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Abstract: Approximately 70% of India's population depends on agricultural output. In agricultural settings, insects that spread the
iliness to other plants have impacted plants and their leaves. The farm's output has dropped as a result of these illnesses' infestation.
Consequently, it's critical to diagnose these illnesses as soon as possible. In the farm, the discovery of banana diseases has proven
to be more confusing. The identification of banana plant diseases using image processing is becoming increasingly effective, and it
is crucial for farmers to assess plant development without incurring financial costs for manual assistance. This study advocated the
use of deep convolutional neural networks (DCNNs) for classification and feature extraction using GLCM for the detection of leaf
disease. The collection of the dataset was done using prehistoric.

Index Terms — Banana plant disease, DCNN, GLCM, leaf disease, and the extraction and categorization of features.

. INTRODUCTION

The nation's economy depends on the output of its agricultural sector. Consequently, since plant infection is common, disease
diagnosis becomes extremely important in agriculture. The research field of disease detection without personal assistance and
categorization has become essential, requiring computer vision with automation or a system with machine vision by applying image
processing techniques [2]. The most prevalent illnesses that affect banana leaves include banana streak virus, banana bract mosaic
virus disease, infectious chlorosis, black spot, banana bunchy top, moko disease, sigatoka disease, and panama disease. bananas are
susceptible to a number of diseases, including banana speckle and banana sigatoka. Mycosphaerella fijiensis is the fungus that
causes black sigatoka. Their initial signs and symptoms early on, it would show up as tiny, light brown spots; as time goes on, the
spots would get bigger and eventually turn black. If treatment for this disease is not received, the plant may die. If not, this could
be addressed as soon as it is discovered, perhaps saving the plant [5].Artificial intelligence (Al), which is integrated with deep
learning prototypes where human activities are given significant weight, has been used to identify plant diseases based on their
appearance and unusual symptoms. Al-enabled mobile applications help farmers identify and prevent crop diseases by providing
early warnings. Farmers still require manual labor even though they cannot afford these apps. According to the Global System for
Mobile Association (GMSA), there will be 5 billion smartphone subscriptions worldwide by 2020, with about 1 billion of those
subscriptions occurring in Africa. Artificial intelligence (Al), the Internet of Things (1oT), robotics, satellites, cloud computing, and
machine learning are just a few of the technologies that have helped farmers and agriculture grow [11].

Deep learning is a cutting-edge method 7’of image processing that has been applied to object recognition and has increased the
classification accuracy of several crop diseases. Transfer learning is one of the deep learning techniques that is commonly used.
Pre-model design has been obtained as a novel application of this technique. Deep transfer learning has been developed for both
the analysis of predictions made and the new architecture of image processing. With the use of several training image datasets, DTL
has proven to be an incredibly effective method for determining the farm illness that mobile apps have spread. And the farm is now
using this in a very discrete manner in real time. The effectiveness of Al in identifying crop diseases, like those that affect wheat,
has been assessed in the current study. Additionally for datasets containing both disease-infected and non-infected plants. Using
computer vision design as the foundation, crop disease detection has been accomplished through feature extraction, which produces
useful results. Nevertheless, feature extraction is computationally very challenging and requires a specialist's understanding of
healthy representation. There are some restricted and trained dataset images of diseased crops accessible. More than 50,000 pictures
even though many photographs have been thought of as having a straightforward background with leaves removed and images that
have been trained with CNN, these results are not obtained when using actual farm images. Massive photos of both healthy and
diseased plants were obtained by simulating a robust and highly implemental identification system. The images were collected from
different areas of infected plants as well as from budding plants under different environmental conditions. All of the photos have
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required labeling and pre-training by plant pathology professionals. The current methods for identifying diseases in crop designs
have primarily focused on leaf symptoms up to now. Unsuitably, numerous signs have also been observed in other plant sections,
with banana pest and disease-related symptoms serving as the best example [16]. The remaining portions of the paper are arranged
as follows: we provide the relevant work in Section 2. The technical specifics of the architecture and the suggested strategy are
explained in Section 3. Additionally, Section 4 reports the experimental evaluation and results. Section 5 wraps up the report and
offers a look ahead to future research.

