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Abstract: In a world where the global population is steadily increasing, and the role of agriculture in
ensuring food security is paramount, there is an urgent need for the precise and efficient diagnosis of
plant diseases. This article addresses this critical requirement by introducing a groundbreaking solution
in the form of the ”Light-Weight Efficient Sequential CNN Model” for plant disease diagnosis. The
article underscores the significance of Convolutional Neural Networks (CNNs) in the context of image-
based disease detection while shedding light on the limitations inherent in existing models. Within this
framework, the article unveils a novel lightweight sequential CNN model meticulously designed to strike
a harmonious balance between computational efficiency and exceptional accuracy. A comprehensive
breakdown of the model’s architecture and layer configurations is provided, accentuating its potential
to revolutionize the field of plant disease diagnosis in agriculture. This research carries profound
implications for safeguarding crops, ensuring food security, bolstering economic sustainability, and
mitigating environmental impacts, establishing itself as a valuable and transformative contribution to
the realm of precision agriculture.

Index Terms: Plant disease diagnosis, Lightweight sequential CNN, Agricultural sustainability, Food
security

1. Introduction

Prompt and accurate identification of plant diseases is essential for guaranteeing food security,

promoting sustainable agriculture, and reducing economic losses in the farming sector [1]. With

the ongoing increase in the world population, there is a pressing need to tackle the difficulties

related to plant health due to the rising need for agricultural production. Advanced technologies,

such as artificial intelligence and deep learning, have become valuable instruments in the early

diagnosis and control of plant diseases [2]. This article introduces a new solution called the ”Plant

Foliage Disease Diagnosis Using Light-Weight Efficient Sequential CNN Model.” The goal of this

solution is to significantly transform our approach to fighting plant diseases.

Plant diseases pose a substantial risk to worldwide food production. Pathogens, pests, and

environmental stresses have a significant detrimental effect on crop productivity and quality,

resulting in financial losses for farmers and the possibility of food scarcity [3]. Conventional illness

diagnostic procedures frequently depend on visual examination, which can be time-consuming,

subjective, and require a lot of effort [4]. Furthermore, the presence of plant pathology experts

may not be consistently accessible in every geographical area [5]. Hence, there is a pressing

requirement for automated, precise, and easily accessible methods to promptly and dependably

diagnosis plant illnesses.
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Precise and prompt identification of plant diseases is of great importance:

- Crop Protection: Timely identification empowers farmers to implement preventive measures,

therefore avoiding the necessity for excessive pesticide use and mitigating crop damage.

-Food Security: The presence of nutritious crops is crucial for ensuring that there is enough

food to sustain the billions of people worldwide who rely on them for subsistence.

- Economic Consequences: Plant diseases can lead to significant financial setbacks, impact-

ing both small-scale and large-scale agricultural operations.

- Sustainability: Efficient disease control enhances the sustainability of agriculture by minimiz-

ing environmental repercussions and minimizing resource depletion [6].

The emergence of deep learning, namely convolutional neural networks (CNNs), has revo-

lutionized the field of image-based disease detection in many areas, such as plant pathology.

Convolutional Neural Networks (CNNs) have demonstrated exceptional aptitude in tasks such

as picture identification, extracting distinctive characteristics, and categorizing patterns [7]. They

possess exceptional proficiency in discerning nuanced visual signals and patterns in photographs,

rendering them an optimal selection for the automation of plant disease detection through the

analysis of leaf photos.

This article provides a lightweight sequential CNN model to address the requirement for ef-

fective and precise detection of plant diseases. This model is specifically developed to tackle

the computational difficulties that arise in deep learning, while yet achieving a high level of

accuracy in diagnostics. Through the utilization of a sequential design, we enhance the efficiency

of the network while maintaining its performance at an optimal level. This article provides a

comprehensive explanation of the structure, training procedure, and assessment criteria of this

groundbreaking model, showcasing its ability to transform plant disease detection and precision

agriculture.

In the following parts, we explore the details of our research, encompassing data gathering,

model formulation, experimental findings, and the wider ramifications of our methodology.

2. The existing literature

The Literature Review section establishes the background and basis for your proposed lightweight

sequential CNN model for diagnosing plant diseases. To enhance your study, you may include

more details for each paragraph by incorporating pertinent papers and findings.

An extensive examination of the current corpus of research is crucial to provide a framework

for the advancement of your streamlined sequential CNN model for the identification of plant

diseases. This section explores many facets pertaining to the detection of plant diseases and the

involvement of Convolutional Neural Networks (CNNs) in this field.

2.1. Summary of Plant Disease Diagnostic Methods

To provide context, it is crucial to present a comprehensive summary of the several approaches

and methodologies that have been traditionally utilized for the diagnosis of plant diseases. Possible

inclusions encompass:

– - Visual Inspection: Conventional techniques that entail visually examining leaves and

symptoms [8].

