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SUMMARY

The study is based on the idea of an innovative method of automated classification of mulberry root Knot
diseases on the basis of the leaf symptoms through the EfficientMulberryNet-B0-GC model, which is a
combination of EfficientNet-B0O and Grad-Cam visualization. The model aims to complement the lack of
efficient and transparent disease detection in agricultural practices and offer a strong solution for
real-time classification of mulberry root knot disease according to leaf symptoms. The method proposed
uses a dataset of mulberry leaves that consists of high-resolution images of two classes, i.e., Healthy,
Root knot disease. The EfficientMulberryNet-B0O-GC model, which is pre-trained on ImageNet, is then
fine-tuned to classify diseases with data augmentation techniques used to enhance the generalization of
the model. It makes the model's decision-making process transparent and more credible by using the
technique of Grad-CAM to visualize and interpret the model's decision-making process. The results
indicate that the proposed model outperforms existing models as it attains 94% accuracy, 95% precision,
95% recall, 95% F1 score, and 99% AUC. The data set is of 2500 images, diversified to be strong and
extensive. The framework provides a scalable, practical approach to disease monitoring to provide
improved disease accuracy, interpretability, and reliability. The study helps to develop Al-based tools in
the agricultural sector, especially the detection and management of diseases in the mulberry.

Key words: mulberry root knot disease, efficientmulberrynet-B0-GC, disease classification, grad-cam
visualization, deep learning, plant health monitoring, agricultural Al

INTRODUCTION

Mulberry (Morus spp.), is a fast-growing, deciduous, perennial tree crop widely grown in tropical,
subtropical, and temperate regions of Asia, Africa, and South America. The crop is significant from a
socio-economic point of view, as it is the sole natural food source for Bombyx mori L., an insect of the
sericulture industry, which is the reason why the productivity and quality of mulberry leaves are directly
related to the yield of cocoons and quality of silk in the sericulture industry. Apart from the production
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of silk, leaves and fruits of mulberry are utilized in traditional medicine, animal feed, and functional
food products; the crop's health is thus closely connected with the livelihood of millions of farmers in
the countries where mulberry is cultivated, including India and China. Mulberry is susceptible to many
root diseases, including those caused by soil-borne fungi, bacteria, and plant-parasitic nematodes, like
other perennial crops. Root diseases are especially serious because strike below-ground parts of plants
that take in water and nutrients. When above-ground symptoms like wilting, yellowing, or stunted
growth first become evident, a root system may be so severely damaged that the disease has already
become difficult to manage and control in a timely manner.

Root knot disease, which is caused by root-knot nematodes (RKNs) of the genus Meloidogyne, mainly
Meloidogyne incognita, is considered one of the most economical root diseases of mulberry among the
many types of root diseases. Root-knot nematodes penetrate into the root tissue and cause the
development of galls that compress the vascular system and lead to the inability of other parts of the
plant to carry water and nutrients. This ultimately results in a diminished production of silk cocoons
with a smaller size and less biomass of leaves fed by the silkworms, causing a direct economic loss for
sericulture farmers. Root knot disease is prioritized in this study over other root ailments because it is
widespread across sericulture-growing regions, difficult to diagnose early since the nematodes remain
hidden underground, and severe enough in its downstream impact to justify a dedicated, non-destructive,
image-based early-warning system built around the indirect leaf-level cues that it produces.

Conventionally, root knot disease has been diagnosed by uprooting plants and visually inspecting the
root system for characteristic galls, followed by laboratory confirmation through nematode
morphological identification, perineal pattern microscopy, or molecular techniques such as PCR and
rDNA-ITS sequencing. While these traditional approaches remain a reliable basis for species-level
confirmation, destructive to the plant, time-consuming, dependent on the availability of trained
nematologists, and unsuitable for continuous, large-scale, or real-time field monitoring, particularly in
the resource-constrained sericulture settings where early detection is most needed. These limitations
have motivated a shift toward machine learning and deep learning-based approaches that can classify
plant diseases directly from images, offering a faster and non-destructive alternative to conventional
diagnosis.