ILRELATED WORKS

Finding dangerous bacteria and viruses in a plant is crucial to guaranteeing that it is safe and environmentally friendly for farming
[3]. Recently, much thought has gone into developing the current designs, which can achieve both quick and practical pathogen
detection as well as target extraction using a crucial sample that greatly improves detection. Serological and molecular approaches
have gained substantial traction in recent times, as a vast number of samples need to be analyzed. Antibiotics such as monoclonal
and recombinant are utilized for the majority of plant pathogens, and they undoubtedly aid in the detection of specific serologies.
Purifying the nucleic acid automatically from pathogens using robotics or columns has improved molecule-based detection [1].
PCR is a novel modification that involves simple otherwise multiplex integration in a single closed tube, co-operative PCR that also
uses amplicons or numerical PCR to observe in real-time, and access to increased sensitivity for detecting one or more pathogens
in a separate evaluation. Recent advancements in nucleic acid evolution have been achieved through the use of microarray
assessment technology; however, in order to increase the sensitivity for detection, this requires the extraction of genes from
DNA/RNA as well as their pre-amplification processes.

The downsides of molecular approaches include the necessity for manual support, a lengthy processing time, and a prolonged
process, especially when it comes to sample preparation that yields feasible output. Since molecular approaches cannot be utilized
for initial testing in processing many plant samples due to the time necessary for this process, they are a dependable tool for assuring
plant diseases [14]. Based just on their leaves, Lee et al. (2015) [7] designed CNN to detect plant diseases without the need for
human assistance. A relatively basic yet successful neural network was published by Grinblat et al. (2016) [4] for the efficient
detection of three different types of legumes based on patterns in leaves that are morphologically characterized by their veins. In
order to detect 26 variants of plant illness, Mohanty et al. (2016) [8] compared two commonly used and deployed system designs
for  CNNs by expanding the leaf database with photos that show 14 variants in plants.
Based on an evaluation of their 99.35% automatic detection rate, the outputs are extremely efficient. However, their main picture
disadvantage is that it only works with single images for simulation purposes—it is not suitable for the real-time implementation
of agricultural farms. The same method for identifying plant ilinesses based on leaf photos was presented by Sladojevic et al. (2016)
[15] using a similar amount of data that is available through web services and includes a minimum number of plant variations and
diseases. Their output efficiency, which depends on the data utilized for testing, is somewhere between 91% and 98%. Currently, a
few conventional pattern detection techniques are related by [14].

These techniques rely on CNN designs and their ability to recognize plants by three different dataset images, which can include
plants, fruits, or plant leaves. In the end, CNN is a highly conventional technique. Lastly, Seetharaman et al. (2021) [12] created a
CRNN prototype that can identify nine different banana fruit diseases and pests with a better level of satisfaction. The image
processing technique requires the greatest amount of simulation effort based on a few initials that could reduce the expense of the
experiment. A method for connecting texture, color, and form features was developed by certain researchers. When examining
images from similar databases, the Region-Based Convolution Neural Network (RCNN) in (2022) [13] achieves an accuracy rate
of more than 99%. Even though the model has been tested against the information acquired from reliable websites, their accuracy
has dropped by 31.4% in this instance. The dataset complete its application for digital real-time farming after being taken into
consideration in specific circumstances and for the detection of an extreme stage of sickness. Additionally, the existing datasets do
not take into account the presence of multiple diseases in a single plant; as a result, trained and tested prototypes have been used to
detect diseases with greater visibility, even though they are not strictly necessary for crop production.

111.LPROPOSED METHODOLOGY:

The purpose of this suggested method is to isolate and categorize banana diseases at the earliest stage in order to prevent the illness
from spreading to neighboring plants. The prehistoric agricultural data was used to compile the banana leaf dataset. The leaf photos
have been saved in the database, where 10 samples have been examined for the purpose of detecting diseases that have required
further processing. Figure 1 shows the architectural diagram for the suggested system.
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Figure-1 Proposed Architecture

Figure 1 above depicts the suggested architecture. The picture has first undergone pre-processing for data cleansing, noise reduction,
and image scaling. After the picture has been segmented, its features are retrieved using GLCM, and DCNN is used to classify the
extracted features. The portion of the banana leaf with the disease detected will be the categorized output

