RESEARCH PAPER

Al-Powered Crop Disease Detection: Machine Learning Solutions
for Sustainable Agriculture

Satyam Sheshansh!, Kanda Chandusha?, Sai Saketh Sunkara3, Ayesha Siddiqa*, Dr Shyjith
M BS, Y Venkateswara Reddy®, Dr. Seema Haribhau Jadhav’, Dr. Guru Prem®, Dr. Siva

koteswara rao Katta®
'Software Engineer. Email: satyamsheshansh@gmail.com
2Assistant Professor, Department of Computer Science and Information Technology, Koneru Lakshmaiah
Education Foundation, India. Email: kandachandusha@gmail.com
3Senior Salesforce. Email: aisalesforce2711@gmail.com
‘Department of CSE, Jnnce, Shivamogga. Email: ayeshasiddiga@jnnce.ac.in
SAssociate Professor, Department of CSE, Jyothi Engineering College, Thrissur. Email: shyjithmb@gmail.com
°Assistant Professor, Computer Science and Engineering, St. Martin's Engineering, Hyderabad.
Email: yervavenkatesh0572@gmail.com
"Associate Professor, Instrumentation & Control Engineering, MVP Samaj's Karmaveer Adv. Baburao,
Ganpatrao Thakare College of Engineering, Gangapur Road, Nashik. Email: swamipr2021(@gmail.com
$Dr. Guru Prem, S.M.S. (Soil & Water Management), Krishi Vigyan Kendra-Ambala, Tepla, Post:Saha,
Ambala, Haryana. Email: gpgrover79@gmail.com
°Dr. Siva koteswara rao Katta, KIETW, Kakinada, India. Email: sivakoteswarraodrkatta@gmail.com
*Corresponding Author: Satyam Sheshansh, Software Engineer.

Email: satyamsheshansh@gmail.com

Abstract:

This is especially true for agriculture, where none are more prevalent than the impact of climate change — as diseases
perpetually increase prices above the line of economic loss from the need to maximize output without failure to
produce. Any infection that causes decay of crops threatens food safety worldwide, and timely detection of these
diseases is crucial to the appropriate addressing of the threats and avoiding the application of toxic chemicals that
could be detrimental to the environment or the residual content of crops. Here, they utilized machine learning and
Al operations to offer an efficient, scalable, and reliable solution for real-time identification of crop disease. This
approach using cutting-edge image processing, deep learning models and data analytics help in identifying and
classifying these crop diseases instantly, enabling prompt action. Al-enabled crop systems can therefore minimize
crop losses and pesticide usage, and help maintain sustainable farming practices, according to the study. It discusses
also how these solutions can be implemented on a larger scale, within different agricultural settings, contributing to
a more sustainable and profitable agricultural industry in the long run.
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Introduction: Crop disease detection has conventionally depended

Agriculture, meanwhile, is essential for feeding the
global population and with the continued increase in
the world’s population, there is a growing urge to
increase agricultural productivity and sustainability.
One of the biggest challenges faced by farmers around
the world is the occurrence of crop diseases that can
hit yield and food stability hard. As per FAO, crop
diseases cause enormous losses in agriculture, and
reports indicate that about 40% of the global food
production is lost due to pests and disease.
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significantly on visual inspection by farmers,
agronomists, or agricultural extension personnel.
While these techniques work in some cases, they take
time, consume labor, and are sometimes susceptible
to human error. Additionally, the impaired
identification of disease causes leads to the
transmission of infectious agents that are increasingly
complex to control and eradicate.

The times live in are marked by rapid advancements
in artificial intelligence (AI) and machine learning
(ML), which can unlock new potentials and
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revolutionize the paradigm of crop disease detection.
Indeed, artificial intelligence powered systems,
especially those utilizing computer vision and deep
learning algorithms, such as those of Microsoft
provide the possibility to determine diseases in various
crops faster and more accurately than traditional
methods. Such technology can examine photos of the
plants and spot symptoms of disease that even the
most seasoned farmer might miss, helping them take
such action to prevent the disease from spreading too
far.

These machines model the machine-learned systems
on the high unit data set of plant images that abstract
different diseases based on the disease present on the
leaves, stem, and fruit as discoloration, spots, lesions,
or deformity. By wusing Al-enabled drones or
smartphones to collect real-time data, combine it with
data from the seed development and processing stages,
and overlay it with predictive analytics, farmers can
use Al-driven solutions to improve crop health and
other aspects of agriculture. (several subscription
levels available) use of data driven er effects of
pesticide use, ensuring that are minimised.

