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Abstract

Diseases have a tremendous effect on agriculture and food security of the world and the economy. Early
and precise detection of leaf diseases is crucial for minimising any losses in the crop, optimal use of
pesticides and other safe farming practices. This study aspires to develop an loT integrated framework of
Deep learning with the aim of real time detection of disease in the leaves for the context of precision
farming. The proposed system utilizes the Convolutional Neural Networks (CNNs) and transfer learning
technique for automatic removal of the discriminative features from the leaves images captured in real
world environment. The incorporation of the spatial attention mechanism into the model, which helps
the model to identify the affected area of the disease, makes the model interpretable, and the
optimization methods such as pruning and quantization make the model light and convenient to deploy
on edge devices. The system is composed of three layers namely a perception layer comprising loT-
processing the image, the network layer involved in deep learning-based inference using cloud and edge
computing, and finally the application layer involved in providing actionable insights through the decision
support dashboards. While the conventional clean data datasets can be used to improve generalization
and practicality the same goes for the noisy datasets in the field. The system supports real time
classification of diseases, estimation of severity and geospatial monitoring which helps to take precision
agriculture to scale. The experimental analysis shows that the proposed architecture gains high
classification accuracy, remarkable computation efficiency and good adaptability under various
agricultural conditions. Overall, the findings of this study contribute to deep learning for agricultural
disease detection and propel the closer adoption of machine learning in agrostech applications, facilitating
intelligent, scalable and sustainable disease management in the realm of gardening.
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Introduction

The significance of agriculture cannot be understated, as it is essential for the food security between
Muslims and nonstop for a huge percentile of farmers' livelihood in the developing countries. In the
agricultural sector, however, plant diseases are responsible for huge losses in terms of yields and crop
quality and lead to significant productivity losses in agriculture. Among these leaf diseases are the most
destructive because direct damage to leaves will result in loss of growth rates and development in plants
through this reduction in photosynthetic capacity.
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The existing plant disease detection methods are mainly based upon hands-on expertise of agriculture
researchers or laboratory analysis. Although these are correct methods that have tried and tested
conditions, they are not practical for large farm fields and real time monitoring. In addition, agronomist's
expertise is not available in a number of rural areas with poor resources that will further inhibit timely
intervention and diagnosis.

In the recent days, Deep learning (DL) has virtually turned upside down the image based classification
problems over the gas burner, with the arrival of Artificial Intelligence (Al). In recent years, Convolutional
Neural Networks (CNNs) have been proven to be a powerful approach to automatically construct
hierarchies of features from raw image data, thus to effectively solve the problems of visual pattern
recognition. CNN's in the agriculture domain have demonstrated very good performance in the detection
of the diseases of the plants, plant classification and under stress condition.

Incorporating Deep Learning with the technologies of smart agriculture like Internet of Things (loT), drone
and cloud-based agriculture technologies has made it possible to create intelligent agriculture systems.
For instance, loT equipped sensors and imaging devices can automatically gather information from the
field and deep learning models can be used to realtime analyze the data gathered from the field. This
helps farmers to make real-time decisions based on data for better yields and minimal wastage.
Overcoming these limitations, a deep learning framework which is robust, scalable as well as light weight
and can operate in true agricultural setting is required. To solve these problems, this study proposes an
integrated solution for the plant disease detection based on loT (Internet of Things) and optimized
architectures CNN and Edge-Cloud computing to achieve real-time, accurate and interpretable detection.

Literature Review

The pioneering work is the application of pretrained algorithms such as AlexNet and GooglLeNet to the
PlantVillage dataset that achieved more than 99 % accuracy on 38 classes of diseases [1]. They also noted
the CNN-based diagnostics to be feasible but were constrained with a limited data set whose environment
was controlled during their research, decreasing the generalisability of CNN based diagnostics for real-
world deployed systems. Given this, Zhang et al. [2] incorporated transfer learning with already pre-
trained CNNs to attain detection of tomato and grape disease. Making use of big databases such as
ImageNet for initial problems to boost performance particularly if agriculture databases were small.
Likewise, Sethy and Barpanda [3] showed an improvement in the feature clarity and robustness with the
use of VGG-16 for detecting rice disease along with the preprocessing techniques.

