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Abstract: The paddy crop is the most essential and consumable agricultural produce. Leaf disease
impacts the quality and productivity of paddy crops. Therefore, tackling this issue as early as possible
is mandatory to reduce its impact. Consequently, in recent years, deep learning methods have
been essential in identifying and classifying leaf disease. Deep learning is used to observe patterns
in disease in crop leaves. For instance, organizing a crop’s leaf according to its shape, size, and
color is significant. To facilitate farmers, this study proposed a Convolutional Neural Networks-
based Deep Learning (CNN-based DL) architecture, including transfer learning (TL) for agricultural
research. In this study, different TL architectures, viz. InceptionV3, VGG16, ResNet, SqueezeNet,
and VGG19, were considered to carry out disease detection in paddy plants. The approach started
with preprocessing the leaf image; afterward, semantic segmentation was used to extract a region
of interest. Consequently, TL architectures were tuned with segmented images. Finally, the extra,
fully connected layers of the Deep Neural Network (DNN) are used to classify and identify leaf
disease. The proposed model was concerned with the biotic diseases of paddy leaves due to fungi and
bacteria. The proposed model showed an accuracy rate of 96.4%, better than state-of-the-art models
with different variants of TL architectures. After analysis of the outcomes, the study concluded that
the anticipated model outperforms other existing models.

Keywords: artificial intelligence; transfer learning; paddy leaf disease detection; crop disease
classification

1. Introduction

The paddy crop is the most essential and useable crop in agriculture. The yield of
an agricultural harvest is significant for boosting a country’s economy. Several aspects
influence the production and yield of the crops, such as diseases, pests, and environmental
factors. Crop disease is one of the most critical factors that drastically hamper crop qual-
ity [1–3]. Detecting plant leaf infections can reduce deficits in yield. The most effective
illness regulator is a precise, accurate, and fast diagnosis in the earlier stage of disease
development. Initially, manual checking was the only way to identify plant leaf disease
based on leaf texture [4]. Skilled and experienced individuals were required to complete
the task, which required a huge amount of time spent and led to a reduction in crop yield.
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That is why a more efficient disease detection method is needed. Over the past few years,
researchers have used image processing and computer vision technology [5,6] to tackle
various issues such as yield estimation, identifying nutrient deficiency [7–9], geometric
size of crops [10], and weed identification [11–16]. Plant leaf disease identification has
substantial agricultural benefits. However, this task remains problematic owing to the
scarcity of artificial intelligence for farming applications [17–21].

The issue was addressed by various researchers with diversifying AI techniques such
as machine learning techniques [22], deep learning and hybrid techniques [23–71], and
transfer learning techniques [72–77], as elaborated below.

An architecture of four input-level neurons [22], five hidden-level neurons, and one
output-level neuron is the best disease-identifying Artificial Neural Network (ANN) archi-
tecture. This architecture has 66.3% precision for identifying paddy diseases, namely hispa,
brown spot, leaf blast, and healthy.

The sugar beet leaves’ diseases were classified and detected using an updated Fast
R-Convolution Neural Network (CNN) [23]. The model was trained with 155 images
and attained an accuracy of 95.48%. SoyNet is a two-module-based approach that first
segments hidden parts of images; afterward, the deep learning-based hand-crafted models
were applied to soybean leaves to detect disease [24]. Pretrained deep-learning models
were used to identify tomato leaf disease using a Plant Village dataset with reasonable
accuracy [25–27]. The deep learning method was used [28] to diagnose cassava leaf disease.
In the paper, the authors used a deep convolutional network to detect tulip leaf disease [29].
An approach was proposed [30] to detect millet crop disease. The author used a combined
depth-wise convolution neural network with reduced MobileNet to enhance the detection
rate. Enhanced classical models with exodus understanding were used to detect leaf disease
with a 92% accuracy rate [31]. A two-stage CNN architecture was used to recognize paddy
leaf disease, and the proposed approach achieved 93.3% accuracy [32]. Three distinct CNNs
have been proposed to incorporate contextual non-image metadata using a dataset [33].
A method was proposed to identify leaf disease based on image classification [34]. In this
study, the authors considered 14 plants with 79 different diseases with better accuracy.
The PlantVillage dataset deals with detecting four significant stages of apple black rot
disease [35,36]. The authors created a CNN to identify tomato crop diseases with three
convoluted, max-pooling, interconnected layers. The experimental results indicated that the
proposed model has been competitive over the pre-trained model, i.e., VGG16, MobileNet,
and InceptionV3, and the proposed model has an average accuracy of 91.2%. An image
processing algorithm was used to identify paddy leaf diseases [37].