Agriculture has been the backbone of human society
and economy for ages long, yet it still remains under
the risk of being lost to pernicious diseases. Instead,
detail several methods and models employed for
disease eradication, advantages of employing these
technologies for sustainable farming and the problems
encountered in the practical application of Al-
supported crop illness detection solutions in live
agricultural environments. This paper seeks to
showcase the transformative potential of Al in
agriculture through case studies and real-world
applications, in the context of guaranteeing food
security in a rapidly transforming world.
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Figure 1: Workflow for Al-Powered Crop
Disease Detection Using UAVs and Deep Learning

In this initial phase, UAVs (Unmanned Aerial
Vehicles) equipped with RGB sensors are deployed to
capture high-resolution images of crops. These images
provide detailed views of the crops in the field, which
are then analyzed for any visible signs of disease.
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During the first step of the process, UAVs (Unmanned
Aerial Vehicles) equipped with RGB sensors fly over
crops and collect high-resolution imagery. These
images are detailed views of the crops in the field
which are then analyzed for signs of visible disease.

After the collections of images, preprocessing
methods like image correction and tiling are
performed on. The images are then annotated by
human experts, indicating where the interesting
regions are, potentially where disease may be present
The images are labeled and divided into training and
testing data, both of which play a key role in the
training phase of the machine learning model.

This new data is used to train deep learning models.
Various models are edited such as segmentation (U-
Net, SegNet), classification (VGG, ResNet), detection
(YOLO, SSD) to make the model learn to classify
between healthy and unhealthy plants based on
images.

After training the model, it will be evaluated on its
performance. The model performance is evaluated
using important metrics: precision, recall, accuracy,
and F-score to determine its capacity to accurately
identify disease crops and healthy crops. Evaluating
this Al-powered detection system allows us to better
validate the reliability of its use in agricultural settings.

Literature Review

To date, machine learning has emerged as one of the
most robust techniques for detecting crop diseases
compared to traditional technique. Initial studies
explored simple image categorization and pattern
recognition methods to detect physical crop disease
symptoms. Despite this, the arrival of deep learning
models—especially convolutional neural networks
(CNNs)—marked a pivotal point enhancing crop
diseases detection, producing more accurate and
consistent diagnoses. These models automate the
feature extraction process, allowing for the
identification of complex disease patterns that are
challenging to identify manually [1]. At the same time
UAVs (flying robots), equipped with RGB and
multispectral sensors, have become prevalent in the
agriculture to capture high-resolution imagery of
crops, which meets the requirements for large-scale
disease detection and monitoring in agriculture [2].

Hyperspectral imaging, capturing a wide range of
wavelengths, has been used in agriculture because it
can identify small changes in plant health that cannot
be seen. This method enables earlier detection of
disease, sometimes even before the plants actually
show visible symptoms [3]. Techniques of image
segmentation (especially U-Net) have been shown to
be especially helpful when it comes to isolating the
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part of crops that are diseased to ensure specific
identification of area affected [4]. Real-time crop
disease monitoring can be further efficient with the use
of object detection models like YOLO (You Only
Look Once) and SSD (Single Shot Multibox
Detector), which have been proven to assist farmers in
the rapid identification of diseases in vast crops [5].

In this, data augmentation is a pivotal technique that
increases the generalizability of a model, increasing
its robustness against overfitting. These techniques
such as rotation, flipping, and scaling of images are
used to induce variability in the dataset and help
models become more robust [6]. Although the
importance of good-quality data in machine learning
models is well known, expert annotations of field
images are essential for developing reliable models.
Accurate labeling is critical to achieve good
performance of models [7], as several studies have
noted. Moreover, it is also possible to further enhance
the specificity of models by integrating environmental
factors (e.g., temperature, humidity and soil) along
with image-based data [8].

From other side multi-class classification models
enabling the identification of other diseases and thus
enabling a better management of the crop diseases
have been developed [9]. Hybrid models, which
integrate deep learning with traditional machine
learning algorithms, including support vector
machines (SVM), have demonstrated promising
outcomes by harnessing the advantages of both
methodologies to enhance disease detection accuracy
[10]. Mobile applications have been developed that
utilize Al-based models for real-time detection of
diseases, which enables farmers to detect diseases and
take timely action on their smartphones [11].

Al-based disease detection platforms can operate on
cloud-based frameworks that are now widely utilized
to manage large data streams from UAVs and other
environmental sensors [12]. To plan for potential
issues before they become severe, predictive models
have been developed to forecast disease outbreaks
based on historical and real-time data that can help
farmers [13]. Lately, transfer learning became popular
for deep learning applications for crop disease
detection, since it has been shown to be able to adapt
amodel pretrained in a large dataset to another specific
deployed task with few or no labeled opportunely set
examples [14].

