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Abstract - Machine learning is changing the way farming 
works by bringing smarter, data-based decisions to the field. 
This survey looks at the popular ML tools and techniques that 
help with things like checking crop health, predicting yields, 
and understanding soil and environmental conditions. By 
exploring real-world examples, the paper offers a clear starting 
point for anyone researchers or field experts interested in using 
ML to improve agricultural practices. It also highlights how ML 
can reduce resource waste by enabling precise use of water, 
fertilizer, and pesticides. Tools like drones, sensors, and 
satellite imagery are used alongside algorithms to monitor crop 
progress and spot problems early. Farmers benefit from timely 
insights that help boost productivity and protect crops from 
pests or climate impacts. With better planning and automation, 
even small-scale farmers can improve outcomes. This survey 
shows that ML is not just a trend, but a practical path toward 
sustainable and resilient agriculture. 
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1. INTRODUCTION  

Agriculture has been the backbone of human 
civilization for thousands of years. But today, farmers face a 
growing list of challenges from feeding a rapidly increasing 
global population to dealing with the effects of climate change 
and managing limited natural resources (Wheeler T & von 
Braun J, 2013). These modern demands call for smarter, more 
efficient farming methods. That’s where ML steps in, offering 
powerful tools (Table 1) to make farming not just more 
productive, but also more sustainable. ML can analyze large and 
complex datasets something traditional methods simply can't 
keep up with. It helps farmers move beyond guesswork by 
offering accurate, timely insights. Whether it’s identifying crop 
diseases from images, predicting harvest yields based on 
weather patterns, or advising the best time to water or fertilize, 
ML is already transforming the way farming is done.  

Even small-scale farmers can benefit, thanks to mobile 
apps and low-cost sensors powered by ML. Governments and 

organizations are starting to embrace these tools to secure food 
supply and support farming communities, (FAO & ITU, 2022). 
This paper provides a clear overview of the tools, algorithms, 
and real-life applications of ML in agriculture. It’s designed to 
help researchers, field experts, and policymakers understand 
how this technology is being used today and how it could shape 
the future of farming tomorrow. 

 
2. BACKGROUND STUDY 

Over the past few years, researchers have increasingly 
turned to machine learning (ML) to help tackle the many 
challenges faced in modern agriculture (Liakos K et al., 2018). 
Studies show that ML can make a real difference in areas like 
precision farming, accurate yield prediction, and early detection 
of crop diseases. For instance, convolutional neural networks 
(CNNs) have been used to analyze leaf images and identify 
plant diseases with impressive accuracy.  

Similarly, support vector machines (SVMs) have 
proven effective in classifying soil types and spotting pest 
infestations (Zaur Rahim M, et al., 2021). Several advanced ML 
platforms such as Google Earth Engine, Microsoft Azure 
FarmBeats, and IBM’s Watson Decision Platform have been 
applied in actual farming settings to provide real-time insights 
and forecasts (Gorelick N, et al., 2017). Research has also 
highlighted the usefulness of decision tree and random forest 
models for predicting crop yields using weather and soil 
information.  

However, despite these promising developments, many 
smallholder and rural farms have yet to fully benefit. Limited 
internet access, a lack of annotated datasets, and low digital 
literacy among farmers continue to be major hurdles to 
widespread adoption. 
 
3. PROBLEM STATEMENT 

Even with rapid advancements in agricultural 
technology, many farmers especially those in rural or resource 
limited areas still face long-standing challenges. Unpredictable 
weather patterns continue to impact crop yields, and resources 
like water, fertilizers, and pesticides are often used inefficiently 
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due to lack of timely insights. Farmers often lack access to real-
time data that could guide critical decisions, and delays in 
identifying pests or diseases can lead to significant crop loss. 
While ML has shown great promise in addressing these issues, 
there remains a noticeable gap between what’s possible in the 
lab and what’s actually happening on the farm.  

For ML solutions to make a meaningful impact, they 
need to be not only intelligent but also affordable, easy to use, 
and scalable especially for smallholder farmers who may have 
limited digital literacy and infrastructure. Bridging this gap is 
essential to ensure that technological progress benefits all layers 
of the agricultural community, not just the few. 
 
4. PROPOSED SYSTEM 

This paper proposes a structured ML-based framework 
for smart farming. 

        

                                  
Figure 1: Interconnected elements of smart farming framework 

powered by machine learning 
 
Following Components: (Figure 1) 

1. Data Collection Layer:  
IoT sensors, drones, and mobile apps to collect real-
time data on soil, weather, and crop conditions. 

2. Data Processing and Cleaning:  
Using Python and tools like Pandas, Scikit-learn, and 
TensorFlow to process, clean, and normalize data for 
analysis. 

