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Early detection of plant diseases is critical to minimizing their adverse effects on agricultural productivity. In
particular, machine vision and deep learning approaches (e.g., convolutional neural networks, CNNSs) have been
increasingly applied for automatic plant disease identification. Although existing deep learning models achieve
satisfying classification accuracy, they often consist of millions of parameters that significantly lead to the
lengthy training time, prohibitive calculation costs and deployment obstacles at the resource-constrained edge
devices. In order to overcome those constraints, we introduce a new deep learning architecture, which uses
adaptations of Inception layers and residual connections that can help both with feature extraction and efficiency.
In addition, depthwise separable convolutions are used to drastically reduce the amount of trainable parameters
with small loss of representational power. We perform training and evaluation of the proposed model on three
located benchmark plant disease datasets, PlantVillage dataset, the Rice Disease dataset. Experimental results
show that our model achieves state-of-the-art classification accuracy of 99.39% on the PlantVillage dataset,
98.66% on the Rice Disease dataset. In contrast to the state-of-the-art deep learning models, our method obtains
higher accuracy with fewer parameters so that it could be better suited for real-time applications on mobile and
embedded systems. We explore an application of deep learning with the use of optimized architectures and
present the viability of this technique in precision agriculture for faster and more accurate diagnosis of diseases
in plants with lower computational load.
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1. Introduction

Crop diseases caused by bacterial and fungal infections are among the major threats, leading to a reduction in the
quality and quantity of different crops. Identification of disease symptoms associated with plant infection is the
foremost challenging task in protecting different species of crops, especially in large farms. It is characterized by
the fact that it is mostly manual and requires time as it is mainly done by agricultural experts cropping the results
are also inaccurate [1][2]. A significant proportion of developing countries is based on agriculture for their
economy. Remarkably, more than 70% of disease detection is mainly based on traditional methods that rely on
manual visual inspection by experts and agronomists [3][4][5].

Traditional methods for identifying diseases and disorders are incompatible, labour-intensive and expensively
reliant on computation. Typically, manure identification and diagnosis are time-consuming, imprecise, labour-
intensive, and expensive. Automatic identification of diseased crops and machine learning techniques through
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smartphones and machine learning technologies [6] to assist in completing the process is expected to address this
major technological challenge. Deep learning [7], particularly Convolutional Neural Networks [8][9], has received
much attention met if deep agriculture applications. Some has deep learning research topics have included plant
identification, fruit classification, disease detection, spot identification, and pest classification. These models are
increasingly popular due to their “ability to act through vast information by removing the necessity for physical
component management from the process. Several will-reviewed retrospect’s or controller plots such as
AlexNet[10][11], GoogleNet[12], VGGNet[13], ResNet[14], and DenseNet on leaf disease detection[15]. These
neurological plans have a large number of implementable parameters that result in extra calculation effort also
[16][17].

Real-time detection of plant diseases through deep learning architectures has started to attract widespread attention
as it can significantly improve agricultural productivity. Nonetheless, the computational complexity of deep
learning models on the network depth as well as the number of filters. Conventional deep learning requires a huge
number of parameters, which increases its computational cost [18], making it hard to deploy on devices with
limited resources such as mobile phones or embedded systems. Researchers based on higher-end GPUs and the
Server-based architecture have implemented deep learning models, however, these types of solutions are costly
and limited to serve applications in agriculture as well. As a result, the demand for lightweight deep learning
models that require fewer resources without compromising on accuracy is increasing.

Contributions of This Work

This paper introduces a new Convolutional Neural Network (CNN) architecture based on Inception and Residual
connections to mitigate these challenges enabling effective feature extraction while minimizing computational
burden. The primary contributions of this work are as follows:

1. Inception-Residual CNN Architecture: Proposed architecture leveraged Inception layer and Residual
connections in the architecture to optimize feature extraction and obtain high classification accuracy.

2. Parameter Efficient & Fast Model: The proposed model is more lightweight and faster in terms of
computation as compared to traditional deep learning architectures that makes it more favourable to deploy in real-
time on low-powered devices.

3. Robustness on Diverse Datasets: The proposed model is trained and validated using three separate plant
disecase datasets; the goal is to assess the model’s generalization capacity:

4, The PlantVillage dataset, images are collected in controlled laboratory settings with consistent
backgrounds.

5. Rice Disease dataset for which images are collected in a real-world field setting. The performance of the
proposed model will be compared to other deep learning models, including those of other state-of-the-art models.
The proposed model outperformed existing methods in terms of accuracy and significantly reduced computational
overhead.

