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Abstract: Rice has become the second major food among rural people. It is one of the most nutrient and low-
cost food available in Asia. Rice is composed of two major subspecies as Japonica and Indica and it belongs to
the Poaceae family. The World Bank predicts that rice demand will grow 51% faster than population growth
in 2025. It is high time to develop a model which predicts the type of infected paddy leaf and avoids the loss of
grains. In this paper, the proposed hybrid CNN model, three CNN networks with different layer properties
are trained parallel. The extracted feature from these CNN networks is combined to provide the classification
of the type of infected leaf. Fieldwork was carried and about 340 samples are collected from five different types
of classes. The proposed hybrid model was tested with both the fieldwork dataset and also with an available
dataset on the internet. The experimental results show that the proposed model outperforms the other CNN
network and yields an accuracy value of 98%, a precision value of 95%, and a misclassification rate of 4%
respectively.

Keywords: paddy leaf disease; segmentation; CLAHE filter; convolutional neural network; deep
learning

1. Introduction

Over the world, the second major food is rice among the rural people. It is the one of the most
nutrient and low-cost food available in Asia. Mostly it is cultivated in the region of Europe, Asia,
America, Oceania and Africa. Rice is composed of two major subspecies as Japonica and Indica and
it belongs to the Poaceae family. As per the statistics shown by the FAOSTAT, more than 90% of the
rice crop are cultivated and consumed by the Asian countries [1]. The remaining 10% will be carried
out by the other four countries such as Oceania, Europe, America and Africa. The World Bank
predicts that rice demand will grow 51% faster than population growth in 2025 [2]. Some of the
sample figures from the field work is shown in Figure 1a and from internet is shown in Figure 1b.

False smut, sheath blight, rice blast, leaf scaling, brown spot, bacterial leaf blight, and Bakane
are examples of paddy diseases. False Smut is the silvery-white structure that influence panicle
development in the late stage. It has a direct effect on paddy yield and is more noticeable during the
rainy season when the land has a higher nitrogen concentration and is humid [3]. The second form
of paddy disease, sheath blight, infects the straw of the tice and is produced by the Rhizoctonia solani
fungus. It happens during the rice harvesting period [4]. The rice explosion is the most common and
strongest paddy leaf disease. It happens at almost every stage of rice development, from crop growth
to harvest [5-8]. Node blast, seedling blight, grain spot, leaf blast, and neck blast are all symptoms of
this illness. If this type of disease is not treated in advance with proper methodology, the quality and
output of grain will be drastically decreased [9-12]. Leaf scald symptoms include reddish-brown
broad bands or golden borders at the leaf edges [13-16].
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Figure 1. (a). Sample field image which shows the infected paddy leaf, 1 (b): Sample internet image
which shows the infected paddy leaf.

In [16] proposed an analysis of insect attack and nutrient deficiency and disease in coconut
leaves. Monitoring of coconut leaves after the application of pesticides and fertilizers has been
performed using cutting-edge machine learning and image processing methods. SVM and CNN were
selected as the best and most suitable classifiers with 93.54% and 93.72% accuracy, respectively. This
system has the facility to fully monitor the plant from initial referral to complete recovery.

In [17] propose the correct solution regarding the disease, the identifiable source and the
arrangement of the infection. Image processing approaches can automate a number of disease models
and pest forecasts. Some types of problems can be identified at an early stage by human vision, while
it takes some time to predict. SVM classifier performs better than ANN in detecting yellow rust and
septoria with 95% and 70% accuracy, respectively.

In [18] proposed the network was trained to distinguish crop disease using leaf images. The
network's several convolutional layers. The image's very basic attributes are extracted in the first few
layers, but as we dig deeper, the complexity increases and it can be used to address more intricate
issues. In 100 epochs, we were able to achieve 97.50% accuracy for 22 convolution filter sizes, which
is superior to other traditional methods.

In [19] suggested a foretelling method using CNN for rice crops to categorize disease predictive.
Neural Networks are a collection of complex algorithms modelled after the human brain to recognize
different patterns or images. 90.32% accuracy is observed on the test set and 93.58% accuracy on the
training set.