The inputs were acquired based on the scale of leaves and lesions, the numbers and
types of lesions, the color characteristics of the lesions, and the intact parts. The experimen-
tal evaluation can achieve competitive efficiency at a measured cost of computation [38].
The author used a deep convolution-based CNN to detect and classify the lesion. In this
article, the precision of the CNN model is 96.43%. Detecting apple leaf diseases using a
deep learning (DL) model is discussed in [39]. Authors in [40–42] presented a research
outline of one such application for paddy growers taking images of the farm and pro-
cessing them through the deep learning model to predict crop regions affected by the
disease. The author created deep learning strategies based on the success of CNNs in
classifying images [43]. In addition, a new two-stage training concept derived from the
fine-tuning concept has been applied to train against paddy diseases with simple CNN
architecture [44]. One of the techniques used in deep learning was the neural network
(NN). There are several types of NN, one of which is the convolutional neural network. A
CNN-based model was proposed in [45] to detect paddy diseases such as brown spots, leaf
smuts, and bacterial leaf blight and achieved an accuracy of 86.67%. They implemented
the algorithms by designing a model that trained the input images passed through distinct
layers of the neural convolution network [45]. Even with damaged pictures and unclear
data, the training and testing were performed and achieved an accuracy of more than 70%
using a guava plant image dataset. The identification of paddy diseases with a CNN was
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proposed in [46,47]. However, the prediction of diseases with classification algorithms
seems complicated because the various input parameters’ accuracy varies. These methods
have been used in recent years to visualize apple [48], tea [49], and guava [50] lesions.
In [51], predicting paddy blast disease developed a neuronal network with meteorolog-
ical parameters such as temperature, relative moisture, precipitation, and wind speed.
There were many applications where deep learning has been used with the best results,
as discussed in [52–60]. A neuro-fuzzy-based technique was employed to detect paddy
leaf disease and attain 74.21% accuracy [61]. A hybrid approach was employed to detect
paddy leaf disease and attained an accuracy of 90% [62,63]. A feed-forward neural network
was used to identify leaf disease with 88% accuracy [64]. Optimized DNN and a Jaya
algorithm were employed to identify paddy leaf diseases and attained an average accuracy
of 93.5% [65]. An expert system, ESforRPD2, was developed to detect paddy leaf disease
and attained an 87.5% classification accuracy rate [66]. Hybrid features were extracted and
processed with radial function to recognize leaf disease with an 83.34% accuracy rate [67].

A principal component analysis (PCA) and neural network-based approach were
proposed in [68] to identify bacterial disease with 95.83% accuracy. A particle swarm
optimization (PSO) centered incremental classifier was proposed in [69] to detect bacterial
and fungi infection in paddy leaves and attained an accuracy of 84.02%. Hyperspectral
data were used to identify fungus infection in paddy and attained an accuracy of 82% [70].
Finally, a pattern-dependent noise prediction (PdNP) system was used to detect bacterial
and fungi infection and attained an accuracy of 85% [71]. These issues are encountered
differently with state-of-the-art solutions using the latest technologies.

A transfer learning-based deep learning model was developed in [72] that used train-
ing data from a pre-trained network to predict leaf disease with 91.50% accuracy. Here
a huge rice dataset was used to predict plant leaf disease. The system used a transfer
learning-based deep neural network to detect olive leaf disease and attained an accuracy
of 88% [73]. The rice leaf dataset was used to detect leaf disease using a transfer learning-
based machine learning approach and achieved better accuracy [74]. The computer vision
technique used an inception network to detect leaf disease [75,76]. Transfer learning based
RestNet was used in [77] and attained 84.3% accuracy.

Deep learning technology widely recognizes leaf problems with a high accuracy rate.
Various paddy illnesses have been examined in paddy fields, including paddy leaf blast,
false smut, neck blast, sheath blight, bacterial stripe disease, and brown spots.