Thus, considering hybrid models capable of combining CNNs and conventional classifiers for better
accuracy, or sequential models were taken into account. Arsenovic et al. [4] suggested hybrid of CNN and
SVM which is characterized by deep feature extraction by CNN and final classification by SVM. This
strategy has been shown to be more effective for models that only use CNN, in the presence of visually
“subtle” disease symptoms. Lu, et al. [5] proposed CNN-BiLSTM that integrates both spatial and temporal
attributes, resulting in higher accuracy in datasets with time series, where the nature of the
epidemiological behaviours of diseases could be important.

The other limitation of DL-based detection is that the absence or noise in the data. They attempted to
achieve this by Wang et al [6] and they found that by using technique called ensemble learning, they can
get high performance for this model even when input is noisy. There has been a move towards attention
mechanisms, as well. Huang et al. [7] used the spatial attention module to focus on the infected parts of
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the leaves to enhance the accuracy and explainability. However, in parallel, Li et al.'s [8] Vision
Transformers (ViTs) leveraging on the self-attention mechanism have the potential to model the global
relationship, and have shown good performance over CNNs on smaller datasets.

Light weight and energy efficient versions are essential for efficient uses. Chowdhury et al. [9] designed
an extremely small CNN architecture which operates well for the running task on mobile and is sufficiently
accurate. Along with this, Dey et al. [10] used pruning and quantization to optimize the deployment
making the model deployable on loT enabled devices in the farm.

Data quality continues to be an issue. The widely-used PlantVillage database has been accused of lacking
in nature's diversity. The issue on its controlled lighting and backgrounds are noted by Too et al. [11] who
thought that there should be some field collected datasets. This is verified by Ferentinos [12] who showed
that only lab images are not enough to train a model that can work well in in-field agricultural conditions.
Research in recent years has focused also on real-time applications. To have these images collected in
remote areas, Khan et al. [13] designed the drone based monitoring system of the big farmland with the
consideration of its scalability to send the collected image to the cloud servers for DL analysis. On a more
limited scope, Patel et al. (2022) [14] developed a smartphone app with YOLOV5 to detect multiple
diseases and add the geographical location tag to aid in the geographical dissemination tracking.

Finally, the ability to be explained is crucial, for increasing user trust. Singh et al. [15] applied this Grad-
CAM based visualization of CNNs to emphasize parts of the leaf that were relevant to CNNs' prediction.
Explainable Al, in a nutshell, makes the Al technology understandable to the farmers and agronomists and
makes it easier to adopt, bridging the machine decision to man decision divide.

Methodology

3.1 System Overview

Data collection and processing methodology for plant leaf disease detection using a deep learning
approach is developed, integrating plant sensing through 1oT, intelligent decision support methods and
efficient CNN architectures all within a single, simple and scalable framework. The key goal of this system
is to provide accurate, real-time field deployable plant detection of plant disease in a variety of agriculture
settings. To make the system modular and scalable, it consists of three layers: Perception Layer, Network
Layer and Application Layer, each of which has a different function, but is interconnected.

The Perception Layer is the base layer of the system, which in turn has the role of data retrieval from
agricultural environment. This layer consists where images of crops are taken by stationary cameras in
the field, unmanned aerial vehicles (UAV) and smartphones operated by the farmers or farm labourers
connected to loT.

The computational engine of the system, the Network Layer includes the deep learning models for
detection and classification of diseases. The small scale edge computing solution has optimized CNN
structures: Raspberry Pi or NVIDIA's Jetson Nano or large scale cloud based computing system.