While Al technologies can achieve successful disease
identification, they can also be utilized for other
agricultural processes, such as pest detection, crop
yield estimation, soil health monitoring, and thus are
integrated in a variety of farm management practices
[15]. In fact, much research focuses on ensuring
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transparency (explain ability) of Al decision-making,
proposing multiple techniques to interpret model
predictions to end-users and thus increase trust and
usability of Al systems [16]. [17] Ensemble learning:
the combination of multiple machine learning models
is by is considered one of the solutions to develop
more robust and reliable crop disease detection
systems.

Remote sensing technologies integrated with Al
models have been shown to be effective large-scale
disease monitoring solutions, giving farmers a holistic
view of their entire crop health in whole field [18].
The process improves resource management for better
yields, resulting in effective and sustainable farming
practices [19]. Al-based disease detection systems can
promote sustainable farming as they help to decrease
chemical pesticide use by early disease detection that
triggers targeted treatment [20].

Methodology

Al Based Crop Disease Detection Using Deep
Learning & TRU UAV Imagery Roughly, this
approach consists of a handful of essential steps: data
collection, data preprocessing, model development,
evaluation, deployment and post-deployment
feedback

Data Collection

Step one of the methodology is collecting an
extensive dataset of crop image data. UAVs are also
typically outfitted with RGB, multispectral and
hyperspectral sensors capable of taking high
resolution images of crops at multiple phases of
growth. They overfly selected farm fields, acquiring
high-quality images of crops from multiple angles and
in diverse environmental settings. UAVs enable the
system to capture detailed visual data over large
areas, which is an important factor in early disease
detection. Alongside visual data, environmental
variables including temperature, humidity, and soil
moisture are also noted. Triple with the variables for
the model These variables allow to place this
phenomenon in context, helping to understand the
environmental factors that could help with the
appearance and spread of plant disease.

Data Preprocessing

The data is preprocessed (multiple steps involved to
process it to the quality required to train the model).
The initial process is image correction, responsible
for addressing issues such as distortion caused by
sensor and environmental imperfections.
Augmentation: The number of images is increased
through rotation, flipping, scaling, etc. This helps the
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model to generalize better, reducing overfitting risk by
increasing the diversity of the dataset. They also
mentioned image segmentation, the process of
applying algorithms such as U-Net to separate the
plant areas from the background and to identify the
ROI (regions of interest) like diseased parts of leaves,
stems, or fruits. The segmentation allows the model to
concentrate only on the areas of the plant that are
suffering from the disease. Moreover, pixel values of
images are normalized to a specific range between 0
and 1, to enable models to train efficiently.

Model Development

The heart of the methodology is the use of a machine
learning model that detects and classifies crop
diseases. Deep learning models, mostly Convolutional
Neural Networks (CNN’s), are more suited for the task,
due to their ability to deal with image data. 10 — 3
Architecture of the models The chosen CNN
architecture including ResNet, VGG, or Inception are
fine-tuned with respect to the crop disease Data Set.
control the model parameters like learning rates, Batch
size, Epochs through the training dataset. Transfer
learning is applied when there is only a limited
amount of labeled data available. Transfer learning
enables leveraging a model that is previously trained
on a well-known, sizeable and varied dataset (for
example, ImageNet) to adapt and fine-tune on a crop
disease detector trained on the crop disease images
alone. By doing this, can further reduce the training
time and get a more accurate model, even on a small
dataset.

Model Evaluation

After training the model, it is tested for accuracy and
generalization capability on a different validation and
test dataset. They use several metrics, including
accuracy, precision, and recall, and the F1 score for
evaluation. Accuracy provides a broad picture of the
performance of the model, whereas precision and
recall are the points which tell if model is able to detect
true positives and avoiding the false negatives. F1-
score conveys a balance between precision and recall
by calculating their harmonic mean and thus gives an
overall understanding of the model's performance. The
confusion matrix is displayed to show the
performance of our model across various classes of
disease, and the ROC-AUC curve could visualize the
trade-off between true positive and false positive rates
that they achieve

Model Deployment

The model is further deployed for real-time disease
detection. Integrating the model with a cloud-based
platform during the deployment phase enables UAVs
or even smartphones to capture images that can then
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be processed to produce a diagnosis of a disease in
real-time. Farmers can upload pictures of their crops
using a mobile app, which analyzes these images and
can identify what the crop is suffering from, including
if a disease is present and what type of disease it is if
there is one. It provides feedback in real time,
permitting the opportunity to intervene. Moreover, the
system 1is scalable through the use of cloud-based
infrastructure, which facilitates the storage and
analysis of a significant amount of image data. It also
allows for monitoring multiple farms at once, thus,
enabling large scale crop health management.