3. Model Selection and Training: (Table 2) 
o Use SVM for classification tasks like crop 

health or pest presence. 
o Apply Random Forest and Decision Trees for 

yield prediction and irrigation scheduling. 
o Use CNN for image-based disease 

identification. 
4. Decision Support System(DSS):  

A dashboard or mobile interface that delivers insights 
to farmers in simple visual formats or local languages. 

5. Feedback Loop:  
Continuously improve the models through retraining 
using newly collected data from the field. 

6. Cloud and Edge Deployment:  
ML models hosted in the cloud for scalability, with 
lightweight versions deployed on mobile or edge 
devices for offline use. 
 

5. COMMON MACHINE LEARNING TOOLS IN 
AGRICULTURE 

Machine learning tools make use of predictive 
analytics to look ahead and forecast what might happen based 
on past data (Shinde P. P & Shah S, 2018). This is especially 

helpful in agriculture, where understanding how things like 
changing weather patterns, pest outbreaks, or crop diseases 
could affect future yields is crucial. By spotting potential 
problems before they happen, farmers can take early action 
whether it's adjusting planting schedules, using targeted 
treatments, or choosing more resilient crops. This forward 
looking approach helps build stronger, more adaptable farming 
systems that can better handle the challenges of a changing 
environment. 

Tool Functionalities Useful 

Python & R Programming 
languages with 
rich libraries 
(e.g., Scikit-
learn, 
TensorFlow, 
Keras) for 
building and 
training ML 
models. 

Flexible, open-source, and 
widely used for both research 
and real-world ML tasks in 
agriculture. 

Google 
Earth 
Engine 

A platform for 
analyzing 
satellite 
imagery and 
geospatial data. 

Essential for monitoring crop 
health, land use, and 
environmental conditions 
remotely. 

IBM 
Watson 
Decision 
Platform 

Provides 
insights using 
AI and data 
analytics for 
precision 
agriculture. 

Supports farm management by 
forecasting weather, yields, and 
field performance. 

Microsoft 
Azure Farm 
Beats 

A cloud-based 
system 
integrating 
farm sensor 
data with ML 
insights. 

Helps farmers make real-time, 
data-informed decisions. 

QGIS + ML 
Plugins 

Open-source 
GIS software 
with machine 
learning 
plugins. 

Used for mapping and spatial 
analysis in precision farming. 

Table 1: Different Types of Tools used for learning 

6. POPULAR ML ALGORITHMS IN AGRICULTURE 

ML algorithms used in agriculture for tasks such as 
crop classification, yield prediction, and pest detection. 
Algorithms help automate processes, reduce manual labor, and 
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support real-time agricultural decision-making (Liakos K, et al., 
2018). 

Algorithm Description Example Use 

Support 
Vector 
Machine 
(SVM) 

Supervised learning 
algorithm that 
separates data into 
categories. 

Classifying diseased vs. 
healthy plants from leaf 
images. 

Decision 
Trees & 
Random 
Forest 

Tree-like models 
that split data into 
decision paths. 
Random Forest uses 
multiple trees for 
better accuracy. 

Predicting crop yield based 
on weather and soil data. 

K-Nearest 
Neighbors 
(KNN) 

Classifies data based 
on closest data 
points. 

Identifying plant species 
from visual or soil features. 

Naïve Bayes Probabilistic model 
based on Bayes’ 
theorem. 

Forecasting rainfall and 
selecting optimal crops. 

Artificial 
Neural 
Networks 
(ANN/CNN) 

Mimic brain neurons 
to learn patterns, 
especially in images 
(CNNs). 

Detecting leaf diseases using 
image recognition. 

K-Means 
Clustering 

Group’s similar data 
points into clusters 
without prior labels. 

Segmenting agricultural 
land into zones for irrigation 
or crop type. 

Table 2: Various Learning Techniques 

7. KEY AGRICULTURAL APPLICATIONS OF MACHINE 
LEARNING 

ML in agriculture enhances crop yield prediction, disease 
detection, and precision farming by analyzing large datasets. It 
enables data-driven decision-making, improving resource 
efficiency and sustainability in agricultural practices (Liakos K, 
et al., 2018). 

Crop Yield Prediction 
ML models analyze various parameters like weather 

patterns, soil conditions, crop variety, and historical yield data 
to forecast future production. These predictions help farmers 
plan cultivation schedules, manage resources efficiently, and 
avoid economic losses.  
Example: Random Forest models can predict wheat or rice yield 
with high accuracy by analyzing seasonal rainfall and 
temperature data. 
 
Disease and Pest Detection 

Using image recognition and classification techniques (like 
CNNs or SVMs), ML can identify early signs of diseases and 

pest infestations from images of leaves, stems, or fruit. This 
enables timely intervention and reduces crop damage. 
Example: A smartphone app powered by ML can detect leaf 
blight in maize in grapes by analyzing a photo. 