The user level to disseminate the results to the farmers and farmer stakeholders will be Application Layer.
The results of the disease classification are delivered through mobile apps or Web-based graphical
interface, indicating the predicted disease type, the level of severity and the suggestions for disease
measures.
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3.2 Steps in the Methodology

1. Dataset Preparation

If the training set is not of good quality and is poorly representative and diverse, the deep learning models
will be heavily dependent on this information. In this study, images are gathered in the field environment,
and publicly available images repositories on agriculture are combined to develop such a large and
complete dataset. Headed by loT-based imaging devices, the data is taken from the fields (Captured in
real agriculture environments), the captured data therefore reflect the real situation in agriculture. Aerial
images are acquired via UAV drones, cameras fixed in agricultural plots as well as by farmers using
smartphones. Furthermore, data augmentation techniques are also employed to ensure the diversity of
the data set and reduce overfitting.

2. Model Design

The model based on deep learning is geared towards both a high classification rate and scalable computing
time but with the intention of trying to "intelligentize" the decision-making process. Ultimately, it's a
straightforward system which extracts the features just using a pre-trained CNN such as ResNet50 or
Efficient Net. A hybrid architecture can be very useful in terms of augmenting system robustness, and in
specific real-world agriculture applications, where symptoms of induced disease may not be discernable
by visual means.

Results and Discussion

The field images were picked up by the field and integrated with benchmark images to test the proposed
loT integrated deep learning framework for leaf disease detection of plants. The results demonstrate that
the CNN architecture optimization and the data collected from the loT devices, when used in the data
acquisition process, yield better accuracies, efficiencies and real-time use.

4.1 Dataset Description and Composition

Publicly published plant disease data was then gathered and combined with images acquired by the
mobile or stationary loT-enabled sensors such as smartphone, drone and fixed cameras.

Table 1: Dataset Description for Plant Leaf Disease Detection

Dataset Source Crop Types Number of | Disease Environment Type
Images Classes

PlantVillage Dataset Tomato, Potato, Grape, | 54,000 38 classes Controlled

Apple laboratory
Field-Collected loT | Multiple crops (Wheat, | 18,500 12 classes Natural field
Dataset Rice, Maize) conditions
Augmented  Dataset | Combined crops 40,000 50 classes Mixed (synthetic +
(Generated) real)

4.2 Performance Evaluation
The following metrics were used for the evaluation: accuracy, precision, recall and Fl-score. A
comparative study of the performance of four different models is done in Table 2.
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Table 2: Performance Comparison of Different Models

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
Random Forest 86.7 85.9 86.1 85.8
SVM Classifier 88.5 87.3 88.0 87.6
Standard CNN 94.2 93.8 94.0 93.9
CNN + Transfer Learning (ResNet50) | 96.1 95.8 96.0 95.9
Proposed loT-DL Framework 97.8 97.5 97.6 97.4

4.3 Analysis of Results

The obtained results show that the deep learning models which are used to extract features from complex
leaf images greatly improve the results over the traditional machine learning models. A major finding is
that performance of models trained only on PlantVillage data is also impacted when used for field images.

Conclusion

This paper introduces a novel deep learning-based approach with loT integration and the current system
is proposed to achieve high classification accuracy with less computational complexity of the system.
Three layered architectures of seamless integration of Data Acquisition, intelligence Processing and
Decision Support. Combining loTs which collect real time data in the field with an optimizing deep learning
model, took the dream of accurate disease classification under different environmental conditions into
reality. Incorporation of model compression techniques to be considered for agricultural sites where
resources to deploy the model are limited are included. The results show that the proposed approach
achieves a much better accuracy, robustness and efficiency compared to the traditional machine learning
approaches and the traditional CNN models. Furthermore, it has a good generalization capability in the
real field, indicating its potential use in practice. Next steps would consist of incorporating a wider variety
of multi-crop datasets, improving methods for explainable Al and ultimately incorporating it into the
Internet of Things (IoT) to enable its use on a larger scale.
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