To suggest a hybrid CNN-ViT model to detect mulberry leaf Root knot disease and incorporate
explainable AI (XAI) to enhance the transparency and interpretability of the model. This method has the
advantage of improving the level of detection as well as the credibility of the system, thereby providing
a valid solution to monitoring plant diseases [1]. This paper presents HVAF-XAI-Net, a multimodal
explainable AI model that provides accurate detection of mulberry leaf Root knot disease.
This framework enhances the diagnostic's performance by integrating several Al methods, offering a
powerful solution for monitoring plant health with attention to interpretability [2]. To design a CNN
model that is lightweight and can be used to classify jute leaf Root knot disease in real time. Their model
includes a supervised and semi-supervised self-training model, which improves the speed and precision
of disease classification and is applicable in real-time in agricultural practices [3]. The survey aims to
perform an in-depth survey on explainable Al (XAI) in plant health monitoring. Their work shows the
issues and possibilities of applying XAl methods, and the importance of transparency in Al systems to
increase user trust and decision-making in agricultural contexts [26][4]. In this, a ResNet152 is employed
with the help of Grad-CAM to improve the diagnosis of corn leaf disease. Which is enhance the precision
of disease diagnosis and the understandability of the model, providing insights into the workings of the
Al system [5][6]. To present DELG Net, a two-stream cross-attention model to identify nutrient
deficiencies in mulberry leaves automatically. The framework has shown better results in terms of
finding nutrient deficiencies, indicating the opportunities of the advanced AI models to apply to
agriculture [27]. suggested the Mamba-YOLO-ML framework, a state-space model-based method of
detecting the disease in mulberry leaf. The technique combines the strengths of state-space modeling
with the YOLO framework, boosting the precision and reliability of the disease recognition of mulberry
leaves, and is applicable to real-world farming scenarios [3]. The model also has an enhanced
performance in that it addresses the differences in environmental conditions effectively [7].
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Agricultural disease detection has made some major breakthroughs with the use of AI models.
For example, came up with explainable hybrid knowledge-based and data-driven Al structures, which
help to improve the diagnosis of faults within cyber-physical systems. This can be employed in plant
disease detection in agriculture [10]. Also, to employ the use of data augmentation using DCGAN on
tomato leaf disease identification, thus making the system much stronger [11]. Further, to introduce a
model for identifying tomato leaves disease named LBFNet. This is a tomato leaf disease identification
model that uses a three-channel attention mechanism and quantitative pruning [12]. Moreover, to
combine the deep learning approach and GIS for car maintenance predictions. This can also play an
important role in automobile maintenance prediction in agriculture [13]. Furthermore, to apply a deep
neural network model to automatically detect the disease present on the fruits and leaves of a citrus tree.
This can help to show the versatility of deep learning in agriculture [14]. Finally, in this work, to enhance
tomato leaf disease identification with Inception V3 and two kinds of attention mechanisms [15].

To suggest a combination of CNNs using fusion and Grad-CAM to identify plant diseases reliably and
transparently. To take the best of several models and increase the reliability and interpretability of Al
systems deployed in monitoring plant health [8]. The higher quality monitoring of fruits through the
combination of non-destructive technologies and artificial intelligence. Their research seeks to improve
the quality assessment of fruits, and so it is a significant contribution to the sustainable and accurate
production of fruits [9]. YOLO-SDA, a new version of YOLOvV12, is an architecture that is presented in
this paper to classify peanut foliar diseases. This model is better than the old technique, which gives
better accuracy of detection and is a good technique to effectively control the disease in crops [28]. Here,
various researchers provide important contributions through various fields of Al with XAl to detect plant
diseases. To integrate the various models with Al deep learning models related to the various techniques,
such as Grad-CAM. It's for enhancing the various metrics through productive types of agricultural
practices [29][30].

Although various achievements have been made, the current Al-based plant disease detection systems
still have some drawbacks in the context of mulberry root knot disease. The first is most previous deep
learning research focused on superficial (visually observable) leaf disease rather than root diseases that
must be deduced from other indicators on the leaves, which has been previously missing with systemic
root distress detection. Second, many high-performing models are large and/or compute intensive,
making them impractical to deploy on the types of low-power, edge devices at the disposal of many
smallholder farmers. Third, many models are opaque black boxes and do not provide information about
how they make predictions, which reduces the confidence of agricultural stakeholders and also stifles
the use of models in practice-driven agricultural extension services. Finally, there are limited datasets of
mulberry root knot disease that are freely available and well-annotated, limiting the scope and
transferability of models that are trained for this particular purpose.

To resolve these issues, this paper introduces the EfficientMulberryNet-BO-GC framework, a
lightweight and interpretable deep-learning framework comprising a transfer-learned EfficientNet-B0
backbone and a Grad-CAM visualization for automatic mulberry root knot disease classification based
on mulberry leaf images. EfficientNet-BO is chosen as the backbone due to the compound scaling
strategy and the mobile inverted-bottleneck design, which provides a steep enough parameter growth
curve to achieve a good classification accuracy-to-computation ratio suitable for application on
resource-poor devices in the field. The backbone is pre-trained on ImageNet, fine-tuned on an extended
set of images of mulberry leaves from healthy and root-knot-infected plants, and Grad-CAM is overlaid
on these to show the regions of the leaf where the IT most influenced each prediction, creating a clear
and visually interpretable ground for farmers and agronomists to trust and act on the model's output.

