE (Mean Relative Error), or R? (Coefficient of Determination). Now, your RMSE gives
you an estimate of how close your estimations actually are. Some of the better models are off by only 102.65 kg/ha,
which is amazingly small. MAE gives you the average error margin. Coming to R?, if your R? measure happens to be
0.98, then congratulations: you’re finished. Your guesses are almost correct. Whether you’re using traditional
techniques, machine learning, deep learning, or even some crazy combination of the aforemen- tioned, the comparison
remains the same, more or less the same. Then, your overall accuracy increases with the hybrids, reaching as high as
98 percent, which is a huge plus for farming [6].
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B Qsach
Application Traditional (%) ML (%) DL (%) Hybrid AI (%)
Crop Disease Detection 65 85 95 98
Yield Prediction 70 82 90 95
Soil Moisture Monitoring 75 88 92 95
Weed Detection 60 85 95 97
Pest Identification 55 80 90 95

TABLE III: Performance Comparison by Application

This work compares four precision agriculture methods based on their achieved accuracy. Conventional
approaches establish a lower bound with an accuracy of about 55% to 85%. Coming next are machine learning
algorithms. They increase accuracy to around 80% to 92%. Then comes Deep Learning, which performs even better
with accuracy touching 92% to 95%. Finally, topping the list are Hybrid Al Systems. They are striving to achieve
accuracy of 95%¢098% accuracy levels.

Traditional approaches are essentially rule-based and man- ual, so they’re not up to complex data tasks by any
means! Machine learning integrates statistical techniques for dealing with crop classification or irrigation system
optimization, for example, in a much better manner altogether! ”Deep learning is a level further and uses “intelligence”
generated by neural networks to “”detect” key features.” That’s why it is so effec- tive, such as in disease identification
or monitoring the sur- roundings! "Hybrid Al approaches combine both techniques so it is the most accurate one, such
as in weed identification or quality monitoring” [6].

These accomplishments aren’t just about the numbers; it means better decisions, resource management, and
robust agricultural systems because of smarter decisions.

7. ECONOMIC FEASIBILITY, COST BENEFIT ANALYSIS AND BARRIERS TO
ADOPTION
A. Meta-Analysis: ROI by Farm Size, Region, and Tech Con- figurations

Take a look at 31 different studies on ROI, payback periods, and cost benefits, and you’ll see it’s not as simple.
It all comes down to where you happen to be and what kind of farm you’re running.
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- In most cases, you can see a solid return on your investment only when your farm is over 50 hectares. If your
farm is smaller, the return barely makes a break- even point, sometimes even going negative. This is with
regard to the prices of the markets. Smaller farms can make a positive ROI when highly subsidized, say 50%
subsidies, or when production increases by at least 20%.

- Location is also an important consideration. In Sub- Saharan Africa, the ROI remains in the negative zone,
barely touching zero. In South Asia, it is a slight improve- ment but only when externally funded or subsidized.
In developed nations, ROI varies from C5,000 to C80,000, based on the size of your business.

- In the case of mid-to-large sizes of farmland, two to three years seems a quite real payback period. In your
small farm, assuming there’s no subsidy, it might take five to seven years, maybe longer, to reach a break even
point. The longer it takes, the less your farmers are apt to go for the technology.

- And when it comes to the cost saving, let’s keep things real. The marketing department claims that you’ll be
saving 30 to 40 percent on your input costs, but according to the actual research, it’s only 10 to 20 percent.

B. Critical Adoption Barriers: Systematic Synthesis

If you look into 21 research articles on why farmers are not embracing precision agriculture, economically is
where the problem is. The cost of precision agriculture is high, farmers are not prioritized when it comes to loans,
infrastructure, extension, skills—this list includes factors that inhibit farmers. Then, of course, there is the human
element, which is that farmers are conservatively minded, are averse to taking risks, and therefore are not open to
change. Not supporting farmers with agriculture policies makes things even more difficult to maintain [9].

C. Critical Success Factors: Enabling Conditions for Sustain- able Adoption

Analyzing eight real cases where the adoption of technology has yielded success, a couple of things are
noticeable:

1) The numbers have to make sense—farms need a payback period of under three years.

2) It has support from the government or NGOs.

3) The basic infrastructure is available; this includes things such as electricity and internet, which are vital.

4) Keep the tech simple. Complicated fixes simply do not work as well as straightforward ones.

