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Abstract— Early and accurate detection of plant leaf 

diseases is crucial for ensuring agricultural productivity 

and food security. Conventional methods of disease 

identification, which rely on manual inspection, are often 

slow, error-prone, and unsuitable for large-scale farming. 

Recent advances in artificial intelligence (AI) and the 

Internet of Things (IoT) have opened new possibilities for 

smart agriculture by enabling automated, real-time disease 

monitoring. This paper presents a theoretical framework 

that integrates image segmentation with artificial neural 

networks (ANNs) for plant disease classification, 

supported by IoT-enabled data acquisition and alert 

systems. A comprehensive literature survey reveals that 

while convolution neural networks (CNNs) and other deep 

learning models have achieved high accuracy in controlled 

environments, their performance declines in field 

conditions due to variations in lighting, background noise, 

and leaf orientation. The proposed framework addresses 

these challenges by combining segmentation-based pre-

processing with ANN-based classification, followed by IoT-

based real-time communication for farmers. Theoretical 

analysis suggests that this integrated approach can 

improve robustness, scalability, and applicability in rural 

agricultural settings. Future research directions include 

enhancing dataset diversity, developing lightweight edge-

computing models, and integrating block chain for secure 

agricultural data management.  
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I.  INTRODUCTION AND BACKGROUND 

 

A review of various disease detection techniques reveals 
the effectiveness of CNNs, ANNs, and image segmentation 
methods in identifying plant health conditions. Studies also 
highlight the growing use of IoT in smart agriculture for 
monitoring and data transmission. This chapter discusses 

related works and identifies gaps that the proposed system 
addresses, such as lack of real-time capability and integration 
of segmentation with neural networks. 

Hughes and Salathe (2015) – In their 2015 paper, Hughes 
and Salathé introduced Plant Village, an open-access image 
repository containing over 50,000 expertly curated images of 
healthy and diseased plant leaves. This dataset was created 
with the goal of supporting the development of mobile and 
machine-learning based diagnosis tools for crop diseases. 
Their subsequent work applied convolution neural networks 
(CNNs) to this dataset consisting of 54,306 images across 14 
crop species and 26 disease classes achieving 99.35% 
accuracy on hold out tests using segmented images and 
models trained on various color-space representations. 

Barbedo, J. G. A. (2016)., In this comprehensive 2016 
review, Barbedo discusses the major obstacles in developing 
automated systems for plant disease recognition using visible-
spectrum images. Key challenges include variability in image 
acquisition conditions—such as lighting, background 
complexity, and leaf orientation—and the limited robustness 
of thresholding and segmentation methods when applied to 
diverse real-world datasets. Barbedo emphasizes that high-
quality, consistent image data are essential, and that combined 
approaches incorporating both segmentation and classification 
tend to outperform standalone methods. He examines the 
impact of errors from manual segmentation, reflections, 
shadows, and lesion overlap on classification accuracy. 
Ultimately, the review advocates for integrated pipelines 
where precise segmentation methods are paired with powerful 
classifiers, such as neural networks, to improve disease 
detection reliability under varying field conditions. 

Mohanty, S. P., Hughes, D. P., & Salathé, M. (2016), In 
this landmark 2016 study, Mohanty and colleagues trained a 
deep convolution neural network on a publicly available 
dataset of 54,306 leaf images covering 14 crop species and 26 
plant disease classes (including healthy leaves) sourced from 
the Plant Village repository. The CNN achieved an 
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outstanding 99.35% accuracy on a held out test set, 
highlighting the impressive potential of deep learning for crop 
disease classification. However, the model's performance 
dropped to about 31.4% when evaluated against images 
collected outside controlled conditions, pointing to the 
importance of diverse training data for real-world robustness. 

Emmanuel Moupojou, Appolinaire Tagne, Florent Retraint 
, Anicet Tadonkemwa, Dongmo Wilfried, Hyppolite Tapamo, 
and Marcellin Nkenlifack[2023], In this study, we made 
available to researchers FieldPlant, a dataset of 5,170 
annotated plant disease images collected directly from 
plantations. In contrast to PlantDoc, this dataset is composed 
exclusively of field images classified by plant pathologists. 
However, the dataset can be enriched with more disease 
classes. Field Plant has the potential to be widely used in plant 
disease research and management, and is the first plant disease 
dataset with annotated cassava images. We conducted a set of 
experiments to evaluate the performance of state-of-the-art 
classification and object detection models. The results show 
that the existing models are not sufficiently accurate for plant 
disease detection and classification of images collected 
directly from the field, although the classification task results 
for Field Plant are better than those for PlantDoc. Therefore, 
suitable models should be established to help farmers identify 
the diseases that attack their crops and take appropriate 
countermeasures. Model ensembling with image segmentation 
applied to field images to isolate individual leaves from a 
global image may be a promising approach for solving this 
problem. 