In [20] proposed using the NASNet framework for Convolutional Neural Networks (CNNs).
Artificial intelligence applications that use deep neural networks have proved effective. One of the
main issues, nevertheless, that endangers the availability of sufficient human food is plant diseases.
We used different splits including 80%, 60%,50%, 40% and 20%. That is, for example, 80%, 60%, 50%,
40%, and 20% of the total images are reserved for computer training, while the other 40%, 50%, 60%,
and 80% are used for validation purposes, respectively.

In [21] Proposed DL as a latest model of ML that uses neural networks that act like the human
brain. Early detection and diagnosis of these diseases are critical to the agricultural industry. The
system was able to record by the way of classifying and detecting different plant species and plant
illnesses, while the trained model had an accuracy rate of 96.5%.

In [22] proposed a model that have already been trained, like VGG19, that are being fine-tuned
(transfer learning) to pull out pertinent features from the dataset. pretrained models such as VGG19
that is fine-tuning to extract relevant features from the dataset. Huge amount of data to perform better
than other techniques. Potato is a highly versatile crop that contributes about 28.9% of India's total
agricultural crop production.


https://doi.org/10.20944/preprints202406.1317.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 19 June 2024 d0i:10.20944/preprints202406.1317.v1

In [23] suggested a method for training deep CNN networks, which need a lot of data and
expensive computing power. With the aim of examining the full training and fine-tuning the
performance of the CNN, we modified the structure using the bestfit joint model. It is an advanced
processing method. ResNet with SGD optimization method achieves the highest test accuracy of
97.28%.

In [24] proposed various image-based CAD systems have been proposed using colour features
in agriculture applications. In this work, we have concentrated particularly on the illness of the rice
plant (Oryza Sativa). Every year the disease causes huge economic losses to formers. The proposed
model can categorize rice diseases with 91.37% classified accuracy for 80%- 20% training-test
distribution.

The traditional methods for diagnosing leaf diseases rely on human vision. In these situations,
getting expert guidance requires a lot of time and money. The proposed hybrid CNN model mainly
focused on identifying various types of diseases present in the leaf of the plant.

For brown spot disease, the symptoms will be dark brown lesions in oval shape occurs in the
rice plant leaves. Bacterial leaf blight occurs on leaf tip with elongated lesions. It grows to several
inches and becomes as yellow due to the bacterial effects. The last disease in the paddy leaves is
Bakane and affects the development phase with abnormal elongation in the seedbed. The major cause
of it is the yellow shades leaf with empty panicles, dismissal of the seed at early stage and
dehydration of leaves. It looks much higher than normal plants and also widely found in vegetative
stage. Therefore, image processing techniques are used to classify paddy leaf diseases. The main
contributions of the research work are summarized as follows:

» A novel the hybrid CNN model has been proposed to classify the paddy leaf diseases such as
bacterial leaf blight, brown spot, sheath rot, narrow brown leaf spot, and leaf smut.

> Initially, the input images are gathered from two dataset namely internet dataset and field work
dataset.

»  The collected images are pre-processed using CLAHE filter to remove noise artifacts.

>  The proposed model is a combination of three CNN network with different layer properties are
trained parallel for classification.

> The performance of the suggested hybrid CNN is evaluated by using specific performance
metrics.

The remaining portions of the analysis are structured as follows: Section II describe the
Literature survey in detail. Section III describes the background study of hybrid CNN model. Section
IV describes the suggested hybrid CNN model. The result is given in section V and finally section VI
describes the conclusion.

2. Materials and Methods

In the paradigms of both supervised and unsupervised, Convolution Neural Network (CNN)
model will be the best model for the classification purpose. In the supervised mechanism, the model
is learned from the mapping between the desired output and system input. Whereas in the case of
unsupervised learning method, the model is trained in such a way to predict the true labels of the
given set of input dataset. It is well and good, to understand the architecture and working principle
of a CNN before we apply the network to the dataset for the classification purpose. A simple CNN
consists of various building blocks referred as CNN layers. It has convolution, normalization, fully
connected layers and pooling.