This paper proposed a transfer learning-based deep learning method to overcome all
the issues. The objective of the research is to improve the accuracy, efficacy, and suitability
of paddy disease diagnosis. The objective of this research is to:

(a) Create a transfer learning-based model to diagnose three paddy leaf diseases.
(b) Model performance analysis and evaluation based on various evaluation parameters.
(c) Deploy and test the proposed method in a cloud environment.

Further, in the research, paddy leaf images were processed to detect plant leaf disease.
The image processing techniques encountered problems such as changes in brightness and
spectral reflectivity, image contrast, and image size.

The primary intention was to highlight the diseased parts of a leaf and use them to
diagnose leaf diseases. The initial phase of the approach was to preprocess the images using
functions including picture resizing, cropping, and filtering [78–80]. Next, the preprocessed
image was further segmented into parts that discover the region of interest (RoI) [81]. Many
challenges were associated with the segmentation method, as given below:

• In segmentation, the brightness of images is a major concern.
• The preliminary seed selection is crucial for segmentation.
• The image texture is difficult to tackle.
• To resolve the segmentation issues, semantic segmentation was used to extract a region

of interest.

The main contribution was listed as follows:
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• The semantic/vegetation segmentation is used here to resolve the issues in normal
segmentation.

• The proposed approach considers only leaf lesion parts that enhance the detection
accuracy.

• The proposed approach has used state-of-the-art transfer learning models such as
InceptionNet, SqueezeNet, VGG16, VGG19, and ResNet.

• The rest of the paper is explained in different sections. The materials and methods are
described in Section 2. Section 3 presents the results and discussion, followed by a
conclusion in Section 4.

2. Materials and Methods
2.1. Dataset Description

This research was carried out on a dataset collected from two standard repositories,
Mendeley [60] and Kaggle [82]. The dataset contained 1500 paddy pictures comprising
1000 pictures for training data and 500 for testing and validating data. The data were
required to train, test, and validate object recognition tasks. The dataset consists of four
classes: three paddy leaves that were infected and one type of paddy leaf that was healthy.
Figure 1 and Table 1 indicate the four classes of paddy leaves.
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Figure 1. Blight (a), Blast (b), Brown Spot (c), and Healthy (d).

Table 1. Leaf of Paddy Images Dataset.

Class Count of Images Training Images Testing/Validation Images

Blight 300 250 50
Blast 365 300 65

Brown spot 335 270 65
Healthy 500 400 100

2.2. Proposed Methodology

The proposed methodology started with image preprocessing, argumentation, and
semantic segmentation to divide an image into multiple tiles, and tiles were further used
to extract disease segments. The segmented images are further used to train pre-trained
models such as SqueezeNet, VGG16, etc. The pre-trained networks have multiple convolu-
tion layers followed by multiple ReLu layers. Finally, the same outcome is passed as input
to the enhanced, fully connected layer of the deep neural network to address the diseases.
The proposed architecture is shown in Figure 2.
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Figure 2. Proposed Model.

2.2.1. Image Processing and Argumentation

Image preprocessing was used to enhance the dataset’s quality before training a
deep-learning model. The first move is to standardize image size—resized pictures with
the Python Imaging Library to 256 × 256 pixels with a python script (PIL). The next
stage consists of grouping paddy images by category and then defining any disease’s
acronym images.

After image processing, a set of augmentation operations was used to enhance dataset
operations like rotation, segmentation, flipping, and Python libraries.

Semantic segmentation was used here to enhance detection accuracy. In the segmen-
tation process, the complete image was divided into a number of tiles, as expressed in
Algorithm 1. The tiled segments were used to extract the targeted part of the leaf image.
The same was used to extract the features used to train and test the model. In addition, this
technique was used to highlight the target area from the image to extract the diseased part
of the image and improve the detection accuracy. Finally, the image data was transferred to
the pre-trained neural network, as discussed in the following subsection.
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Algorithm 1: Semantic Masking

Input: Dataset Images
Output: Masking Image.