Objective of the Study

e To develop a lightweight, transfer-learning-based EfficientNet-BO model capable of accurately
classifying mulberry leaves as healthy or affected by root knot disease using only leaf-level images.

e To integrate Grad-CAM visualization into the classification pipeline so that the leaf regions driving
each prediction are transparent and interpretable to end users.
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e To evaluate the proposed EfficientMulberryNet-B0-GC framework against existing state-of-the-art
models using standard performance metrics such as accuracy, precision, recall, F1-score, and AUC.

e To provide a scalable, real-time, and field-deployable solution for the early, non-destructive
detection of mulberry root knot disease in support of sustainable sericulture practices.

Key Contribution

o State-Space Model Integration: The article presents a new approach to integrating state-space
modelling and the YOLO structure, enhancing the quality and reliability of mulberry Root Knot
disease detection based on leaf symptoms.

e Enhanced Detection Performance: The framework improves the detection performance of the
model to identify mulberry leaf root knot diseases in different environmental conditions using the
state-space approach.

o Real-World Applicability: The Mamba-YOLO-ML model is created to be used in practical,
real-time applications in agriculture, and is a stable model that can be used in real-world
environments to monitor the health of plants.

e Model Robustness: The model is very robust to environmental noise and variation; it is guaranteed
to perform well even under complex and dynamic agricultural conditions.

This research report covers by the following sections, Section I explained about introduction about the
topic, Section II explained about the literature review included with research gap, Section III explained
about proposed Methodology followed by the overall architecture of proposed methodology, Working
Principle for Efficient BO based Framework, Automated Mulberry Root Disease classification based on
leaf symptoms using GRAD-CAM visualizations, Data flow diagram about proposed methodology and
proposed Algorithms. Section IV explained about results, and the discussion section consists of dataset
description, Software and Hardware details, Parameter initialization, Metric Evaluation of various
models, Performance comparison for the proposed model with various models, performance evaluation
of the proposed Model, ROC Curve Evaluation, Training Accuracy, Training loss, Ablation study
analysis. Section V presented the research's conclusion.

LITERATURE REVIEW

A range of recent studies has explored automated, image-based detection of root-knot nematode (RKN)
infestation across crops, spanning object-detection architectures, convolutional classifiers, and
non-imaging sensing techniques. The surveyed studies collectively demonstrate a strong shift toward
automated, Al-driven detection approaches, encompassing deep learning architectures such as YOLOVS,
YOLOvV7, YOLOvS8, CNN-based models including AlexNet, VGG16, EfficientNet V2-S, ResNet101,
and Swin Transformer, as well as hyperspectral remote sensing and traditional digital image analysis
methods. Species-level identification of root-knot nematodes is normally based on subtle differences in
the perineal pattern, the pattern of striae surrounding the vulva and anus of the adult female, and correct
species discrimination matters because different Meloidogyne species vary in host range and
pathogenicity; Khan et al. [16] automated this perineal-pattern-based species identification for six RKN
species using a YOLOvS model, while Das et al. [17] built a CNN framework on AlexNet and VGG16
to distinguish M. graminicola, M. incognita, and M. javanica from the same type of microscopic
imagery, reporting approximately 95% accuracy. Root knot severity in field crops is conventionally
graded from the visible extent of root galling caused by nematode feeding sites, and Zhao et al. [18]
proposed Root-YOLOvV7 to grade root-knot disease severity directly from gall imagery in cucumber
roots, attaining an AP@0.5 of 87.40%. Rangarajan et al. [19] extended nematode identification beyond
a single genus, applying EfficientNet V2-S and Swin Transformer V2-B to distinguish seven
plant-parasitic nematode genera, including root-knot nematodes, from turfgrass soil samples. Because
nematodes are too small to identify in the field with the naked eye, Singh et al. [20] developed a
lightweight, mobile-deployable CNN application that lets farmers identify nematodes on-site from
microscopic images without specialist assistance, reporting over 98% accuracy. Counting the egg and
juvenile life stages of Meloidogyne spp. in root and soil samples is a routine but labour-intensive step
used to estimate nematode population density and guide management decisions; Saikai et al. [21]
addressed this with the open-source SEGNEMA pipeline built on YOLOv8x, while Agarwal et al. [22]
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compared CNN, contour-based, and hybrid image-analysis pipelines for the same egg-counting task
relevant to screening plant germplasm for nematode resistance, with the hybrid approach reaching R? =
0.992 for M. incognita. In tomato, root-knot disease is assessed from the number of galls, egg masses,
and juveniles present on the root system: Pun et al. [23] compared YOLOV2 through YOLOv7 for this
gall-and-juvenile detection task, packaged the resulting model into a web-based decision support tool,
NemDST, to help growers interpret nematode counts and time interventions [24], and earlier introduced
digital image analysis methods, including a Skeleton Graph technique, to quantify root-knot galling
directly on tomato roots [28]. Reflecting the destructive and difficult-to-diagnose nature of
plant-parasitic nematode disease across crops, Pun et al. [25] reviewed 44 studies spanning
morphological, PCR/metabarcoding, hyperspectral, and deep-learning-based nematode identification
and management technologies. Root-knot infection affects root and canopy physiology before any
symptoms appear on the foliage, so Waghmare [26] employed a handheld spectroradiometer to monitor
the reflectance of the canopy over a range of 350—1600 nm to identify an early non-destructive indicator
of M. incognita in mungbean, while Zibrat et al. [27] employed hyperspectral imaging combined with
dimensionality-reduction techniques and an SVM classifier to detect an infestation of potato tubers with
the quarantine pathogen M. luci without cutting into them. All these studies suggest that machine
learning and computer vision have the potential to considerably replace the manual nematode
identification, which is a labor-intensive task, providing more accurate, efficient, and scalable root-knot
disease management in agricultural systems.