The first stage in the CNN is the pre-processing mechanism; the input image needs to be
processed before allowing them to pass through the network. The various methods of data pre-
processing are normalization, mean-Subtraction, Local Contrast Normalization, PCA whitening. The
normalization method divides the data by its standard deviation. Mean subtraction computes the
mean of a dataset and zero-centers it around that mean. In Local Contrast Normalization, a local
neighbourhood will be generated first for each pixel, and then it is zero-centered with the mean. In
the similar manner, the pixel is also be normalized with respect to the standard deviation. The last
pre-processing method is PCA whitening. In this, the data are normalized independently by reducing
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the correlation between the different dimensions of the data. Initially the data is zero-centered first,
and then covariance matrix will be estimated to encode the correlation level between the data
dimensions. Using singular value decomposition (SVD) algorithm, the correlation level of the data is
decomposed and finally it will be normalized by dividing the data by its corresponding eigen values.
To attain stable learning process, mean-subtraction method is widely used, as the PCA whitening
results in the amplification of the noise signal along with the data and decays the performance of the
network. It is also supportive for the gradient-based learning through mean-subtraction and
normalization. It has been proved in the recent research that batch normalization outperforms s the
other two normalization methods such as Local response normalization and Local Contrast
Normalization. Hence, batch normalization is used in the suggested hybrid CNN network.

The heart of the CNN is the convolution layer; the input data is convolved with the set of the
kernels to produce the feature map. Convolution kernels can be also termed as filters in which the
dimension of it can be varied by the users. At the start of the training phase of CNN, the weights of
each convolution layers are initialized randomly. As the training process progress; the weights are
tuned and updated to optimal one for the given pair of the input data with it label. A convolution
layer multiplies the input data with the kernels to results in the feature extraction. For example, input
data with the dimension of 10x10 convolved with the kernels size of 3x3 results in the feature
extraction output with the size of 8x8. These feature data can be down sampled by applying stride in
the convolution layer. For the above example, if stride of 2 is applied results in the reduction of the
data size from 8x8 to 6x6. In order to maintain the same dimension of the feature data, addition of
zeros can be carried and this process is termed as padding. In short input size of 10x10 with kernels
size of 3x3, stride value of 2 with same padding result in the feature data size of 8x8.

The third component of the CNN is the pooling layer. It works on the extracted feature output
from the convolution layer and combines the activation of the feature data. The two types of pooling
layers are mean and max pooling. In the case of mean pooling, the average value of the feature and
determined and mapped according to the position of the feature data. The maximum value of the
features is evaluated and mapped with respect to the data in the max pooling layer. This pooling
operation can be termed as down sampling as it reduces the dimension of the extracted features
considerable. The last component of the CNN network is the fully connected layers. It acts like a
bridge between the output of pooling layer and number of classes. In most the case, the dimension of
the pooling layers will not match with respect to the number of classes, in such a case, fully connected
layer will be used. The operation of fully connected layer is matric multiplication followed by vector
addition and generally it is placed at the end of the CNN architecture.

2.1. Proposed Hybrid CNN Model

In this section, a novel hybrid CNN model for classifying the blight and spot diseases of the
paddy crops as shown in Figure 2. In the pre-processing stage, CLAHE is used to increase the worth
of image.
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Figure 2. The overall process of the proposed methodology.

2.1.1. Dataset Description

e Internet dataset;

Data set 1 (Internet dataset) consists of 120 images with three different classes of infection: BLB,
BS, and LS. Of these, 105 images are used for the training process and the remaining 15 images are
used for the validation process.

e  Fieldwork dataset;

Dataset 2 (Fieldwork dataset) consists of five different classes namely BLB, BS, LS, NBLS, and
SR. In the dataset 2, there are 345 images. To train the network, 175 images were used and the
remaining 65 images are used for the validation process.