Paper Organization. There are five sections in the remaining sections of this paper: Section 2 reviews existing
studies on plant disease classification that are based on deep learning approaches. Section 3 provides information
about the materials and methods, including model architecture. Experimental results are described in Section 4.
Section 5 concludes the paper with final remarks and potential future research.

2. Related Work

Deep learning models based on images to detect plant diseases have been widely researched in recent years that
reveal a high accuracy of different plant disease identification and classification. In this section, we review the key
studies that paved the way forward in this space, discuss their methodologies, main outcomes, limitations, and
opportunities for future research.

The researchers. (2023) used depth-learning models like VGG16, VGG19, and CNN to identify plant disease
based on 25,272 images taken from the Kaggle database. They found that VGG19 was the most accurate. But
their analysis was limited to just three models, without comparison to many other state-of-the-art deep learning
architectures. Further research may also incorporate comparisons of additional models such as transformer
architectures and attention mechanisms [4].

Thotad et al. (2023) utilized CNNs to identify plant illnesses with the Plant Village dataset including 54,306
images. While their study focused on the importance of leaf features in disease identification, no detail was
provided about real-time implementation issues such as latency, computational limitations, and deployment on
edge devices. Steps to Addressing these Factors in Precision Agriculture Implementation [5].
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Jackulin et al. Another review (2022) mentioned the machine leaning and deep learning techniques for detecting
plant diseases and comparisons between the traditional features based methods and deep learning methods.
Although they covered some algorithms, the study did not fully address how differences in datasets affect model
performance. Regional datasets can be used in future work to empirically assess the global applicability of these
models across extensive and diverse agricultural landscapes [19].

Zhou et al. (2023) Summarized deep learning models used on plant disease detection for object recognition, he
also highlighted some challenges like, early-stage disease identification, distinguishance of similar symptoms.
Previous studies have proposed multispectral and hyperspectral imaging to improve detection accuracy.
Combining these latest imaging techniques with deep learning models could be an important avenue for future
work [20].

Kurian et al. (2023) evaluated deep learning models, including Mask-RCNN, ResNet, and MobileNet, for
classifying plant diseases. Their study identified challenges related to dataset diversity, real-world application, and
early-stage disease identification. One of their key findings was the potential of lightweight models for mobile-
based disease detection applications. Future work could explore optimizing these models for real-time inference
in resource-constrained environments[21].

Sharma (2024) conducted a review of the use of CNN-based architectures for plant disease detection, highlighting
a substantial limitation overall in that there are not enough diverse datasets to train CNNs to become more robust.
They proposed adding hyperspectral imaging to make it more accurate, as precision agriculture becomes common
(applied sciences). New trends towards the direction of a better future are the combination of deep learning and
sensor-based monitoring to perform real-time plant health assessment [22].

3. Methodology

This section provides a thorough explanation of the CNN model's design as well as our suggested CNN model for
identifying and categorizing plant diseases

3.1. Convolutional Neural Networks

CNNs are widely applied in computer vision tasks such as Image Classification, Image Segmentation, Object
detection, etc. CNNs automatically learn relevant features from the input images (will talk about how in the next
sections) instead of manually requiring you to optimize the parameters to your interest. A CNN has several distinct
layers; Convolutional Layers, Pooling Layers, and Fully-Connected Layers. For those unacquainted, the
convolutional layers slide little filters over input images and create feature maps exposing important signals, see
equation 1, textures, and shapes. Pooling layers (max-pooling) see equation 2, help to maintain the spatial
dynamics between the feature maps, so the model will be computationally efficient, while still taking into
consideration the essential information. In the last part of a CNN, fully connected layers take extracted features
and convert them into a one-dimensional vector that is used for classification.

Zijr = Xm=02n=0 2az0 Xismj+nd X Winnax + bi 1)
Z::» = max X 2
i,j,k (MR (M) mnk ( )

3.2. Residual Networks

Despite CNNs, achieve high accuracy on the majority of classification tasks, deeper networks would performance
deteriorate due to vanishing gradient problem. To address this problem, Residual Networks (ResNet) proposed
adding skip connections that enable gradients to skip several layers. Residual connections allow gradient flows to
be stable; therefore, you can have deep networks without too much complexity. Unlike traditional CNN,
architectures as if ResNet maintains model efficiency by preventing unnecessary parameter growth, see equation
3.