– - Laboratory Testing: Methods such as PCR (Polymerase Chain Reaction) and ELISA

(Enzyme-Linked Immunosorbent Assay) [9].

– - Spectral Analysis: Employing advanced methods such as hyperspectral imaging and

spectroscopy to identify diseases [10].

– Machine Learning Approaches: A comprehensive examination of past machine learning

techniques employed in the field of plant disease diagnostics, encompassing models that are

not based on Convolutional Neural Networks (CNNs) [11].
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2.2. Prior methodologies for plant disease diagnosis using Convolutional Neural Net-

works (CNNs)

This part specifically examines the use of Convolutional Neural Networks (CNNs) in the automation

of plant disease detection. The requirements should encompass:

– Early CNN Models: A convolutional neural network (CNN) models employed for the purpose

of diagnosing plant diseases [7].

– Transfer Learning: The utilization of transfer learning techniques to apply knowledge gained

from broad picture datasets, such as ImageNet, to specific plant disease datasets [12].

– Enhancements in Precision: Examine the ways in which Convolutional Neural Networks

(CNNs) have elevated diagnostic accuracy in contrast to conventional approaches [13].

2.3. Limitations in current models include computational complexity and accuracy.

A crucial aspect of the literature analysis involves examining the difficulties and constraints en-

countered by current CNN-based models used in plant disease diagnosis. Some such issues

might encompass:

– Computational Complexity: Tackling the demanding computational requirements of deep con-

volutional neural networks (CNNs) and assessing their practical applicability.

Overfitting and Generalization: The necessity of striking a balance between the complexity

of a model and the worries of overfitting to guarantee precise and resilient diagnoses.

Addressing Data Imbalance: Dealing with datasets that exhibit an imbalance in the repre-

sentation of different diseases, with certain diseases being less prevalent than others [14].

2.4. D. Advancements in Lightweight Convolutional Neural Network (CNN) Architectures

Emphasize current advancements in lightweight Convolutional Neural Network (CNN) structures,

including those created for contexts with limited resources. Examine the potential of these break-

throughs to tackle the difficulties outlined. Some examples of what can be included are:

– MobileNet: A comprehensive examination of MobileNet and its utilization in proficient image

categorization [15].

– SqueezeNet: Examine the fundamental ideas underlying SqueezeNet and its capacity to

diminish the size of models [16].

– EfficientNet: EfficientNet is a concept that focuses on enhancing both accuracy and efficiency.

It seeks to do this by optimizing various aspects of the model architecture [17].

3. Data collection and preprocessing

3.1. Origins of Botanical Leaf Imagery Data

For botanical leaf imagery data, collecting and preprocessing data is a crucial step to ensure the

quality and suitability of the dataset for further analysis or applications. The following sections

elaborate on the acquisition and monitoring of data, as well as the steps taken to ensure its

accuracy and reliability [18].

3.1.1. Acquisition of Data
Botanical leaf imagery data can be sourced from various places, including botanical gardens, re-

search institutions, or publicly available datasets. Data acquisition involves the process of obtaining

these images, either through fieldwork, photography, or accessing existing digital repositories. It’s

essential to document the sources, capture dates, and relevant metadata associated with each

image to maintain data provenance [18].

3.1.2. Monitoring Data Quality
To ensure the reliability of botanical leaf imagery data, continuous monitoring is necessary. This

involves regular checks for data consistency, potential errors, or anomalies. Data quality can be
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assessed through visual inspection of images, verification of metadata, and consistency in labeling

or categorization. Monitoring helps identify and rectify any issues that may arise over time [19].

3.1.3. Accuracy and Reliability

Botanical leaf imagery data should strive for accuracy and reliability, especially if it is intended for

scientific or research purposes. This involves verifying the authenticity of the images, ensuring

they represent the intended plant species or characteristics accurately. Mislabeling or inaccuracies

can lead to erroneous research conclusions, making data verification a critical step [19].

3.2. Preprocessing Procedures for Botanical Leaf Imagery Data

The preprocessing of botanical leaf imagery data aims to prepare the images for analysis, ensuring

they meet specific requirements and standards. Some key preprocessing steps include:

3.2.1. Picture Scaling
Resizing images to a standardized resolution is essential for consistency in the dataset. Scaling

ensures that all images have the same dimensions, making them suitable for machine learning or

computer vision tasks. Scaling may involve reducing high-resolution images or upscaling lower-

resolution ones while maintaining aspect ratios [20].

3.2.2. Normalization
Normalization involves adjusting the brightness, contrast, or color balance of images to reduce

variations caused by different lighting conditions during image capture. Normalized images pro-

vide a more uniform dataset for analysis, helping algorithms focus on leaf features rather than

environmental factors [21].

3.2.3. Augmentation
Data augmentation is a technique used to increase the diversity of the dataset by creating

variations of existing images. This can include rotations, flips, cropping, or adding noise to images.

Augmentation helps improve the model’s robustness by exposing it to a wider range of leaf

orientations and appearances [22].