2.1.2. Dataset Pre-Processing

The relative region of an image with adaptive histogram equalization (AHE) tends to have too
much noise amplitude. Contrast-Limited Adaptive Histogram Equalization (CLAHE), a variation of
Dynamic Histogram, tries to prevent over-amplification by restricting contrast. To produce the
enhanced effect, CLAHE was applied. CLAHE was applied when the summary was a degree of
decompression to the second-to-last in order to prevent a blocking effect. The high-frequency
component at this time was improved by the low-frequency element. Finally, following the image
restoration, CLAHE was employed.

The image contrast can be altered by the distribution is redistributed of the image histogram.
Histogram equalization, which can increase the dynamic range of the pixel grey value, is essentially
a mapping change of the original image's grey level. Thus, the contrast of the image can be improved.

Suppose the greyscale of an image’s size range is [0, m—1], with a grey condition of m. Let (s) be
the grey-condition of probability density function (PDF). Then, the probability of the kth grey
condition is,
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1
)

Where, t=0, 1, 2, ..., n—1 and stand for the tth greyscale. Then, the K(st) is a cumulative distribution
function (CDF) can be revealed as:

m
qs(St) =—
m

f=K(st)=Ya,(5) =3 <§

Where, 0<f<1
The stages of CLAHE are:

(1) Divide the input image into regions that are unceasing and don't overlap. The standard setting
for the region size is 5%5.

(2) Obtain the histogram for each section, then trim the histogram using the threshold. By clipping
the histogram with a predetermined threshold prior to calculating the CDF, the CLAHE
algorithm achieves the purpose of restricting the magnification. It controls the slope of the
transform function

(3) Reassign the pixel values, and then uniformly distribute the clipped pixel values below the
histogram. The histogram distribution before and after clipping are shown in figures a and b,

respectively.
/ \
F 3
5 - | .

AR R AR RN AN

Figure 3. Histogram distribution: (a) Initial clipping (b) Final clipping.

(4) On each region, carry out a local histogram equalization.

(5) When reconstructing pixel values, use a linear interpolation. Assume that the sample point q' r
grey value is r, and that the new grey value obtained using linear interpolation is r'. The
surrounding areas' sample points are ql, g2, g3, and g4, and the corresponding r's grey level
mappings are fql (1), fq2 (r), {3 (r), and fq4 (r). The new grey value for pixels in the corners
corresponds to the region's r's grey-level mapping.

3
)

The interpolation of the grey-condition mapping of r of the two samples of the surrounding
areas creates a new grey value for the pixels at the boundaries. For example:

r = fg,(r)
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(4
)

The interpolation of the r-valued in the grey-condition mapping of the four models from the
surrounding areas creates the new grey value for the pixels of the image's centre. For example

6

r =(1-a)fg,(r) +afa,(r)

== AN~ a)fa,(r)+afa, (1) + A1) 6, () + o, (1)
Where, a and {3 are the normalized distances from the location 71.

2.2. Hybrid CNN

A deep learning model called CNN is used to interpret data with a grid structure, such pictures.
CNNss are designed to automatically and adaptively capture spatial hierarchies of information from
low-level to high-level patterns inspired by the visual cortex of animals. Convolutional, pooling, and
fully-connected layers are three different types of layers (or "building blocks") that often make up a
CNN. Convolution and pooling, the first two layers, extract features, and the fully connected third
layer, which produces the final output, such as classification, from the extracted features. CNN is a
convolution layer, a particular type linear process, made up of a number of mathematical operations.
CNN is made up of three layers: convolutional, pooling, and fully connected. The nonlinear ReLU
activation function used in the convolutional layer is followed by dropout regularization.
Convolution layers are composed of a variety of convolution kernels for extracting input data. The
convolution kernels of the convolution layer use convolution operations to apply to the input data in
order to extract features. The fully connected layer's FC layer receives flattened input data from the
layers above before using it. It is at this moment that the classification process begins. The prediction
is processed by the dense layer with softmax using the probability of the score.