The EfficientMulberryNet-B0-GC framework proposed fills a missing gap in the literature, which
mostly deals with superficial leaf pathogens. Lightweight, interpretable frameworks to identify systemic
root distress using indirect foliar cues do not exist, particularly on edge devices limited by resources.
The study combines Grad-CAM visualization to obtain transparency, a varied dataset of mulberry leaves
data augmented to achieve better robustness, and transfer learning with EfficientNet-BO0 to achieve better
classification outcomes. The framework provides a realistic, real-time solution to plant health
monitoring in sericulture by addressing the issue of mulberry root knot diseases, enhancing the accuracy
of the diagnostic and interpretability of the model.

PROPOSED METHODOLOGY
Overall Architecture of Proposed Methodology

The proposed model architecture depicted through the diagram figure 1 below is one that seeks to
automate classification for mulberry root Knot diseases through the use of EfficientNet-B0 along with
Grad-CAM visualization. First, collect mulberry leaf image datasets representing the two classes,
namely, healthy leaves (Class 0), Root knot disease (Class 1). Image datasets are pre-processed through
scaling of dimensions to 224 x 224 pixels, rescaling of pixel values by dividing by 255, and, when
required, denoising the dataset. Datasets are further partitioned into training sets of 80%, validation sets
of 10%, and test datasets of 10%.

The EfficientNet-BO0 structure, which has been pre-trained on ImageNet through the application of the
transfer learning idea, serves as the model's central pillar. Both dropout (0.2), which serves to avoid
overfitting, and global average pooling, which reduces the size of the feature map, are crucial
components of this neural network. Both of these components are included in this neural network. One
thing to keep in mind is that this structure uses the fully linked layer and the softmax function to
categorize photos. To make the dataset bigger, to use data augmentation on the training data. This
involves techniques like flipping and rotating images. Then, the Grad-CAM method is used to show
which parts of the leaf images the model focuses on when making predictions. This helps us understand
how the model makes its decisions.
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Figure 1. Overall architecture diagram of the proposed methodology
Working Principle for Efficientnet-B0-Based Framework

EfficientNet-B0 serves as the base model in the EfficientNet family. EfficientNet-B0 has proved to be
highly successful in the task of image classification. The framework of EfficientNet-B0 incorporates a
method of scaling that allows for uniform scaling of dimensions as well as resolution in figure 2.

Mobile Inverted Bottleneck Convolution (MBConv) components serve as the foundation for the
EfficientNet-BO design, which also incorporates squeeze-and-excitation (SE) blocks. While
simultaneously reducing the total number of parameters, this design provides an efficient way to achieve
maximum precision. It includes depth-separable convolution to decrease computational complexity by
a factor of K. In which K represents the kernel size. Additionally, the architecture has inverted residual
blocks, which bring the total number of trainable parameters down to a lower level. EfficientNet-BO
scales depth, width, and resolution to ensure optimal model scaling. Compound scaling involves the
utilization of a compound coefficient denoted by b, which is stated by equation (1).

d=xy,w=pY,y =y €Y)

From the above equation (1) describes as x> 1, > 1 and y = 1 These are all as scaling factors. To
determine these values based on grid search and @ depends upon the model scaling.