Konstantinos Ferentinos, (2018), In this paper, convolution 
neural network models were developed to perform plant 
disease detection and diagnosis using simple leaves images of 
healthy and diseased plants, through deep learning 
methodologies. Training of the models was performed with 
the use of an open database of 87,848 images, containing 25 
different plants in a set of 58 distinct classes of [plant, disease] 
combinations, including healthy plants. Several model 
architectures were trained, with the best performance reaching 
a 99.53% success rate in identifying the corresponding [plant, 
disease] combination (or healthy plant). The significantly high 
success rate makes the model a very useful advisory or early 
warning tool, and an approach that could be further expanded 
to support an integrated plant disease identification system to 
operate in real cultivation conditions. 

Kamilaris and Prenafeta-Boldú (2018) highlighted deep 
learning as a modern and powerful technique for image 
processing and data analysis, with significant potential in 
agriculture. Their study surveyed 40 research efforts applying 
deep learning to various agricultural and food production 
challenges. The authors examined the agricultural problems 
addressed, the specific models and frameworks employed, the 
sources and preprocessing of data, and the performance 
achieved according to evaluation metrics. They also compared 
deep learning with other widely used techniques, showing that 

deep learning consistently achieved higher accuracy, 
particularly in classification and regression tasks, thereby 
outperforming conventional image processing methods. 

A. Diana Andrushia [2022], this paper aims to detect the 
diseases in grape leaves using convolution capsule networks. 
The capsule network is a promising neural network in deep 
learning. This network uses a group of neurons as capsules 
and effectively represents spatial information of features. The 
novelty of the proposed work relies on the addition of 
convolution layers before the primary caps layer, which 
indirectly decreases the number of capsules and speeds up the 
dynamic routing process. The proposed method has 
experimented with augmented and non-augmented datasets. It 
effectively detects the diseases of grape leaves with an 
accuracy of 99.12%. The method's performance is compared 
with state-of-the-art deep learning methods and produces 
reliable results. 

O. Friha, M. A. Ferrag, L. Shu, L. Maglaras and X. Wang, 
this paper presents a comprehensive review of emerging 
technologies for the internet of things (IoT)-based smart 
agriculture. They begin by summarizing the existing surveys 
and describing emergent technologies for the agricultural IoT, 
such as unmanned aerial vehicles, wireless technologies, open-
source IoT platforms, software defined networking (SDN), 
network function virtualization (NFV) technologies, cloud/fog 
computing, and middleware platforms. They also provide a 
classification of IoT applications for smart agriculture into 
seven categories: including smart monitoring, smart water 
management, agrochemicals applications, disease 
management, smart harvesting, supply chain management, and 
smart agricultural practices. Moreover, they provide taxonomy 
and a side-by-side comparison of the state-of-the-art methods 
toward supply chain management based on the blockchain 
technology for agricultural IoTs.  

Kaur, P., Gautam, V., &Vig, R. (2022), in their 2022 
study, Kaur and colleagues proposed a deep convolution 
neural network approach integrated with edge computing for 
real-time detection of tomato leaf diseases. Using a segmented 
and annotated dataset derived from PlantVillage, the model 
was trained to classify multiple disease types. Leveraging 
transfer learning, the system achieved high accuracy and rapid 
inference speed on resource-constrained devices. They 
demonstrated that deploying the model on edge platforms 
enables real-time monitoring in the field, facilitating prompt 
disease diagnosis and immediate corrective action. The results 
highlight the practical potential of combining task-specific 
CNN architectures with edge computing to enable efficient 
and scalable plant disease detection systems. 

Singh et al. (2017) proposed a genetic algorithm–based 
image segmentation method for automatic detection and 
classification of plant leaf diseases. Their approach, tested on 
crops like banana, beans, jackfruit, lemon, mango, potato, and 
tomato, achieved efficient recognition with minimal 
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computational effort. The study also reviewed other 
classification techniques such as Artificial Neural Networks, 
Bayes classifier, Fuzzy Logic, and hybrid methods. A key 
advantage of the proposed method is its ability to detect 
diseases at an early stage, reducing the need for extensive 
manual monitoring in large farms. 

Amar Kumar Dey et al. (2016) proposed a vision-based 
method for detecting leaf rot disease in betel vine (Piper betel 
L.) using image processing techniques. Traditional direct 
measurement methods are reliable but time-consuming and 
laborious, whereas the proposed system offers a faster and 
more efficient alternative. The method uses Otsu thresholding 
to segment diseased areas based on color features, enabling 
precise calculation of the rotted portion. Experiments on 
twelve leaf images showed high accuracy and easy validation. 
The approach also allows preparation of a disease severity 
scale, which helps regulate pesticide application, reducing 
both cost and environmental pollution. By combining machine 
vision and machine intelligence, this system provides an 
inexpensive and practical solution for farmers and researchers. 
It also contributes to the sustainable cultivation of betel vine, 
with broader implications for agricultural productivity and 
economic growth. 

Ankita Das, Amar Kumar Dey , Manisha Sharma [2018], 
This paper presents a study done on the use digital image 
processing techniques to detect, quantify and classify plant 
diseases from digital images. Although disease symptoms can 
manifest in any part of the plant, only methods that explore 
visible symptoms in leaves are considered. This was done for 
two main reasons: to limit the length of the project and 
because methods dealing with stems, roots, seeds and fruits 
have some peculiarities that would warrant a specific survey. 
The selected proposals throw light into three classes according 
to their objective: detection, severity quantification, and 
classification. Each of those classes, in turn, varies according 
to the main technical solution used in the algorithm. This 
paper is expected to provide a comprehensive and accessible 
overview of the various methods used for leaf disease 
detection, quantification and classification. 