The proposed hybrid CNN consists of three CNN networks followed by a mixed layer of CNN
layers. The CNN network accepts an image of pixel size 28 x 28 x 3 and finally outputs feature max
pooling layers and ReL.U activation functions. In the first CNN network, the input image is processed
by two convolutional layers with 16 filters. The first set of each convolutional layer has a kernel size
of 3, the second set of convolutional layers has a kernel size of 4, and the extracted features are
14x14x3 using two maximum levels of pooling.

The diagrammatic representation of the proposed hybrid CNN network is shown in the Figure
4. Architecture of Second CNN network is similar to the first CNN network with little modification.
It also consists of two set of convolution layer with max pooling layer and ReLU activation function.
The kernel size of convolution layer will be 4 in the first set of convolution layer and 3 kernel size in
the second set of convolution layer. In the third CNN network, the input image is processed with two
convolution layers with 16 filters and has 3 and 4 kernel size during the convolution process. Later
these features are given to ReLU activation function to attain the linear output and down sampled
with the factor of 2 using max pooling layer and results in the image size of 21x21x3. This process is
repeated again to yield the processed image size of 14x14x3.In the mixing layer, the mean output of
the three CNN network is accepted and converted into image size of 10x10x3 using convolution layer
with 16 filters and kernel size of 3 followed by down sampling with the factor of 2.

Finally, the classification layer is applied to classify the images according to the type of diseases.
For field work image dataset, the classification falls into five categories such as BLB, BS, LS, NBLS
and SR. In the case of internet dataset, classification will be done based on three classes namely BLB,
BS and LS.
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Figure 4. Diagrammatic representation of proposed Hybrid CNN Network.

3. Results

For the simulation purpose, two different datasets are used. Dataset 1 was downloaded from the
internet. Dataset2 images are collected through field work. Both datasets are trained to four different
models and its confusion chart are shown in the Tables 1 and 2.

System with Intel core i3 processor with 1.70 Ghz speed, 64-bit processor with 4 GB RAM was
used for the simulation purpose. The MATLAB version 2018b was installed in the system and
classification of infected paddy leas was carried out. The input image has different pixel size. To
maintain the uniformity and reduce the processing time, all the image in the dataset is initially resized
into the pixel size of 22x22x3. During the training phase of the CNN network, augmented image
dataset is used with the Epoch value of 120, Validation Frequency of 30 and ‘sgdm’ solver.

Table 1 which illustrates the efficiency confusion matrix of internet dataset. The actual class of
the system is listed as row wise and predicted class as column wise. Basically, it has four terms
namely TP means True Positive, TN means True Negative, FP means False Positive and FN means
False Negative. Using this confusion matrix, it can analyse the performance of the model through few
matric values such as Specificity, Accuracy, F1 Score, Sensitivity, Precision and Misclassification rate.
It shows that, the proposed hybrid CNN results in the considerable increase in the accuracy
percentage.
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This section may be divided by subheadings. It should provide a concise and precise description
of the experimental results, their interpretation, as well as the experimental conclusions that can be
drawn.

Sensitivity and specificity metrics for two classes can be easily defined and computed in the
much simple way. Whereas in the case of the multi-class classification problem, determining these
values are bit complicated and cumbersome process. Basically, specificity is defined as the ratio of
the true negative class to the total number of normal paddy leaf. The ratio of the true positive to the
total number of the disease class is referred as the sensitivity.

Table 1. Comparison of confusion chart of proposed model with different CNN architecture (Internet
Dataset).

Confusion matrix

Corfusion Chart - ChE

Tua cla

W o L2ss

(=]
Pradicted class

Corfusion Crart - CHR Corfusicn Crat - Proposad CHM

L] o o

b= 2 =2 '
|

T s L] L]
2
EE 0 6P
oL =)
Predicted cass

The ROC curve for the features is depicted in Figure 5 using images from internet dataset. BLB,
BS, and LS parameters can be used to measure the dataset, the proposed Hybrid CNN method
technique achieves greater accuracy.