Zi,j,d = %;%)Zg;(}XHm,jHL,d X Winna (3)

This makes it an attractive choice for deep learning applications, particularly that requiring deep feature extraction,
see figure 1.
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Figure 1. Residual Networks[23]

3.3. Depthwise Separable Convolutions

Despite their success, standard convolutional operations in deep learning models require a large number of
parameters, leading to high computational costs. This presents a big hurdle for real-time applications, particularly
in agriculture since deploying deep learning models in resource-constrained devices feels indispensable. To solve
the issue, Depthwise Separable Convolutions (DSC) has been proposed as a more efficient replacement to
standard convolutions, this shown in figure 2. Proposed in the Xception model, this technique factorizes the
standard convolution operation into two definitions processing separately depthwise convolution and pointwise
convolution [1]. In a depthwise convolution, a single filter is applied to each input channel and the pointwise
convolution combines the outputs of the depthwise layer. It is a lightweight deep learning technique that greatly
minimizes computation complexity while ensuring considerable performance.
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Figure 2. Depthwise Separable Convolutions [24]

3.4. Proposed Convolutional Neural Network Method for Detection Plant Diseases

This paper delivers the most efficient CNN architecture, which is a combination of Inception, Residual connections
and Depthwise Separable Convolutions for increased accuracy in plant diseases recognition. Inception
architecture is presented in GoogleNet, as it performs several convolutions and pooling operations on parallel paths
with multiple input imagery that can extract a variety of features. We define the difference between our proposed
model and base model by replacing standard convolutions in the Inception blocks with Depthwise Separable
Convolutions. To be precise, the 3x3 convolutions in Inception-A blocks are replaced with 3x3 Depthwise
Separable Convolutions, and the 5x5 convolutions are replaced by two 3x3 Depthwise Separable Convolutions.
7x7 Depthwise Separable Convolutions were used for the 7x7 convolutions, as in Inception-B blocks. These
changes reduce the number of params considerably without compromising the ability to extract features, see in
figure 3.
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Figure 3. Inception blocks with Depthwise Separable Convolutions

Reduction blocks are key dictations in down-sampling feature maps. In Reduction-A block, the 3x3
convolutional layer is substituted with a 1x1 convolution followed by a 3x3 Depthwise Separable Convolution.
We replace the 3x3 and 7x7 convolutions in the Reduction-B block with a combination of the 1x1 convolution
and Depthwise Separable Convolutions. These changes reduce the computational cost even more while providing
the efficient characteristics representation.

The suggested CNN model is composed of a series of layers, where the first is a convolutional layer, and it is
processed through batch normalization and further activation layers (ReLU). The network then adds several
modified Inception-A and Inception-B blocks, utilizing residual connections to facilitate the propagation of
features throughout the network. The feature maps are down-sampled with two max-pooling layers and one global
average pooling operation, which retains significant information. A dropout layer is added before the fully
connected classification layer to prevent overfitting. To improve the convergence speed and overall performance,
ReLU is used in the model as an activation function.
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Figure 4. Proposed Convolutional Neural Network Method

A decisive benefit of the model to be proposed is the fewer number of parameters needed. The total number of
parameters for the proposed architecture is 428,100, where the InceptionV3 model needs 23,851,784 parameters.
This is a 70% reduction in parameters and makes the model far more efficient to deploy on resource-constrained
devices. However, despite its lighter weight, the model achieves high classification accuracy as well, evidenced
by its performance on several plant disease datasets, see algorithm 1.

Algorithm 1: Plant Disease Detection CNN Model

Step 1. Initialize Model

- Initialize model with input size (e.g., image dimensions)
Step 2. Convolutional Layer Setup

- Add initial convolutional layer:

- Apply 3x3 kernel to extract low-level features

250




- Add batch normalization
- Apply ReLU activation function
Step 3. Inception-A Block (Modified with Depthwise Separable Convolutions)
- For each Inception-A block:
- Apply 3x3 Depthwise Separable Convolution
- Apply 5x5 Depthwise Separable Convolutions (two 3x3 DSC)
- Apply 7x7 Depthwise Separable Convolutions
- Add parallel paths (convolutional and pooling operations)
- Apply batch normalization and ReLU activation
Step 4. Inception-B Block (Modified with Depthwise Separable Convolutions)
- For each Inception-B block:
- Apply 1x1 convolution followed by 3x3 or 7x7 Depthwise Separable Convolutions
- Add parallel paths (convolutional and pooling operations)
- Apply batch normalization and ReLU activation
Step 5. Reduction Block for Down-sampling
- Implement Reduction-A block
- Replace 3x3 convolution with 1x1 convolution followed by 3x3 Depthwise Separable Convolution
- Implement Reduction-B block
- Replace 3x3 and 7x7 convolutions with 1x1 convolutions followed by Depthwise Separable Convolutions
Step 6. Max Pooling
- Apply max-pooling layers (Down-sample the feature maps)
Step 7. Fully Connected Layer
- Flatten output from previous layers into 1D vector
- Apply fully connected layer(s) for classification
Step 8. Output Layer
- Add sigmoid output layer for binary classification
Step 9. Train the Model
Step 10. Evaluate Model (Calculate performance metrics)