Pawan P. Warne et al. (2015) proposed an image 
processing-based approach for the early detection of cotton 
leaf diseases, which are responsible for major yield losses. 
Since most cotton diseases (85–95%) appear on leaves, the 
study focused on leaf images rather than whole plants. The 
method applied histogram equalization to enhance contrast, K-
means clustering for segmentation, and a neural network 
classifier for disease identification. Implemented using 
MATLAB, the system successfully distinguished subtle 
variations in leaf color patterns that are difficult for the human 
eye to detect. The approach enables accurate and timely 
diagnosis of diseases such as Alternaria, Cercospora, and Red 
Leaf Spot, providing farmers with early remedies and reducing 
crop losses. 

Anand H. Kulkarni et al.[2012] they proposed a method 
for early and accurate plant disease detection using image 
processing and Artificial Neural Networks (ANN). The system 
aims to overcome the limitations of manual observation by 
introducing an automated approach. The process begins with 
capturing images of plant leaves, which are then filtered and 
segmented using a Gabor filter. From these segmented images, 
texture and color features are extracted. These features are 
used to train an ANN model to distinguish between healthy 
and diseased plants. The method achieved a classification 
accuracy of 91%, demonstrating its effectiveness. By 
combining Gabor filter-based feature extraction with ANN 
classification, the system provides a promising solution for 
real-time disease recognition. This approach significantly aids 
in identifying and classifying plant diseases, making it a 
valuable tool for improving agricultural practices and crop 
health monitoring. 

Balasubramanian, S., Rajaram, S., Selvabharathy, S., 
Krishnamurthy, V., Sakthivel, V., & Ramprasad, A. (2023)., 
This study introduces a mobile-based real-time leaf disease 
classification system using a lightweight CNN model. It is 
integrated into an Android application that captures and 
classifies leaf images directly from the camera. The CNN 
model was trained using the PlantVillage dataset, 
preprocessed with techniques like resizing, color 
normalization, and segmentation. The app performs local 
inference without requiring cloud support, making it usable in 
rural or low-connectivity zones. Results show high 
classification accuracy with minimal latency, emphasizing 
real-time field usability. 

Wicaksono&Apriono (2023), This is a comparative study 
of existing AI and IoT solutions for plant disease detection. It 
covers ANN,CNN, and rule-based systems deployed in real 
greenhouse environments. The authors discuss trade-offs 
between image segmentation, neural inference accuracy, and 
IoT device energy consumption. They conclude that CNN 
models integrated with ESP32-CAM and cloud dashboards 
provide the best performance-to-cost ratio for smallholder 
farmers. The study is practical and focused on usability in 
Southeast Asia’s rural agriculture. 

Gupta & Shah (2023), This paper presents a real-world IoT 
application using ESP32-CAM andRaspberry Pi to monitor 
and detect potato leaf diseases in agricultural fields. The 
system uses CNN for classification, trained on a custom 
dataset captured using their IoT system. A cloud dashboard 
was created for real-time alerts and image uploads, enabling 
farmers to receive disease warnings on their smartphones. The 
system is low-cost and scalable, with average classification 
accuracy above 94%, making it ideal for developing countries' 
farms. 

Liu et al. (2024) – Systematic Review, this comprehensive 

review analyses over 150 studies on leaf disease detection 

using machine learning. It compares feature-based ANN 
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classifiers, deep CNNs, and hybrid models. Special attention is 

given to segmentation methods, dataset diversity, IoT 

integration, and mobile deployment. The paper also evaluates 

performance metrics and datasets like Plant Village, 

Planetdom, and AI Challenger. The authors provide guidance 

for developing real-time, deployable models and highlight 

future research areas such as few-shot learning, meta-learning, 

andsensor fusion in smart agriculture. 

II. CONCLUSION 

These recent studies showcase significant advancements in 

plant disease detection using deep learning and IoT 

technologies. The trend is toward improving model accuracy 

with segmentation techniques, real-time deployment with IoT 

hardware, and efficient user interfaces. This thesis builds upon 

those findings by proposing an ANN-based system that 

combines all three segmentation, classification, and IoTfor 

scalable, real-world use in smart agriculture. Early and 

accurate detection of plant leaf diseases is essential for 

ensuring high agricultural productivity and reducing economic 

losses. However, existing systems often rely on manual 

inspection or isolated machine learning models that do not 

support real-time monitoring or deployment in rural 

environments. These systems also struggle to process noisy or 

complex background images and often lack integration with 

IoT hardware for autonomous data collection. There is a 

critical need for a smart, end-to-end solution that can perform 

image segmentation, disease classification, and real-time 

alerting using IoT-enabled systems. This thesis addresses this 

gap by developing an artificial neural network-based plant leaf 

disease detection system supported by IoT devices for real-

time data acquisition and remote access. 
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