A. Feature Extraction using Gray level co-occurrence matrix (GLCM):

One of the most popular methods for analyzing textures is GLCM, which is used to assess an image's properties once it has been
associated using order 2 statistics. The assessment of the relationship between the pixels in the spatial domain has been done by
matrix design. Thus, the foundation of this technique is the texture data that was extracted from the result of a different correlation.
Based on the pair of occurrence numbers for gray levels, i and j, each input of GLCM is (i, j), which is divided by the d distance of
the input image. The comparison calculation between the different GLCM has been carried out by the 22 features, and different
numbers of features have been employed in previous works. This suggested simulation technique distinguishes this simulates a
spatial comparison between the image's pixels and compares the pixels that are available in the input image based on their direction
and distance, which are denoted by ® and d, respectively. All of the images have been extracted, quantized, and stored as 16 grey
levels and 4 GLCMs (M) for \ = 0, 45, 90, and 135 degrees, where value = 1. Five features will be derived from each GLCM.
Therefore, twenty characteristics have been extracted for each image. The classifiers process the feature normalization, which spans
from 0 to 1, and each classifier receives a similar pair of features. Texture features using Co-occurrence matrix representation are
the features used in this inquiry. GLCM is the genuine second-arrangement . Initially, the image is transformed into I-grey-level,
and the number of intensity pairings found between the neighbor and current pixels for each scaling and orientational feature
generates the GLCM. The average of the matrices for each scaling and orientational feature is used to create the feature vector. To
compute standardized GLCM, use the formula:

. . N(ij
G(ij) =

T3k Nann)

@)

In this case, the grey values in the I-gray image are represented by i and j. N(i,j) indicates the relative recurrence frequency matrix
of co-occurrence by:

N(i,j) = num({[(x1,y1), (x2,¥2)1}x2 — x4 = d cosB,y, —y, = dsin0,1(xy,y1) = i,1(x3,¥2) = j)

9)
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In this case, pixel positions are shown by (x4, ;) and (x,,y,) and the grey level of the pixel is shown by I(-). Num indicates the
number of pixel matches that meet the comparison's requirements.

B. Classification using Deep convolution neural network (DCNN):

Following the extraction of the feature vector from the input image, the image is represented as a fixed length vector that needs to
be classified using a classifier. A typical CNN typically consists of the following layers: input, convolution, activation, pool,
completely connected, and output. The CNN pool structure continuously performs decoding, deducing, convergent processing, and
mapping the signal features of input information to the feature space of the hidden layer. The layers of CNN establish the
relationships among various nodes, and the input information is forwarded through various layers sequentially. Classification is
carried out by the fully connected layer, and outputs are provided in relation to the retrieved characteristics. One important analytical
mathematical operation is deep convolution. When this operator applies two functions, fand g, it creates a third function, which is
the overlapping region between the two functions that is either translated or flipped. The calculation for this third function is as
follows:

2= 1() « g(t) = XiZ o f(Dg(t — 1)
(10)

The above equation's integral form can be found using,

) =f®) +g®) = [ fOgt-vdr = [ ft-Dg()dr
(11)

A digital image is classified as a discrete function f (x, y) of a two-dimensional (2D) space. Taking into account g (X, y), a 2D
convolutional function, yields the output picture z (x, y) as follows:
Figure 2 depicts the DCNN architecture.
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Figure 2-DCNN architecture

z(x,y) = f(x,y) * g(x,y)
(12)

In this case, the picture features are extracted using the convolutional process. Similar to this, in applications utilizing deep learning
techniques, a color image provided as input becomes a high-dimensional array with dimensions of 3 x image width x image length;
consequently, the CNN convolutional kernel is referred to as accounting in the deep learning algorithm. Additionally, the computing
parameter is a high-dimensional array. The corresponding convolutional operation for the supplied 2D image is thus provided by:

z(x,y) = f(x,y) xg(x,y) (2132):ch fth)gx—ty—h)

The following is the integral form:

2(x,y) = f(x,y) xg(x,y) = [ [ f(t,h) g(x — t,y — h)dtdh

(14)
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Regarding the specified m x n convolution kernel,