1. Generate vegetation masking image (Maskv) from input (IP )
2. Cover Ip With Maskv to get Maskm;
3. Generate n Tilei from Maskm
4. for (Tilei in Maskm) do

i. Classify Tilei into Maskm Paddy diseases.
ii. if Tilei has the disease then Identify the disease

5. end

2.2.2. Training Phase

In this phase, the internal weights of the model were rationalized over various itera-
tions. Finally, the dataset features were used to train the model and to classify leaf disease.

Two methods are used to train a model: from scratch or transfer learning. First, a
network pre-trained on a large set of images (for example, ImageNet, and its 1.2 million
images in 1000 classes) was used and adapted to another task. Various transfer learning
models are used to resolve such types of issues, as discussed in [83–85]. The transfer
learning models are given below:

• AlexNet has five convolutional layers, three fully connected layers followed by an
output layer, and contains 62.3 million parameters.

• Visual Geometry Group (VGG) network contains VGG16 and VGG19. In this network,
multiple 3 × 3 filters are used to extract complex features at a low cost.

• ResNet is a 34-layer plain network inspired by VGG-19. ResNet50 and ResNet152 are
example networks of ResNet.

• InceptionV4, with 43 million parameters and an upgraded Stem module with three
residuals and one InceptionV4, achieves better performance.

• SqueezeNet is a CNN with 18 layers deep. They are offering the SqueezeNet small
CNN architecture with 50× fewer parameters.

• Xception has 71 layers and 23 million parameters. It is based on InceptionV3. Xception
was heavily inspired by InceptionV3. The convolutional blocks are replaced with
depth-wise separable convolutions.

In deep learning, transfer learning is the reuse of a pre-trained network on a new job
as shown in Figure 3. Transfer learning is very popular in deep learning because it can train
the network with a small amount of data and high accuracy. In transfer learning, a machine
exploits knowledge gained from a previous task to improve generalization about another.
In transfer learning, the last few layers of the pre-trained network (VGGNet, SqueezeNet,
InceptioNet, and XceptionNet) are replaced with new layers, such as a convolutional layer,
a fully connected layer, and a SoftMax classification layer, with several classes: we used
four classes in our paper, as given in Figure 3. All models were tested with different
dropout values, learning rates, and batch sizes. The training and architectural strategies
are presented in the following sub-sections.

An innovative solution has been developed using transfer learning models to provide
appropriate solutions in the agriculture domain. The author has fine-tuned various transfer
learning models with paddy leaf image datasets. Transfer learning benefits when no prior
weights are available to train the model. The idea was to train a new model with features
extracted from a large dataset and fine-tune it on specific data, as given in Figure 1.

In transfer learning techniques, the domains and tasks must be addressed, and in
our case, the domain is image classification, and our task is to classify disease. As stated
previously, starting from scratch would require many optimizations, more data, and longer
training to improve performance. The transfer learning models were used to identify
domains and tasks properly. After identifying both, it is easy to train an optimized deep
neural network (DNN) to finally identify the task. This is what transfer learning accom-
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plishes. The flow of the complete methodology is shown in Figure 4, and the optimized
parameters of the architecture are given in Table 2. The TL-based deep neural network’s
components are described below.
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Table 2. Deep Neural Network Description.

Hyper Parameter Description

No. of Con. Layer 15
No. of Max Pooling Layer 15

Dropout rate 0.25, 0.5
Network Weight Assigned Uniform

Activation Function ReLu
Learning Rates 0.001, 0.01, 0.1

Epoch 50, 100, 200, 250
Batch Sizes 32, 50, 60, 100

i. Convolutional Layer

The convolutional layer is important in a deep neural network that is used to extract
high-level and low-level features from the input image. This layer uses convolution operation
to extract features from the input. The initial layers extract low-level features, and the layers
at the end extract high-level features from the input. In this paper, the dataset contains
256 × 256 images, and a 3× 3 filter is used for convolution operation to extract image features.
In this arrangement, fifteen convolution filters with a 3 × 3 kernel size are used with the
activation function (ReLu). This function provides the capability to learn more complex and
complicated features from the input. This rectifies the vanishing gradient problem.