 
Soil Health Monitoring  

ML can evaluate soil nutrient levels, pH, and moisture 
through sensor data or remote sensing images. This data is used 
to recommend fertilizers and soil treatments, improving plant 
health and yield.  
Example: KNN or decision trees are used to classify soil types 
and suggest appropriate crop–fertilizer matches. 
 
Weather Forecasting  

Weather conditions greatly impact crop growth. ML models 
such as Time Series Forecasting and Long Short-Term Memory 
(LSTM) networks predict rainfall, humidity, and temperature 
based on historical data. 
Example: Farmers can use ML-based mobile alerts to plan 
irrigation or harvesting before a storm. 
 
Irrigation Management  

ML, combined with IoT sensors, can optimize water usage 
by predicting when and how much to irrigate. This saves water 
and prevents over or under irrigation.  
Example: An SVM model could activate irrigation when soil 
moisture drops below a critical level, based on real-time data. 
 
Weed Detection and Removal  

ML enabled robots or drones can detect weeds using image 
classification and apply herbicide only where needed (precision 
spraying), reducing chemical use and cost.  
Example: A CNN model trained on field images identifies 
unwanted weeds among crops and targets them precisely. 
 
Harvest Planning and Quality Grading   
    ML algorithms can assess fruit ripeness, size, and quality 
from images or sensor data. This supports farmers in timing 
their harvest for maximum value and sorting produce by grade.  
Example: Tomato ripeness detection using image-based ML 
models helps automate harvesting decisions. 
 
Precision Farming and Smart Farm Management     
 ML integrates data from drones, satellites, sensors, and field 
machinery to offer comprehensive farm analytics. It helps in 
zoning fields, tracking crop performance, and managing inputs 
more accurately.  
Example: A dashboard powered by ML may visualize crop 
stress zones and suggest targeted interventions. 
 
Algorithm Performance 
CNNs work well for detecting plant diseases from images. SVM 
and Random Forests give good results for classifying crops and 
predicting yield (Mohanty S. P, et al., 2016). Among the 
surveyed algorithms (Table 3). 
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Task Algorithm Accuracy Range 

Crop Disease 
Detection 

CNN 95–98% 

Yield Prediction ANN / Random 
Forest 

85–92% 

Pest Identification SVM / CNN 80–95% 

Weather 
Forecasting 

LSTM 86–90% 

Table 3 Best Performing Techniques in Agriculture 
 
 

8. CONCLUSION 
 
Machine Learning offers a powerful toolkit that, when 

thoughtfully integrated, can bring transformative benefits to 
agricultural practices especially in the realm of survey based 
insights and decision-making. These tools don’t merely 
automate processes, they provide farmers, researchers, and 
policymakers with a deeper understanding of patterns in crop 
behavior, soil health, climate variability, and pest dynamics. 
From forecasting yields with impressive accuracy to detecting 
early signs of disease using drone imagery and Artificial 
Intelligence models, ML enables smarter, timelier interventions. 
When properly supported by infrastructure like reliable internet 
connectivity, sensor networks, and accessible computing 
platforms ML systems can operate in real-time, offering 
localized recommendations that align with the unique 
challenges of each farm. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

REFERENCES 
 

[1] FAO & ITU. “E-agriculture Strategy Guide. Food and 
Agriculture Organization of the United Nations and 
International Telecommunication Union”, 2022.  

[2] Gorelick, N., Hancher, M., Dixon, M., Ilyushchenko, S., Thau, 
D., & Moore, R. “Google Earth Engine: Planetary-scale 
geospatial analysis for everyone. Remote Sensing of 
Environment”, 2017, 202, 18–27.  

[3] Liakos, K. G., Busato, P., Moshou, D., Pearson, S., & Bochtis, 
D. “Machine learning in agriculture: A review. Sensors”, 
2018, 18(8), 2674.  

[4] Liakos, K. G., Busato, P., Moshou, D., Pearson, S., & Bochtis, 
D. “Machine learning in agriculture: A review. Sensors”, 2018, 
18(8), 2674. 

[5] Shinde, P. P., & Shah, S.” A review of machine learning and 
deep learning applications in agriculture. International Journal 
of Computer Applications”, 2018, 180(44), 22–26.  

[6] Wheeler, T., & von Braun, J. (2013). Climate change impacts 
on global food security. Science, 341(6145), 508-513.  

[7] Zaur Rahim, M., Razali, R., & Shafri, H. Z. M. “Support 
vector machine (SVM) and random forest (RF) for soil 
classification using remote sensing data: A comparative study, 
2021, Geocarto International, 36(1), 73–89.  

[8] Mohanty S.P, Hughe, D.P, & Salathe M. “Using Deep 
Learning for Image-Based Plant Disease Detection. Frontiers 
in Plant Science”, 2016, 7, 1419. 

 
 
 
 
 