Figures 5-9 illustrate the sensitivity and specificity value for the three CNN and proposed
Hybrid CNN model for the Internet dataset as bar chart. Internet dataset has three different leaf
diseases namely BLB, BS, and LS. To attain the overall specificity value, we can have determined the
specificity value individually for each class separately and then average of these values needs to be
determined. The CNNI1 network predicts the 12 class correctly out of 15 results in the accuracy
percentage of 90%, In the same way CNN2 and CNN3 network predicts 11 and 12 classes correctly
leads to the accuracy rate of 83% and 85% respectively. The proposed Hybrid CNN outperforms the
CNN models and predicts the 13 classes correctly and results in the overall accuracy percentage of
97%.
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Table 2. Comparison of confusion chart of proposed model with different CNN architecture (Field
work dataset).
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Table 2 which illustrates the efficiency of the confusion matrix by (Fieldwork dataset). The actual
class of the system is listed as row wise and predicted class as column wise. Basically, it has four
terms namely TP, TN, FP and FN. In terms of classification of paddy leaf, true positive means that
image is infected paddy leaf and trained model predict it as correctly as infected paddy leafThe ROC
curve for the features is depicted in Figure 10 using images from fieldwork dataset. BLB, BS, LS,
NBLS, and SR parameters can be used to measure the dataset, the proposed CNN method technique
achieves greater accuracy.
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Figure 10. ROC Curve for different types of classes.

Figures 11-14 illustrate the sensitivity and specificity value for the three CNN and proposed
Hybrid CNN model for the field work dataset as bar chart. Field work dataset has five different leaf
diseases namely BLB, BS, LS, NBLS, and SR. To attain the overall specificity value, we can have
determined the specificity value individually for each class separately and then average of these
values needs to be determined. Field work dataset which consists of 64 images, the CNN1, CNN2,
CNN3 and proposed Hybrid CNN model will predict the 54, 45, 54 and 59 images in the proper sense
and result in the accuracy rate of the 84.37%, 70.31%, 84.37% and 92.18% respectively.
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Figure 11. Illustration of performance metrics of CNN1 Network (Field work dataset).
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Performance Metric value of CNN 2 network

[}
=
S 1
L 08 ® Accuarcy
=
0.6 o
g 4 m specificity
g 0.2 B F1 Score
D - - — — —
c I
g Bacterial Brown Leaf  MNarrow  Sheath = Sensitivity
= leaf spot smut brown rot B Precision
'E blight leaf spot
E . B Misclassification Rate
Types of Paddy Leaf Diseases

Figure 12. Illustration of performance metrics of CNN2 Network (Field work dataset).
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Figure 13. [llustration of performance metrics of CNN3 Network (Field work dataset).
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Figure 14. Illustration of performance metrics of Proposed Hybrid CNN Model (Field work dataset).

5.1. Comparative Analysis

A comparative evaluation between conventional neural networks and the proposed model is
also conducted in this division. This technique is more productive than existing methods due to
performance comparisons with existing methods. F1 score, precision, specificity, recall, and precision
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are all used to assess performance. In this comparative analysis, to compare existing deep learning
algorithms with our proposed model.

Table 3 shows the final findings in terms of the overall accuracy rate. Table 3 shows that
conventional networks such as segnet, Resnet, Dense net, CNN, are lower accuracy than the Hybrid
CNN. Hybrid CNN maintains excellent accuracy range of 98.89%.

Table 3. Comparison between traditional deep learning networks.

Networks Accuracy (%) Specificity Precision (%) Recall (%) F1-Score (%)

(%)
SegNet 93.82 92.15 90.64 87.92 89.58
ResNet 96.54 93.86 91.97 86.39 89.75
Dense Net 96.70 92.32 94.65 93.67 94.76
CNN 97.66 94.23 95.34 96.72 95.01
Hybrid CNN 98.89 95.45 97.23 97.80 96.56