The convolution operation is defined as a binary operation (represented by the symbol
‘*’) between two real-valued functions (for example, Z and Y). In the continuous domain, it
can be mathematically defined as in Equation (1).
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Each characteristic of the map is intertwined with numerous input attributes. For
example, the following equations apply to input x of the ith convolution layer:

hic = F(Zi ∗Y) (1)

where F is a function of activation, Y is convolution, and Z is a layer kernel of convolution.
The number of kernel convolutions on a single layer is = dZi1, Zi2, . . . , Zike.

The weight matrix is given as: A ∗ A ∗ B is the kernel Zik.
Where: A is the window, and B is the number of channels.

ii. Pooling Layer

A huge number of convolution layers will increase the network parameter expo-
nentially, which can be reduced using max pooling layers because the convolution layer
generates a huge feature map that can be reduced with pooling layers. The pooling layer
extracts potential features from the feature map. In this layer, the maximum value is taken
from the available feature map. The pooling layer is also used to minimize dimensions and
can aid translation invariantly. To begin with, region R has max pooling that can be defined
as average pooling.

Mp = maxi∈Rj(xi) (2)

Ap :

xi

/
∑
iεRj

xi

 (3)

A 2-stage pooling is required in 2-stage kernel size. The map shows the maximum
values for the four quadrants and the average pooling value.

After the convolution and pooling layer, the pre-trained models generate a fixed
feature vector from segmented images. Color, texture, nd shape are primary features that
are usually extracted by systems. A feature vector will generate after image processing
through pre-trained models. This approach is used to identify plant diseases. The feature
vector was used by a fully connected layer to optimize features to detect leaf disease.

iii. Fully Connected Layer

After the max pooling layer, the detection and classification are performed in the FC
layer. For evading the overfitting problems, masking probability with dropout is subjected
to the penultimate layer. The final classification is portrayed as,

t̂ = µ(xI (hs ⊗ I) + wI (4)

Thus, the classified outcome is designated as DNN Qc, which indicates either bacterial
blight, leaf blast, or brown spot.

The prime objective of the deep learning model is to uncover hidden data. In this
case, the model is not guaranteed to give a high accuracy rate. Indeed, overfitting is a
primary concern in the neural network. However, an appropriate dataset per network
capacity can resolve the overfitting problem by applying regularization techniques to
overcome overfitting. This paper uses two regularization methods to overcome overfitting:
augmentation and dropout, as given in Table 2.

2.3. Model Evaluation

Model evaluation is an important phase used to determine the performance of the
model. Evaluation matrices are used to determine the performance of the model in this
phase. Based on specified parameters, the analysis is made that the predicted class is
equivalent to the targeted class. The model performance can be improved based on the
result analysis. The performance matrices are given below:

a. Accuracy = (TP + TN)/(TP + FP + TN + FN)
b. Precision = TP/(TP + FP)
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c. Recall = TP/(TP + FN)
d. F1− score = 2TP/(2TP + FP + FN)

3. Results and Discussion

This study was supported by a relative assessment of the anticipated models with other
models. A comparative evaluation of different transfer learning-based methods has been
carried out in this paper to support our proposal. The research paper performed several binary
classification techniques with pre-trained models, such as VGG16, VGG19, InceptionNet, and
SqueezNet. The methodology presented here outperforms other state-of-the-art methods.

These models adopted transfer learning for stability. The models were first trained
with a paddy image dataset and used the checkpoints to store the weights of the anticipated
model. Next, the experiment was performed with several values of the factors, such as
learning rate, batch size, and epochs. The variation in the investigation was carried out by
adjusting all these parameters.

The entire experiment setup has been accomplished in Python with Co-Lab. The karas
neural network libraries were used to construct, compile, and evaluate the model. The
experiment was performed on Google Co-lab to avail Graphical Processing Unit (GPU)
recourses. The experiment was performed in cross-validation with a set of images due
to memory restrictions on Co-Lab. The experiment was performed with several training-
testing ratio setups, such as 80:20, 70:30, and 60:40, with cross-fold validations of 5, 10, 15,
and 20, and the average classification validation accuracy was recorded for each experiment.

3.1. Analysis Using Sampling

Tests were carried out to measure how the number of epochs can affect system per-
formance. The tests were performed with different epoch values, such as 50, 100, 200, 250,
and 1000, and the rates of leanings are 0.01, 0.001, and 0.0001. The experiment results are
presented in Table 3.