The Swiss function is defined as equation (2) as follows,

fSWiSS(X) = m (2)

The last layer of the EfficientNet-BO design, represented by equation (2), is likewise accountable for
forecasting the final classification result using the features retrieved from the layers that came before it.
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Figure 2. Working principle for efficientnet-B0-Based framework
Fine-Tuned Efficientnet-B0 Model

In this part, the EfficientNet-B0O model that has been fine-tuned is presented. Importing the Keras library
was done in order to prepare the EfficientNet-B0 for training. It was necessary to train the network using
a total of 241 layers. Extraction of features was accomplished by utilizing the architecture's many layers.
Improved performance over the baseline EfficientNet-B0O model was achieved by modifying the final
three layers of the model to accommodate transfer learning. To make use of a convolutional window in
two dimensions.

Automated Mulberry Root Knot Disease Classification Based on Leaf Symptoms Using Grad-Cam
Visualization

Figure 3 shows the general outline of the improved Grad-CAM that uses Dropkey: To eliminate
superfluous signals and conceal a specific percentage of attention weights, the Dropkey algorithm adds
a Bernoulli noise layer to the attention score matrix. This reduces the risk of relying too much on a single
local piece of data for the neural network model. To get the weight coefficients, Dropkey does the
softmax operation along the attention score matrix's last dimension. The weights and averages of the
value vectors are calculated using these coefficients. Finally, the query is encoded and retrieved as a
weighted average. The text within the dashed box contains information about how Drop key’s Q, K, and
V parameters work.
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Figure 3. Automated mulberry root knot disease classification based on leaf symptoms using Grad-CAM
visualization

To lessen the dependence on specific neurons in Grad-CAM computation, the Dropkey attention
approach incorporates random binary masks. To be more specific, during the process of computing
weights for attention, a shape-matching binary random mask tensor is multiplied element-wise with the
attention. In addition, the attention weights on the masked positions are multiplied by a small undesirable
value, and the result is set to negative infinity. This reduces their impact on the final visual
interpretability results by making sure the attention weights at the disguised places are effectively zero
following the softmax process. To further enhance the generalizability of the results of visual
interpretation, the Dropkey approach also removes a fraction of the neurons at random. The utilization
of this approach allows Grad-CAM to become more effective in handling various input samples, which
in turn improves its performance in terms of generalization on the overall sample. A more thorough
reflection of the representation's focus on the mark feature regions is thus achieved in the produced
heatmaps. The Dropkey technique introduces accidental masks and neuron Dropout, which change the
distribution of attention weights, in contrast to Grad-CAM, which is improved with Dropout. Improved
stability and interpretability of heat maps are the results of increasing the attention weights'
unpredictability. In general, the upgraded Dropkey Grad-CAM is more stable and is able to generalize
better. This helps to better grasp how the model makes decisions and what attributes of the input picture
are emphasized in the model. As a consequence, the explanations of model predictions are made more
accurate, reliable, and interpretable.

Grad-CAM can be comprehensively explained through mathematical derivation. By differentiating the
output y° of category ¢ with respect to the feature map of the convolution layer, the gradient information

C
for each category in the image can be obtained as 9y / PYL where A* represents the Grad-CAM class

activation map. To apply backpropagation, use the gradient information from equation (4). Based on the
prediction result, the vector should be represented by

Y, y¢ and the score of the target class ¢, it can be obtained through the output of the connected layer in
the softmax network, depending upon the task.

1 ay°
[ —_—
% = ZZ Z 94, )
i
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Equation (3) describes the «f, It refers to the linearization coefficient in the later part of the neural
network model. It also represents the weight information of the feature map k for a specific class c,
where Z is the number of channels.

L¢ = ReLU (Z oc§ AK ) (4)

K

From the above equation (4) describes and detects the various combinations among the forward
conditions achieved through ReLu in activation functions. This heatmap should contain the size of the
convolution through the feature map obtained in the above equation (4).

GRAD-CAM uses the input data to calculate the output layer's feature map and the gradients for each
category. The gradients of all channels are averaged and weighted, and the positive weights from each
category are summed. These computations are then used to create a heat map. The heatmap shows the
weight for each pixel of the selected category. To create the heatmap, first add together all of the positive
weights from all of the channels.