Thus, a series of contribution consists of merging Inception and Residual parts, switching Normal Convolutions
with Depthwise Separable Convolutions and refining Reduction blocks. This leads to a lightweight, accurate CNN
architecture for a plant disease identification model. The experimental results validate that the proposed model
achieves better performance than the most advanced deep learning models while using fewer computational
resources, making it a great choice for real-world agricultural development.

4. Results and Discussion

This section outlines the application and evaluation of the proposed method. The study used Jupyter Notebook,
an interactive testing and training tool for deep learning. 10% of data was used for validation, 20% test set and
70% for training the model. The training procedure has been conducted for 50 epochs with a batch size of 128.
In addition, they were defined learning rate and some hyperparameters whose value was 0.0001. ADAM vyielded
higher accuracy than related works and several optimizers were compared in the test made during the training that
shown in table 1.

Table 1: Hyperparameters Value Used for Model

Parameter Value Description
Development Jupyter Notebook Interactive tool for deep learning testing
Environment and training

Dataset Split 70%  training, 10% Distribution of dataset for model training

validation, 20% test and evaluation

Epochs 50 Number of training iterations

Batch Size 128 Number of samples per training batch
0.0001 Step size for updating model weights

Learning Rate
Optimizer ADAM

ADAM to yield higher accuracy
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4.1. Datasets

To validate the performance of the proposed deep learning model, three different datasets of plant diseases,
including Rice Plant Dataset, and PlantVillage Dataset are used. Rigorous testing across different agricultural
settings is ensured by utilizing different datasets with distinct traits and challenges.

This image database is one of the largest known publicly available datasets for plant diseases. It consists of
photographs taken in controlled laboratory circumstances, with a constant background and lighting. This study
focuses on selected images related to corn, potato and tomato plant diseases. When working in controlled
environments with a single background and without noise such as lighting changes, the diseases are much easier
to classify. However, images in practical applications are often more complicated than the model, see figure 5.

Rice Plant Dataset: contains 5,932 images, including 1,584 (Bacterial Blight), 1,440 (Blast), 1,600 (Brown Spot)
and 1,308 (Tungro) images. In contrast to PlantVillage, this dataset is made up of images taken in-labour
agricultural fields where variable lighting, background clutters, and natural plant growth contribute to lower image
quality. 2) These factors add further complexity to the disease identification process, making it an interesting
dataset for testing model robustness in real life scenarios, see figure 6.

o _bel__Bacterial sk

fomato,_ Eary biight

Unhealthy Unhealthy

.‘ v 9

Figure 6. Rice Plant Dataset

4.2. Evaluation metrics

Our method achieves great performance, with high accuracy on both datasets. The model's accuracy on the
PlantVillage dataset is 99.39%, which means our model does almost perfect predictions, with hints of strong
optimization and generalization ability. Such high accuracy may also indicate the quality and structure of the
dataset, rendering the model easy to classify. Whereas very similar datasets such as the Rice Plant dataset only
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yielded an accuracy score of around 98.66 (though still an excellent figure) — Machine Learning for Plant Disease
Detection. This discrepancy might suggest that the rice plant classification problem is slightly more complex
and/or inconsistent than that of PlantVillage. Your methodology shows robustness when applied to two different
datasets whilst keeping in mind overfitting, and data quality.

It has been observed that the majority of the studies used the datasets. Consequently, the nature and results of the
classifications are very similar. Deep learning algorithms have also been used by certain academics to categorize
bean crop illnesses. Three deep learning models using various optimization strategies were used to the leaf disease
dataset in order to stop discoveries from reoccurring.