Table 3. Experiment with different epochs and learning rates.

Epoch Learning Rate Accuracy (%)

50

0.1 96.23
0.01 96.42

0.001 96.35
0.001 96.52

100

0.1 96.23
0.01 96.36

0.001 96.35
0.001 96.32

150

0.1 96.65
0.01 96.36

0.001 96.33
0.001 96.32

200

0.1 96.62
0.01 96.47

0.001 97.47
0.001 96.47

After the experiment, it was observed that the increase in the epoch and learning
rate would impact the classification accuracy. The proposed model showed better results
with a high epoch value. A higher epoch value represents that the model was trained
with multiple training samples and adequately prepared. However, in some cases, the
epoch value may be ineffective after some point. Hence, the results were presented with
200 epochs with different learning rates. The results are shown in Figures 5–8.

Figure 5 concludes that the model achieved 96.47% validation accuracy with 200 epochs
and a rate of learning of 0.1. Figure 5a depicts a comparison of training and validation
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accuracy that increases with the epoch value. It showed that the validation accuracy is
maximum as model training completes. Figure 5b depicts the error rate that decreases with
epoch values. This figure shows that the error rate declines as the model accuracy grows or
epochs increase. The lower value of the error rate maximizes the model prediction accuracy.
Therefore, it can infer that a more significant number of epochs can be more reliable based
on the testing process. It completed the model training, and the error rates started to decline.
However, it takes longer to complete the training if the epoch frequency increases.
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Figure 5. Experiment results with LR 0.1 and 200 epochs.

Figure 6 concludes that the model achieved 96.47% validation accuracy with 200 epochs
and a rate of learning of 0.01. Figure 6a depicts a comparison of training and validation
accuracy that increases with the epoch value. It showed that the validation accuracy is
maximum as model training completes. Figure 6b depicts that the error rate decreases with
epoch values. This led to a decline in the error rate as the accuracy of the model grew or
epochs increased. The lower value of the error rate maximizes the model prediction accu-
racy. Therefore, it can infer that a more significant number of epochs can be more reliable
based on the testing process. It completed the model training, and the error rates started to
decline. However, it takes longer to complete the training if the epoch frequency increases.
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Figure 6. Experiment results with LR 0.01 and 200 epochs.

Tests are performed to assess the impact of learning on machine efficiency. The learning
rate is one of the training parameters used to estimate the value of weight correction during
the training stage. Figure 7 concludes that the model achieved 96.47% validation accuracy
with 200 epochs and a learning rate of 0.001. Figure 7a depicts a comparison of training and
validation accuracy that increases with the epoch value. It showed that the validation accuracy
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is maximum as model training completes. Figure 7b depicts that the error rate decreases with
epoch values. This led to a decline in the error rate as the accuracy of the model grew or
epochs increased. The lower value of the error rate maximizes the model prediction accuracy.
Therefore, it can infer that a more significant number of epochs can be more reliable based on
the testing process. It completed the model training, and the error rates started to decline.
However, it takes longer to complete the training if the epoch frequency increases.
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Figure 7. Experiment results with LR 0.001 and 200 epochs.

Figure 8 concludes that the model achieved 96.47% validation accuracy with 200 epochs
and a learning rate of 0.001. Figure 8a depicts a comparison of training and validation
accuracy that increases with the epoch value. It showed that the validation accuracy is
maximum as model training completes. Figure 8b depicts that the error rate decreases with
epoch values. This led to a decline in the error rate as the accuracy of the model grew or
epochs increased. The lower value of the error rate maximizes the model prediction accu-
racy. Therefore, it can infer that a more significant number of epochs can be more reliable
based on the testing process. It completed the model training, and the error rates started to
decline. However, it takes longer to complete the training if the epoch frequency increases.
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Figure 8. Experiment results with LR 0.0001 and 200 epochs.

Subsequently, the results demonstrate that the accuracy rate is entirely dependent on
two factors: the rate of learning and epoch. Therefore, the more reliable the value of the
epoch will lead to a better outcome.

The proposed model is compared with state-of-the-art models for paddy crops, as
discussed in [83–90]. The proposed model’s results compared with other detection models,
as presented in Table 4, depicts that the proposed model’s solution outperforms other
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state-of-the-art models. In addition, the proposed model’s accuracy was much better than
the models presented in Table 4.