Figure 15 shows that the accuracy obtained by Seg net, Resnet, Dense net, CNN and Hybrid
CNN is 93.82%, 96.54%, 96.70%, 97.66%, and 98.89% respectively. The specificity obtained by Seg net,
Resnet, Dense net, CNN and Hybrid CNN is 92.15%, 93.86%, 92.32%.,94.32%, and 95.45%. Precision
is obtained by Seg net, Resnet, Dense net, CNN and Hybrid CNN is 90.64%, 91.97%, 94.65%, 95.34
and 97.23%. Recall is obtained by Seg net, Resnet, Dense net, CNN and Hybrid CNN is 87.92%,
86.39%, 93.67%, 96.72% and 97.80%. F1 score is obtained by Seg net, Resnet, Dense net, CNN and
Hybrid CNN is 89.58%, 89.75%, 94.76%, 95.01%, and 96.56%. The accuracy rate achieved by the
Hybrid CNN is higher efficient than the existing models. Thus, it is clearly shown as the Hybrid CNN
model performs better than existing techniques.
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Figure 15. Comparison of traditional deep learning models.

In figure 16 shows that the Comparison of normalized Computational complexity with respect
to hybrid CNN model. The Deep learning networks such as CNN, Dense Net and Alex Net are higher
computational complexity than the Hybrid CNN method.

do0i:10.20944/preprints202406.1317.v1
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Figure 16. Comparison of normalized Computational complexity.

Table 4. Comparison between suggested and the existing models.

Author Methods Accuracy (%)
Pinki et al. [25] SVM 91.06
Ramesh et al. [26] DNN 96.05

Matin et al. [27] AlextNet 97.28

Sethy et al. [28] SVM 86.58
Proposed Hybrid CNN 98

According to Table 3, the suggested Hybrid CNN model improves the overall accuracy of 6.94%,
1.95%, 0.72% and 11.42% better than SVM, DNN, Alexnet respectively.

Figure 17 shows that the proposed hybrid CNN model outperforms the current models in terms
of accuracy. In the future, the suggested method's accuracy will be improved in order to correctly
segment the diseases and advance the suggested model's accuracy.

UL
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Methods

Figure 17. Comparison between proposed and the existing models.

5.2. Ablation Study

An ablation study was made to assess the extracted feature from these CNN networks is
combined to provide the classification of the type of infected leaf. In this experiment, to comparison
CNNT1, CNN2, CNN3, and Proposed Hybrid CNN, with the parameters of BLB, BS, LS, NBLS, and
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SR was illustrated in table 5. According to our findings, parameters using ablation models was
typically less accurate than proposed Hybrid CNN using with CNN2, which proves that the
proposed Hybrid CNN using with CNN1, CNN2, and CNN3.

Table 5. Performance comparison in ablation study.

Parameters CNN1 CNN2 CNN3 Proposed Hybrid
CNN

BLB 97.89 94 97.10 99.01

BS 97 87 97.05 99

LS 96.89 80.67 96.55 98.78

NBLS 96.34 78.06 95 98.50

SR 95 73.90 94.89 98.12

Initially, we have evaluated the effectiveness of the proposed Hybrid CNN and the ablation
study is performed with CNN1, CNN2, and CNN3 and without CNN2 method in terms of different
parameters. There is a possibility that the model without CNN2 had lowest accuracy in classification.
The model for classification the infected leaf uses high level features. The Hybrid CNN model with
CNNT1, CNN2, and CNNB3 had the accuracy in classifying different parameters.

6. CONCLUSION

In this paper, the proposed hybrid CNN model, three CNN networks with different layer
properties are trained parallel. The extracted feature from these CNN networks is combined to
provide the classification of the type of infected leaf. The experimental results show that the accuracy
value of 98% was achieved by the hybrid model, whereas the other three CNN model yields a
maximum of 90% accuracy. The proposed CNN model achieved maximum F1 scores of 87% and 91%
for the internet and field work dataset. For the fieldwork dataset, the misclassification rate is 20%,
28%, and 20% for the CNN model, a least value of 13% was achieved by the proposed CNN model.
In the case of the fieldwork dataset, the rate was further decreased to only 4%. In future work, plan
to improve the accuracy using various advanced deep learning techniques or optimized algorithm
for accurate and different type of leaf diseases classification and to increase both Training and testing
datasets based on diversity and size.
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