Post-Deployment and Feedback Loop

After deployment, the system is examined for
performance and effectiveness in live conditions. This
creates a feedback loop in which the system continues
to learn from new data and improve its predictions
over time. If a disease is misclassified or misses a new
symptom, new labeled data is pumped in, and the
model is retrained to adapt. This feedback loop helps
keep the model an up-to-date and accurate reflection
of new disease possibilities and crop health dynamics
as they shift over time.

Sustainability and Impact Assessment

Lastly, the sustainability crop yield and decrease in
pesticides use impacts of the Al-based crop disease
detection system is evaluated. The efficacy of the
system is judged on how much crop losses are
reduced by timely detection and intervention of the
disease. Moreover the model aids in decreasing the
over application of pesticides, as they can target the
spread of the disease accurately with this information,
reducing the negative effect on the ecosystem. This
system, therefore, aims at enhancing sustainable
farming by allowing farmers to make informed
decisions based on real-time, data-driven insights, thus
improving the sustainability and productivity of the
farm.

Methodology
Data Collection Data Preprocessing Model Development
UAVs-equipped e Image Correction e Tronin CNNs
RGB, muitispertricual * Data Augmentattion ® Transfer Learning
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Figure 2 : Methodology
for Al-Powered Crop Disease Detection

This figure details the step by step applied
methodology for creating a Al based crop disease
detection system Data Collection: Using UAVs
equipped with advanced sensors to capture high-
resolution images of crops. Data preprocessing for
these images takes place via image -correction,
augmentation, segmentation, etc. In the data
preprocessing phase, various data cleaning techniques
and transfer learning are applied to improve accuracy.
Deep learning model evaluation is performed for real-
time disease detection, further allowed by the mobile
applications. The system is implemented to detect
disease in farmers after successful testing. Data fed
back into the post-deployment feedback loop for
constant check and system improvement to avoid
overfitting to contextual understanding and its
premise; the system constantly[real time] learns from
new data and improve its predictions better during the
next pass.

Results and Discussion

UAV aerial imagery, acquired by means of RGB,
multispectral, and hyperspectral equipment, was used
to test the performance of the proposed artificial
intelligence crop disease detection technique. This is
areal-time plant disease detection system, that is based
on machine learning, implemented to identify and
classify plant diseases. Here show the performance
results of our system and then discuss the meaning of
those results.

Results

The model was evaluated on a diverse dataset that
included images of healthy and diseased crops (wheat,
maize, and tomato). The results show that the Al-
powered system performs well in identifying diseases
in crops with high accuracy.

Table 1: Performance Metrics of the
Disease Detection Model

Metric Value
Accuracy 94%
Precision 92%
Recall 89%
F1-Score 90.5%
AUC-ROC 0.95

As shown in Table 1, the model achieved an accuracy
of 94%, with precision and recall values indicating that
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the model successfully identified diseases while
maintaining a low false positive rate. The F1-score of
90.5% indicates a balanced performance between
precision and recall, making it suitable for real-time
disease detection. The Area Under the Curve (AUC)
for the Receiver Operating Characteristic (ROC) curve
was 0.95, further supporting the model's robustness in
distinguishing between diseased and healthy crops.

Model Performance Metrics

80

60

Values

20

0

Accuracy Precision Recall F1-Score AUC-ROC
Metrics
Figure 3 : Performance Metrics of the Disease
Detection Model

Here is the line graph representing the performance
metrics of the crop disease detection model. The
metrics include Accuracy, Precision, Recall, F1-Score,
and AUC-ROC, with their respective values shown on
the graph. The AUC-ROC value is notably lower than
the others, as it represents a score between 0 and 1,
while the other metrics are percentages

Table 2: Model Performance

for Different Crop Types
Crop Accurac | Precisio | Recal | F1-
Type y n 1 Score
Wheat | 93% 91% 87% 89%
Maize | 94% 93% 90% 91.5

%

Tomat | 95% 94% 92% 93%
0

Table 2 shows the performance of the model for
different crop types. The model performed best on
tomato crops, achieving 95% accuracy, with a high
precision of 94%. While wheat showed slightly lower
performance, the model still achieved satisfactory
results with an accuracy of 93%. The results suggest
that the model is capable of adapting to different crop
types, though there may be minor variations based on
the crop’s characteristics.
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Performance Metrics for Different Crop Types
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Figure 4: Model Performance for Different Crop
Types

Here is the line graph showing the performance
metrics (Accuracy, Precision, Recall, and F1-Score)
for different crop types (Wheat, Maize, and Tomato).
Each metric is represented by a different color line,
allowing a clear comparison of the system's
performance across these crops.