Dataflow Diagram for Proposed Methodology

INPUT LEAF _ PRE - FEATURE
IMAGE " PROCESSING 7| EXTRACTION

\ 4

DATABASE TRAINING . NN
IMAGES —» IMAGES "| CLASSIFICATION

ABNORMAL NORMAL
DEFECT REGION
CLASSIFIED

Figure 4. Data flow diagram of proposed methodology

The flowchart figure 4 represents a framework for classifying leaf Root Knot diseases based on image
analysis. It begins with the input of a leaf image, followed by preprocessing steps. The preprocessing
stage is crucial for preparing the image for the next step, which involves feature extraction. Once features
are extracted, the system uses a neural network (NN) classification model to categorize the leaf as either
"normal" or "abnormal." If the leaf is classified as abnormal, the system further analyzes the defect
region and classifies it. Database images are used for training the system, ensuring that the model learns
to distinguish between normal and abnormal leaf conditions based on the features extracted from the
images.

Proposed Algorithm
Algorithm-1

Find the best threshold Ad for disease detection to achieve the highest select accuracy and coverage using
EfficientNet-B0O and Grad-CAM

1: function THRESHOLD_ESTIMATION (ytrue, ypred, P, B, model, image_data)
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2:

3:

9:

10:

11:

12:

13:

14:

15:

16:

17:

18:

19:

20:

21:

22:

23:

24

25:

26:

27:

28:

29:

30:

xincorrect « ytrue # ypred

pmax < max(P).

Apossible « unique(pmax|yincorrect]).
Abest « 0

SAbest « 0

SELbest < 0

for A € Apossible do

Select « Pmax
Reject <~ Pmax
Rejindex < (ytrue # ypred)[Rejindex]
n « count(Rejindex)
k < count(Rejindex, k,n,p)
prob < binom.cdf (k,n,p)
if prob < 1 — [then
SA « accuracy(ytrue[Select], ypred[Select]) .
SEL « count(Select)
end if
if (SA > SAbest) or (SA = SAbest and SEL > SELbest) then
Abest « A
SAbest <« SA
SELbest « SEL
end if
end for
for image in image_data do
prob_map < model.predict(image)
GradCAM <« generate_gradcam_map(model,image) .
overlay_gradcam(image, GradCAM)
end for

return Abest
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31: end function

The algorithm 1 focuses on determining the best value for threshold (Ad) that will optimize accuracy
(SA) and coverage (SEL) for disease detection using EfficientNet-B0 and Grad-CAM. This algorithm
first determines which predictions are wrong (line 2) and identifies possible thresholds based on
maximum predicted probabilities (lines 3-4). It then calculates the selected predictions' accuracy and
determines the number of selected predictions taking into account statistical significance (lines 14-17).
The algorithm determines the optimal threshold by maximizing accuracy and, in cases where there is a
tie between thresholds, chooses the one with more coverage (lines 19-23). With the optimal threshold
having been found, it uses Grad-CAM to identify Class Activation Maps for all the images in the dataset
(lines 25-29). The algorithm finally returns the threshold that has been identified (line 30).

Algorithm-2

Generate Grad-CAM Heatmap for Visualization

I: function generate_gradcam_map(model, image)

2:  conv_layer < get_last_convolutional_layer(model).

3:  withtf.GradientTape() as tape:

4: tape.watch(image)
5: prediction < model(image)
6: class_output < prediction [0, class index] .

7 grads < tape.gradient(class_output, conv_layer.output).

8 pooled grads « tf.reduce_mean(grads,axis = (0,1,2)) .

9:  heatmap <« tf.reduce_mean(conv_layer.output * pooled_grads,axis = —1I).
10:  heatmap <« tf.maximum(heatmap, )

11: heatmap < heatmap / tf.reduce_max(heatmap)

12:  return heatmap

13: end function

Algorithm 2 explained about generate gradcam map function creates a Grad-CAM heatmap for
visualizing the areas of an image that contribute the most to the model's prediction. It first identifies the
last convolutional layer in the model (line 2). Then, using TensorFlow's GradientTape, it tracks the
operations on the image (line 4), computes the model's prediction (line 5), and extracts the output
corresponding to the class of interest (line 6). The gradient of the class output with respect to the
convolutional layer's output is calculated (line 7), and the gradients are averaged across the spatial
dimensions (line 8). A heatmap is then generated by multiplying the averaged gradients with the
convolutional layer's output (line 9), followed by normalization to keep the values between 0 and 1 (lines
10-11). The function returns the normalized heatmap (line 12), which highlights the areas of the
duplicate that are most influential in the model's prediction.

Algorithm-3

Overlay Grad-CAM on Image
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I: function overlay_gradcam(image, GradCAM)
2:  image_with_heatmap < image + GradCAM
3: display(image_with_heatmap)

4: end function

The Algorithm 3 mentioned the function overlay gradcam displays the Grad-CAM heat map using an
overlaying technique in which the heat map is overlaid onto the original image. In this operation, the
heat map indicating the most important regions for the model's prediction is overlaid on the original
image (line 2). This results in the formation of a single image containing both the original image and the
areas that have the highest impact on the decision-making process. The final image is displayed as output
(line 3).