Table 4. Comparison of proposed models with other models.

Year Diseases Count Techniques Accuracy (%) Reference

2016 1 SVM, GA 87.90 [86]
2017 10 CNN 95.48 [87]
2018 9 CNN 93.30 [88]
2019 1 CNN, SVM, LBPH 95.83 [89]
2019 1 RiceTalk 89.40 [90]
2019 1 InceptionV3 88.20 [91]
2019 3 AlexNet, CNN, SVM 91.37 [92]
2021 3 Ensemble DL 91 [93]

3.2. Analysis with K-Folds Validation

The results demonstrate that the rate of learning and epoch acted as metrics for the
accuracy rate. Therefore, the more reliable the epoch value will lead to better results.

New prediction accuracy can be demonstrated using cross-validation, an evaluation
parameter for models used to test the model’s efficacy in this study. Data is split into k sets
and tried k times in K-fold cross-validation. Every iteration used the k subset as a training
sample and the k-1 subset as a testing sample. The performance evaluation of the proposed
model with other models using k-fold cross-validation is presented in Table 5 and Figure 9.
Table 5 depicts the outcomes of various pre-trained models with three datasets [88–90] on
multiple folds. The proposed model showed better results as compared to other models.

Table 5. Comparison of different transfer learning architectures.

Dataset Used Model Number of Folds Accuracy F1 Score Precision Recall

Paddy Leaf
[88]

Mobile Net

5

0.85 0.845 0.834 0.85

VGG16 0.87 0.8654 0.87 0.87

VGG19 0.9 0.91 0.9 0.9

RestNet 0.91 0.91 0.90 0.9

SqueezeNet 0.67 0.68 0.67 0.68

InceptionNet 0.92 0.92 0.9185 0.92

Proposed Model 0.9574 0.9578 0.9588 0.95

Mobile Net

10

0.89 0.89 0.89 0.89

VGG16 0.887 0.887 0.88 0.88

VGG19 0.9 0.91 0.9 0.9

RestNet 0.91 0.91 0.90 0.9

SqueezeNet 0.67 0.68 0.67 0.68

InceptionNet 0.92 0.92 0.9185 0.92

Proposed Model 0.9674 0.9678 0.9688 0.96

Mobile Net

20

0.89 0.89 0.89 0.89

VGG16 0.887 0.887 0.88 0.88

VGG19 0.9 0.91 0.9 0.9

RestNet 0.91 0.91 0.90 0.9

SqueezeNet 0.67 0.68 0.67 0.68

InceptionNet 0.92 0.92 0.9185 0.92

Proposed Model 0.968 0.968 0.9688 0.968
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Table 5. Cont.

Dataset Used Model Number of Folds Accuracy F1 Score Precision Recall

Paddy Leaf
[89]

Mobile Net

5

0.85 0.845 0.834 0.85

VGG16 0.87 0.8654 0.87 0.87

VGG19 0.9 0.91 0.9 0.9

RestNet 0.91 0.91 0.90 0.9

SqueezeNet 0.67 0.68 0.67 0.68

InceptionNet 0.92 0.92 0.9185 0.92

Proposed Model 0.9574 0.9578 0.9588 0.95

Mobile Net

10

0.89 0.89 0.89 0.89

VGG16 0.887 0.887 0.88 0.88

VGG19 0.9 0.91 0.9 0.9

RestNet 0.91 0.91 0.90 0.9

SqueezeNet 0.67 0.68 0.67 0.68

InceptionNet 0.92 0.92 0.9185 0.92

Proposed Model 0.9674 0.9678 0.9688 0.96

Mobile Net

20

0.89 0.89 0.89 0.89

VGG16 0.887 0.887 0.88 0.88

VGG19 0.9 0.91 0.9 0.9

RestNet 0.91 0.91 0.90 0.9

SqueezeNet 0.67 0.68 0.67 0.68

InceptionNet 0.92 0.92 0.9185 0.92

Proposed Model 0.968 0.968 0.9688 0.968

Paddy Leaf
[89]