5) Farmers themselves have to be part of shaping the solutions, rather than just accept whatever comes down
the line.

6) Be transparent as to what the technology can/can’t do. Communicate openly and clearly. Ultimately, hard
economic benefit, concrete support, good infrastruc- ture, practical technology, farmer cooperation, and
trans- parency ultimately work.

7) Offer flexible financing.

8) Training that is regional fits. This type of local focus increases accuracy by 10 to 20 percent%.

8. DISCUSSION: SYNTHESIS, CONTRADICTIONS, AND UNRESOLVED
CHALLENGES
A. Overcoming Challenges: Lab Success vs. Real-Life Perfor- mance

Deep learning models are just incredible when tested in a lab setting—at times, they can actually come pretty
close to 99% accuracy when you test them with the training dataset. However, when you put them in practical use,
that percentage plummets. On actual testing sets, if things go well, you’re maybe going to see some 85-90% accuracy
figures. There is a quite large difference there. The problem is mainly that of overfitting, and then there are a lot of
unexpected things that might occur when going from lab testing to practical use.

B. The Role of Local Context

In precision agriculture, individuals are used to evaluating models using scores such as RMSE, MAE, MRE,
and R- squared. The most effective hybrid models are able to limit RMSE to 102.65 kg/ha and reach R-squared scores
of about 0.98, which is a great achievement. Traditional machine learning models tend to come in ranging from R-
squared scores of 0.77 to 0.85 at best. Precision continues rising as one progresses from traditional approaches (ranging
from 55- 85%), through machine learning (80—92%), deep learning (92- 95%), to finally arriving at hybrid Al, where
one can actually improve it to 98%.

C. Persistent Unresolved Challenges

Precision agriculture is changing the face of farming—just imagine GPS-guided tractors, sensors installed in
the soil, drones hovering overhead, and Al interpreting data. The entire concept is about using resources effectively

193



and sustainably. It is an area which is truly taking off. However, there are certain challenges too. It’s not inexpensive,
requires some effort to master, and the infrastructure isn’t developed in certain parts of the planet [14].

9. CONCLUSION AND FUTURE PROSPECTS
A. Future Prospects

1)

2)

3)

4)

5)

6)

Artificial Intelligence and Machine Learning: Explain- ability for Al helps to make things much clearer for the
farmer and the regulatory body. There’s also the issue of federated learning whereby the privacy and the models
develop more robustly. Another type of Al would be multimodal.

Better Sensors: Nanosensors, biosensors, and hyper- spectral imaging allow early detection of crop stress,
enabling farmers to take action before it spirals out of control. The latest advancements in wireless sensor net-
works, particularly those that can harness energy from their surroundings, just keep on transmitting accurate
results even when weather goes south on them.

Robots and Automation: Now, robots equipped with computer vision, machine learning are already present out
in the fields, weeding, harvesting, spraying, and doing it way more accurately. Swarm robots working along
with humans are making the entire procedure more efficient.

Sustainability and the Environment: Accuracy farming keeps the use of fertilizer and water a whole lot lower,
and that translates to reduced pollution and improved soil quality. Then, of course, there is conservation tillage
and cover crops, and it just keeps going from there.

Economic Growth and Market Shifts: Precision agricul- ture is an emerging field globally, mainly due to the
contribution of Al and satellite technology. By 2026, more than 60% of agricultural land will utilize Al

What factors are propelling and stifling adoption? Be- cause of its ability to enhance efficiency and sustainabil-
ity through GPS-guided equipment and remote sensing applications that can apply variable rates, precision
farming is gaining good momentum. However, high investment and lack of expertise are hampering many
farmers, particularly small ones.

B. Conclusion

The agricultural sector is getting turned upside down by Al. Technology such as IoT sensors and deep learning

is more than just hype—it’s about to get a practical application when it comes to precision. But it’s not enough to
merely possess this technology. In order for such technology to become a huge success, farmers would need support
from institutions, proper training, and enough funds in pocket to make it all work out properly. Large farms in
developed nations are already reaping the benefits of Al technology. In developing nations, however, it is much more
sensible to invest in Random Forest models, not to mention they are more affordable too. So, it all breaks down to one
thing—researching where their adoption is spot on, such as proper governance, proper training, developed
infrastructure, and access to consistent funding [14].
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