RESULTS AND DISCUSSION
Dataset Description

The mulberry root Knot disease database contains 2500 high-resolution images of leaves from mulberry
trees that display different symptoms of root diseases, such as Healthy, Fungal Root Rot, Bacterial Wilt,
and Root-Knot Nematode. Each image has a uniform resolution of 160x160 pixels. In order to ensure
an increase in the diversity of the database and improve the quality of the classification model, the
process of artificial oversampling of data and geometric/colored transformations like rotating, zooming,
and jittering is performed. As a result, the database becomes more versatile by simulating varied light
conditions in the field. This helps to enrich the database and make it more robust [24].

Software and Hardware Details

Table 1. Software and hardware details

Configuration Parameter Details

Software TensorFlow, Keras, Python 3.x
Libraries/Tools EfficientNet-B0, Grad-CAM, OpenCV
Operating System Ubuntu 20.04 LTS
Programming Language Python 3.x
Development Environment Jupyter Notebook, PyCharm
Hardware Intel i7 (8 cores, 3.0 GHz+)
Framework Keras for deep learning model, OpenCV for image processing
Storage 100 GB SSD

Table 1 describes the software and hardware setup for mulberry root knot disease classification is robust
and appropriate for carrying out deep learning operations. The software includes TensorFlow and Keras
for developing the model, where Python 3.x will be used as the programming language. In addition,
EfficientNet-B0O and Grad-CAM libraries will be used to develop the deep learning model and visualize
the results, respectively. Meanwhile, OpenCV will be used to process images before feeding them to the
deep learning algorithm. The operating system running the whole process is Ubuntu 20.04 LTS, which
is ideal for machine learning tasks. Moreover, the software development tools that will be used include
Jupyter Notebook and PyCharm. Regarding hardware, the machine contains an Intel 17 processor with
8 cores, 16GB RAM, and a NVIDIA GTX/RTX GPU with 8GB VRAM. There is also an SSD of 100
GB in size. Such specifications make the configuration capable of supporting the training of a deep
learning model.

Parameter Initialization
Table 2 shows that the goal of initializing parameters in the mulberry root disease classification model is

to improve how well it works with new data. All images are made the same size, 224x224, to keep
everything consistent. The data is divided into three parts: training, validation, and testing. The training
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and validation each get 80% of the data, and the testing gets 10%. During training, a value of 0.2 is used
for dropout to stop the model from learning too much from the training data, which helps it perform better.

Table 2. Parameter initialization

Parameter Value
Image Resolution 224 x 224 pixels
Training-Validation Split | 80:10:10(training: Validation: Testing)
Dropout Rate 0.2
Learning Rate 0.001
Epochs 20
Batch Size 32
Optimizer Adam
Loss Function Categorical Cross-Entropy
Activation Function Softmax
Model Architecture EfficientNet-BO
Pre-trained Weights ImageNet
Data Augmentation Rotation, Zoom, Jitter, Flip

The learning rate is set to 0.001, which is a standard choice. To train this model for 20 epochs with a
batch size of 32. Here, a multi-class classification problem is used with the Adam optimizer, which is
used to update the weights. Here, the data augmentation technique is used, such as zoom jittering and
flipping, to increase the data variety, which helps in analysing the model to generalize better for new
and unseen data.

Sample Images of Mulberry Root Knot Disease Classification Based on Leaf Symptoms

A. Stunted growth; B. Yellowing and marginal necrosis; C. Root-knots

Figure 5. Mulberry root disease classification based on leaf symptoms

The figure 5 above demonstrates three varying states of mulberry plants that exhibit varying disease
symptoms. Figure 5A depicts a healthy mulberry plant characterized by rich green coloration of the
leaves with no indication of any disease. Figure 5B demonstrates a diseased mulberry plant suffering
from symptoms such as yellowed and marginally necrotic leaves, indicating an infection due to fungi or
bacteria that may be caused by root-knot nematodes or wilts. Figure 5C shows the roots of a diseased
mulberry plant that exhibits damage due to root-knot nematode disease. This visual illustration plays an
important role in understanding the impact of root-borne diseases on mulberry plants that is fundamental
in managing the disease [25].
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Sample Images-Input Images

Figure 6. Sample input images

Sample Images-Output Images

Label: 1 | Pred: 0.96 Label: 1 | Pred: 0.92 Label: 1 | Pred: 0.91

Figure 7. Sample output images

The following figure 6 and figure 7 are used to provide a comparison between the input and output
results in mulberry root knot disease classification. First, the Sample Input Images consist of various
leaf states, including healthy and disease-infected leaves with varying symptoms. The Sample Input
Images are then used by the model to classify the various diseases through analysing their leaf symptoms.
On the other hand, the Sample Output Images are used to represent the various Grad-CAM
visualizations. In this case, the Grad-CAM visualizations have been applied to each image of the leaves,
with heat maps being overlaid in the areas where the model paid particular attention during the
classification process. The Label column contains the actual leaf class, while the Pred column represents
the confidence score prediction of the model.