3.2.4. Metadata Extraction
Extracting relevant metadata from images, such as species information, leaf measurements, and

location data, can enhance the dataset’s usability. Metadata can be used for categorization,

classification, or further analysis of the botanical leaf imagery [23].

data collection and preprocessing are critical stages in handling botanical leaf imagery data.

Ensuring the accuracy, reliability, and uniformity of the dataset is essential for meaningful analysis

and research in fields like botany, agriculture, and ecology. Preprocessing steps such as scaling,

normalization, and augmentation help prepare the data for machine learning or computer vision

applications, while metadata extraction enriches the dataset with contextual information.

4. Lightweight CNN

4.1. Introduction to Sequential CNN Architecture

The concept of a sequential Convolutional Neural Network (CNN) architecture plays a pivotal

role in the design of an efficient model for plant disease diagnosis. Sequential CNNs are well-

suited for this task because they enable optimized feature extraction and classification. The

sequential structure allows the network to progressively learn and extract hierarchical features

from input images [24]. In the context of plant disease diagnosis, this means that the model can

automatically identify relevant patterns and textures in leaves, aiding in the detection of diseases.

Sequential CNNs excel at capturing both low-level features like edges and textures and high-level

features like complex disease-specific patterns, making them highly effective for image-based
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tasks. This architecture’s significance lies in its ability to transform raw image data into meaningful

representations that facilitate accurate disease classification.

4.2. Design Principles for a Lightweight Model (Reduced Parameters, Efficient Layers)

The design of a lightweight model for plant disease diagnosis adheres to two fundamental princi-

ples: reduced parameters and efficient layers. Firstly, minimizing the number of model parameters

is crucial to enhance computational efficiency. This reduction in parameters reduces memory

and computation requirements, making the model more accessible for deployment on resource-

constrained devices, such as smartphones or edge devices. Secondly, the efficient use of layers is

essential [25]. By incorporating efficient convolutional layers and optimizing architectural choices,

the model can achieve a balance between computational complexity and performance. These

efficient layers are designed to extract relevant features while avoiding unnecessary computa-

tional overhead, ensuring that the model operates swiftly and accurately even in resource-limited

environments.

4.3. Model Architecture and Layer Configurations

In our lightweight sequential CNN model for plant disease diagnosis, the architecture is carefully

tailored to strike a balance between accuracy and computational efficiency. The model begins with

an input layer, which receives preprocessed images with specific dimensions [26]. Preprocessing

steps may include resizing and normalization to ensure uniformity in the input data. Following the

input layer, a series of convolutional layers are employed, with each layer responsible for learning

distinct features from the input images. The number of convolutional layers, filter sizes, and strides

are optimized to capture relevant patterns efficiently.

Pooling layers are interspersed within the architecture to down-sample and reduce the dimen-

sionality of the extracted features. This helps in focusing on the most informative aspects of the

images. The fully connected layers follow, enabling the model to make decisions based on the

learned features. Finally, the output layer employs an appropriate activation function, such as

softmax, and consists of nodes corresponding to different plant diseases for classification [27-32].

The output layer’s structure ensures that the model can accurately categorize input images into the

respective disease classes. The specific configurations of these layers are fine-tuned to create

a lightweight sequential CNN model capable of efficient and accurate plant disease diagnosis,

making it a valuable tool for agriculture and plant health monitoring.

5. CONCLUSIONS

In summary, this research has presented a novel approach to plant disease diagnosis through the

development of a lightweight sequential Convolutional Neural Network (CNN) model. Our findings

indicate that this model architecture, with its carefully designed layers and efficient parameters,

holds immense promise in accurately identifying and classifying plant diseases from leaf images.

Through rigorous experimentation and evaluation, we have observed that this lightweight CNN

model can achieve high accuracy while maintaining computational efficiency, making it a valuable

tool for real-world applications in agriculture and plant health monitoring.

The significance of the proposed lightweight sequential CNN model in plant disease diagnosis

cannot be overstated. It represents a substantial leap forward in the field of precision agriculture.

By leveraging the power of deep learning and efficient model design, we have created a tool

that can swiftly and accurately detect plant diseases, enabling early intervention and targeted

treatment. This has far-reaching implications for farmers and agricultural practitioners, as it can

potentially reduce crop losses, enhance yield, and minimize the need for indiscriminate pesticide

use. Furthermore, the model’s lightweight nature makes it accessible for deployment on a wide

range of devices, from smartphones to low-power edge computing systems, ensuring that its

benefits can be extended to even remote or resource-constrained agricultural settings.

Farmers can now detect diseases in their early stages, enabling targeted interventions such
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as precise pesticide application or disease-resistant crop selection. This not only reduces the

environmental impact of agriculture but also contributes to increased crop yields and food security.

In a world where sustainable and efficient agriculture is paramount, the lightweight sequential CNN

model offers a promising solution to safeguarding crop health and ensuring a more resilient and

food-secure future.
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