2(x,y) = f(x,y) *g(x,y) = (252)’6‘ rrf(thg(x—ty—h)
15

In this case, f denotes the input G with m and n convolution kernel sizes. on most cases, convolution is implemented on a computer
as a matrix product. Assume that the convolution kernel size is n x n and the picture size is M x M. In computing, the convolution
kernel multiplies each image region by the image of size n x n, resulting in an image region of n x n that represents the length of
the column vector. When zero-zero padding is carried out with step 1, all (M —n + 1) *(M — n + 1) results are feasible; the real
image can be described as the matrix [n*n*(M — n + 1)] when the small parts of the image are represented as n x n column vectors.
Taking into account K as the convolution kernel count, the output picture after convolution is k«(M —n + 1) *(M — n + 1); that is,
the number of convolution kernels x image width x image length. In the suggested model, every trained parameter has a random
initialization value between -0.05 and 0.05. The two steps of the training phase are called forward and reverse propagation. The
forward propagation's goal is to approximate the output of the input data classification process using the current parameters. The
goal of back propagation is to minimize the discrepancy between the intended and actual categorization output by updating the
parameters.

C. Forward Propagation:
The (L+1) layer DCCN model that is shown here has nl input units in the input layer, n5 output units in the output layer, and a
large number of hidden units in the C2, M3, and F4 layers. Where L=4. Taking xi as both the input and the output of the
(I — 1)™layer, we can compute Xi+1 as
X1 = fi(uy)
(16)

Where

u,-:W,-Tx,- + bi
17

and WTistands for the weight matrix on the input, bifor an additive bias vector, and (-) for the ithlayer's activation function.
The hyperbolic tangent function, tanh(u), is selected as the activation function for the C1 and F3 layers in this instance. max(u), the
M2 layer's maximum function, is implicated. Given that the DCNN classifier in question is of the multiclass variety, the output of
the F3 layer is passed to the n5 softmax function, which distributes the data over the n5 class labels. One way to characterize
softmax regression is as

T
w x
e LKLtbL1

T
w x
y= 1 e LK L+by
wT
xL+bL’k

n LK
k=1€ ™

T
W x
e LK L+by 5

(18)
The final probability of each class in the current iteration is represented by the output vector y = xL+1 of the output layer.

D. Back Propagation:

The training parameters are updated in this stage using a gradient descent approach with a minimal cost function and an estimated
partial derivative for each parameter used in the training process. The loss function can be found as

3(0) = —1/mym, 375 1{j = Y@} logy”
(19)
where the vector's size is n5, and the variables m, Y, and y(i) j represent the quantity of training samples, estimated output, and
jt"value of the original output for the it"training sample. The probability for the label class in the estimated output (i) for sample i

is 1, and the probability for the other classes is 0. If j is the estimated label of training sample i, then j = Y (i) = 1, if not, then j = 0.
Before i, a minus sign is appended for ease of calculating. The loss function associated with uiis obtained as

= ﬂ{_(y —y).fw),i=1
Pou (W) fFu), i< L

(20)
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Therefore, updating is carried out on each iteration by
0=0—a.Vy,J(0)
(21)

in order to modify these parameters, where a denotes the learning factor (ataking 0.01) and

(8 9 aJ
ng(e) = {a—el,a—ez ...... ,a—BL}
(22)

The cost function becomes less as the number of training iterations rises, suggesting that the initial output was quite close to the
estimated result. If their difference becomes smaller, the iteration ends.

IVV. PERFORMANCE ANALYSIS

The simulation findings for banana leaf disease detection from the input dataset are covered in this part. Below, a number of outputs
have been discussed: To begin with, a dataset folder containing several photos of banana leaves was created for the purpose of
testing. Higher accuracy has been achieved in identifying the indication of leaf disease, which has also been appropriately trained
and gathered into the dataset. Below is the parametric analysis. Figures 4,5, 6, 7, and 8 below show how the suggested technique
and the current technique compare in terms of accuracy, precision, recall, F1-score, true positive rate, and false positive rate.
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Figure 8 below compares the parametric measurements that were determined for the suggested method.
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Figure-8 Overall Comparison of Proposed Technique

V. CONCLUSION

Using image processing techniques to recognize and classify photos of banana plants can improve the accuracy of disease diagnosis.
In this case, a Python application was used to simulate the classification and feature extraction processes. When it comes to
identifying and categorizing banana plant diseases, manual systems have been used in place of more accurate and time-consuming
ones when compared to the suggested technique. Farmers have employed this suggested method to detect diseases earlier and more
accurately, preventing them from spreading to neighboring plants. Next, the suggested system provides the best possible
classification using DCNN and feature extraction using GLCM, which may result in a higher yield. As a result, two banana leaves
have been found, and further research can be done to detect different diseases in the banana plant's fruit and stem.
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