Mobile Net

5

0.85 0.845 0.834 0.85

VGG16 0.87 0.8654 0.87 0.87

VGG19 0.9 0.91 0.9 0.9

RestNet 0.91 0.91 0.90 0.9

SqueezeNet 0.67 0.68 0.67 0.68

InceptionNet 0.92 0.92 0.9185 0.92

Proposed Model 0.9574 0.9578 0.9588 0.95

Mobile Net

10

0.89 0.89 0.89 0.89

VGG16 0.887 0.887 0.88 0.88

VGG19 0.9 0.91 0.9 0.9

RestNet 0.91 0.91 0.90 0.9

SqueezeNet 0.67 0.68 0.67 0.68

InceptionNet 0.92 0.92 0.9185 0.92

Proposed Model 0.9674 0.9678 0.9688 0.96

Mobile Net

20

0.89 0.89 0.89 0.89

VGG16 0.887 0.887 0.88 0.88

VGG19 0.9 0.91 0.9 0.9

RestNet 0.91 0.91 0.90 0.9

SqueezeNet 0.67 0.68 0.67 0.68

InceptionNet 0.92 0.92 0.9185 0.92

Proposed Model 0.968 0.968 0.9688 0.968
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Diseases were predicted and classified using a dataset of paddy leaf pictures. At the
beginning of the process, transfer learning-based deep learning models are constructed
and used as classifiers, and then deep learning models are used to make predictions and
evaluate their performance.

Due to the time and complexity involved in obtaining samples, predicting disease from
laboratory findings was difficult. However, InceptionV3 produced the most outstanding
results in leaf prediction accuracy, f1-score, and recall at 96.47%. The results are not
shocking, given that InceptionV3 is well-suited to a powerful image-processing function.
The dataset is split into 80/20 training/tests to validate the algorithms’ performance. Even
in research using small to medium samples, the k-fold cross-validation approach is often
employed in artificial intelligence for disease classifications and identification investigations.
The best-performing algorithm, neural network, has an AUC of 96.47%, an accuracy of
96.4230%, an f1-score of 96.413%, a precision of 96.434%, and a recall of 96.413% while using
the 20-fold cross-validation approach for leaves prediction performance. The results of
the proposed model with InceptionV3 and cross-validation were compared and presented
in Figure 10. The comparative study showed that the proposed model outperforms other
state-of-the-art models with cross-validation.
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3.3. Confusion Matrix with InceptionV3

Similarly, the confusion matrix percentage distributions from Table 6, accuracy, error
rate, and precision, can be assessed using a confusion matrix. As percentages, the findings
are as follows:

Table 6. Confusion matrix for the proposed model with InceptionV3 and k Fold 20.

Predicted

A
ct

ua
l

Blight Blast Brown Spot Healthy ∑

Blight 96.460% 1.90% 1.00% 0.5% 300

Blast 1.85% 96.490% 0.70% 0.55% 365

Brown Spot 0.50% 0.7% 98.00% 0.8% 335

Healthy 0.50% 0.60% 2.10% 96.80% 500

∑ 300 365 335 500 1500

4. Conclusions and Future Work

In this research, the experiment was performed with 1500 leaf images taken from two
well-known datasets: Kaggel and Mandley. The dataset contains images of four different
classes. To further improve the raw dataset, in the proposed approach, we used various
operations, such as preprocessing and argumentation. After dataset enhancement, the
segmentation method highlighted the diseased part of the image. Based on the segmented
dataset, several pre-trained models are trained, and further, the extracted features are used
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to train and test with a deep neural network to identify leaf disease. We evaluated the
proposed approach on the following parameters: accuracy, F1-score, precision, and recall.
The model was 96.43% accurate and 96.43% precise. As a result, the F1 scores reached
more than 96.43 for each disease type. We compared the proposed model with other deep
learning and machine learning models on the same dataset. After analyzing the outcomes,
it has been concluded that the proposed model outperforms other models. As stated earlier,
this research was limited to only four biotic diseases, and the study identified only a single
biotic disease impact.

In the future, the model will be extended to identify multi-biotic or combinatorial
disease impact on a plant leaf. The research will consider the effect of two or more diseases
at some point. In addition, some abiotic factors, such as nutrient values, will be explored as
the reason for diseases in the plant leaf.
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