Table 3: Time Taken for
Disease Detection (Real-Time)

Task Time (Seconds)

Image Upload and Processing | 3.2

Disease Classification 1.5

Feedback to Farmer (Mobile) 4.5

Table 3 demonstrates the efficiency of the system in
real-time disease detection. The entire process,
including image upload, disease classification, and
feedback delivery to the farmer’s mobile application,
took less than 10 seconds. This real-time response is
crucial for farmers who need immediate information
to take action against potential disease outbreaks.

Time Taken for Crop Disease Detection Process
45

4.0
3.5

3.0

Time (Seconds)

2.5

2.0

1.5

Image Upload and Processing Disease Classification
Task

Feedback to Farmer (Mobile)

Figure 5: Time Taken for Disease Detection (Real-
Time)
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Here is the line graph showing the time taken for each
task in the crop disease detection process, including
image upload and processing, disease classification,
and feedback to the farmer via mobile. The graph
clearly illustrates the time distribution for each step,
with the feedback process taking the longest time.

Discussion

The results show that the Al-based crop disease
diagnosis system proved to be accurate and timely in
diagnosing diseases. High accuracy and high F1-score
mean that the specific disease can be detected with the
least error possible, suggesting a low false positive
rate, which is important in practical applications with
incorrect diagnoses that lead to unnecessary treatment
or crop loss.

Demonstrating the model's flexibility and adaptability,
it performs remarkably well across various crop
types. It performed best when trained on tomato crops,
which the researchers believe may have more
distinguishable disease symptoms for the model to
identify. Wheat crops performed well but were slightly
more challenging due to the subtler symptoms of
disease, which may explain the lower precision and
recall. This means that detection accuracy for
individual crops might be improved with further
refinement and/or additional data.

New ways of detecting diseases virtually could be one
of the strengths of this system. This optimal time for
image processing and disease classification enables
them to get instant feedback about the health of their
crops. They are especially beneficial for large-scale
farming, where sensors can automate the process of
detecting diseases, something that is time-consuming
and labor-intensive when done manually. This mobile
application is particularly useful for farmers who have
limited access to traditional agricultural extension
services, as it allows them to easily access their results
for disease detection.

But despite the system’s strong overall performance,
some limitations were noted. By way of example, less
pronounced or unusual manifestations of disease
which do not align with patterns learned during
training may yield lower detection accuracy. In those
scenarios, the system may not differentiate between
sick and healthy plants. Also, environmental factors,
for example, different light conditions, cloud cover or
occlusions at the field level affect the quality of the
images acquired by UAVs resulting in potential
misclassifications. Addressing these issues will
require more work to enlarge the training dataset that
includes more practical disease symptoms and better
quality of images in various environmental factors.
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Additionally, the model's reliance on extensive image
datasets for training, despite the positive results, might
present a challenge in situations where such data is
scarce or hard to obtain. This problem is somewhat
alleviated using transfer learning, but a bigger and
more varied dataset would improve the robustness and
performance of the model.

Conclusion:

Overall, the framework exhibited a decent and well-
balanced model outcomes to segment diseases from
cross-crop types with notable accuracy, precision and
recall. also get to the crop insights and triggers that
the science and technology has already provided for
real-time tracking, but the data that mobile integration
allows gives farmers a powerful tool for crop
management. Though some factors such as
environmental conditions and implicit disease
symptoms can be a technical impediment for this
model, it still holds a great deal of promise for
minimizing crop loss and pesticide use in agricultural
systems. If refined further, this system could make an
important contribution to the accessibility of
sustainable and effective agriculture.

Future scope:

This multi-faceted approach of utilizing an Al
algorithm to analyze drone images has the potential to
revolutionize crop disease detection, ultimately
leading to healthier crops and improved yields.
Training on a more extensive set of disease types,
along with additional advanced sensors, like thermal
and multispectral imaging, may enhance detection
accuracy. Also, the combination of real-time weather
data, automated spraying systems, and predictive
analytics would enable more proactive disease
management. As the technology advances, it promises
to transform precision agriculture, minimize
dependency on chemicals and support sustainable
farming on a global scale.
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