It is necessary to assess CNN's performance on plant leaf disease classification in order to ensure the integrity of
the network's performance. Following each epoch, the model was examined using the validation dataset. We
determined the classifier's confusion matrix, accuracy vs. epochs, and loss vs. epoch. Figure 7 displays the
accuracy vs. epoch and loss vs. epoch graphs.
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Figure 7. Accuracy versus epoch and loss versus epoch

Figure 7 shows the model's implementation during the training phase in terms of accuracy advancement and loss
retraction, respectively. Variations in the training loss function show how the Adam algorithm typically behaves.
The accuracy metric was used to test this model. Therefore, for all groups with and without disorders, we have
shown the uncertainty matrix. The confusion matrix is also employed as an evaluation tool in the investigation of
group misclassification. Each column of the matrix represents the original class, while the predicted class is
represented by each row. The confusion matrix displays how many accurate and inaccurate predictions the
classification model produced in relation to the result. The diagonals display the classed classes.

The confusion matrix shows the proportion of correct and incorrect predictions made by the classification model
in relation to the outcome. The diagonals show the classes that are correctly classified, whereas the other values
show the classes that are incorrectly classified, as seen in Figure 8. Following the computation of the confusion
matrix, the model's accuracy was 99.36% on the testing set. By adding up the diagonals and dividing the total by
all of the matrix's numbers, this precision was attained.
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For the training and validation data sets, several splits were examined throughout the experiment. As a result, the
suggested model was properly evaluated and the model was not over-fitting. All training and testing data rates
have been tested, beginning with 50% for training data collection and 50% for testing, until 90% of the training
data and 10% of the testing data are collected. Particularly for the testing procedure that relies on it in the
classification and detection process of plant leaf diseases, the highest percentage and best outcome achieved were
70% for training and 30% for the testing dataset set, see table 2, and figure 9 to show compression our methods
with related works.

Table 2: Compression our methods with related works

Ref Dataset Accuracy
95%
[4] I
98.17%
[5] I
97%
[19] PlantVillage Dataset —(~.———
96%
[20] e
0,
[22] 96.67%
Our Methodology 99.39
94.33%
[21] : R
Rice Plant Dataset 98.66

Our Methodology

Our approach that we proposed would provide a significant improvement over previous methods when applied to
plant classification tasks. Your method with an accuracy of 99.39% on the PlantVillage dataset even outperformed
all studies mentioned in your work as the highest reported accuracy is 98.17% [5]. On the Rice Plant dataset, your
method achieved 98.66% and [21] scored only 94.33%, which is a large gap. This means that your technique
applies useful improvements towards feature extraction, model architecture, or data processing techniques.

For the PlantVillage dataset, the accuracy in other methodologies varied from 95% to 98.17% compared to
previous studies, showing improvements. Nevertheless, your method goes beyond this limit, providing evidence
that the improvements made in your approach (e.g., advances in deep learning; pre-processing optimization;
feature selection; etc.) are vital to increasing performance. Similarly, in case of Rice Plant, where the best accuracy
was 94.33% before your method, achieving 98.66% represents strong improvement indicating that your model is
more robust and generalized.

Accuracy

Rice Plant Dataset -

28828

SNSRI

PlantVillage Dataset -
PlantVillage Dataset
PlantVillage Dataset
PlantVillage Dataset
PlantVillage Dataset
PlantVillage Dataset
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[19] [20] [22Dur Methodology21Pur Methodolog:

Figure 9. Compression our methods with related works

There are a few potential factors that may influence this performance improvement. Including sophisticated deep
learning structures such as CNNs could have enhanced feature extraction and pattern discovery.
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5. Conclusion and Future Works

We propose a simple and novel deep learning architecture for early plant disease detection which at the same time
achieving high classification accuracy with computationally efficient neural network. Our model achieves state-
of-the-art results with fewer trainable parameters than existing models by leveraging a combination of Inception
layer adaptations, residual connections and depthwise separable convolutions. Results from experiments show
that our work delivers an overall accuracy of 99.39% and 98.66% on the PlantVillage dataset and Rice Disease
dataset respectively, thus succeeding in outperforming conventional deep learning on both accuracy and speed.
The lower computational cost allows our model to be adapted to real-time use on mobile and embedded devices
to promote faster and more convenient disease detection in the field.

Our future work will focus on improving the robustness of our model to adapt to real-world scenarios through
domain adaptation methods, such as variations in light condition, background noise, and plant species diversity.
Furthermore, implementing explainable Al (XAl) methods can enhance the interpretability of such a model,
providing farmers and agronomist’s deeper insights into the rationale underlying disease prediction. Additionally,
we will continue expanding our research towards multi-modal solutions, using image-based deep learning in
conjunction with sensor data (hyperspectral imaging and loT-based environmental sensing) to enhance early
disease detection. In addition, the validation of its practical applicability should be made by applying and testing
the model in real agricultural environments.
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