Metric Evaluation of Various Models

Various evaluation metrics were used to measure the performance of the developed model with respect
to the model's performance, including area under the curve (AUC), recall (R), accuracy (ACC), and
precision (P). The percentage of correctly detected images to the total number of photographs is called
"accuracy". It showed the effectiveness of the classification system for the identification of leaf Root
Knot diseases. When a disease-infected leaf is correctly classified as infected, it is a true positive (TP).
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A false positive (FP) is when a healthy leaf is mistaken for having the disease, and a false negative (FN)
is when the patient has no disease. Between equations 5, 6 and 7, 8 are several measures of performance
defined.

Accuracy(A) =TP+TN/TP+ TN + FP + FN (5)

Precision(P) = TP/TP + FP (6)

Recall(R) = TP/(TP +FN) @)

FiScore(FI) = 2 * Recall * M + Precision (€))]
Recall

Performance Comparison for the Proposed Model with the Various Models

Performance comparison with Proposed Model vs various model
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Figure 8. Performance comparison with the proposed model Vs various model

Figure 8 shows the performance analysis of the proposed model as compared to other models, including
DenseNet121, MobileNet, MobileNetV3, Xception, and VGG19 in terms of different criteria, including
A, P, R, F1, and AUC (Area Under Curve). It can be seen from figure 8 that the proposed model
outperformed all the models under comparison with significant improvement in terms of all the criteria
used. Particularly, the proposed model scored 94% in terms of accuracy, which is equal to previous
models. So, maintain the same accuracy in this research. In addition, the proposed model obtained the
maximum performance in terms of P, R, F1, and AUC as well, scoring 95% in each of the mentioned
criteria. Hence, it can be concluded that the proposed model outperformed other models in terms of
classification accuracy and positive cases identification. It was also noted that compared to the other
models like VGG19 and Xception, the proposed model excels in performance [31].

Performance Evaluation of Proposed Model

The performance evaluation plot figure 9, shows the outcome of several performance evaluation criteria
applied to a specific model. All these criteria including A, P, R, F1, and AUC, have been scored. It can
be seen from the graph that performance is outstanding for each of the measures. The maximum score
is that of AUC, which is 0.99; hence, indicating an excellent ability of the model to discriminate. On the
other hand, P, R, and F1 are all equal at 0.95; therefore, suggesting a balanced capacity by the model to
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detect both positive and negative classes. Accuracy, too, is relatively high at 0.94, implying that the
model makes correct predictions for most cases.

Performance Evaluation
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Figure 9. Performance evaluation of the proposed methodology
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Figure 10. ROC curve evaluation

It is possible to observe the trade-offs between the True Positive Rate (TPR) and the False Positive Rate
(FPR) in the ROC graph that is presented below in figure 10. This ROC curve graph offers a graphical
depiction of the model's capacity to differentiate between different types of data. Given that the Area
Under the Curve (AUC) is 0.9875, it can be concluded that the model has given satisfactory results.
Followed by AUC, which indicates the model has a positive value should be positive.

Training Accuracy

The accuracy plot figure 11 gives the training accuracy of the model during the 20 epochs. The above
plot demonstrates an increasing accuracy trend as the number of epochs advances, with the model
steadily improving. The accuracy starts at about 0.55 at the start of the training and ends up being about
0.80 at the 20th epoch. This plot shows that the model is improving, and this is demonstrated by its
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accuracy trend. The significant jumps at some specific epochs could show fast learning at that point,
while the gradual increments could indicate progressive learning.

Accuracy Curve
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The loss graph shows the training loss for the model for 20 epochs. The loss falls gradually from about
0.9 at the beginning of the training process to 0.4 in the 20th epoch in figure 12. It means that the model
becomes better at prediction, and the loss is getting lower, which is a sign of reducing the error. In the
first few epochs, there is a steep decrease in the graph, meaning that the model is experiencing good
learning. After that, there is a steady decrease in the graph; however, some fluctuations can be noticed
during specific epochs. Nevertheless, the general trend of the graph remains decreasing, indicating
convergence of the model.

Ablation Study Analysis

The performance of four model variants—Full Model, Eff + Res, Res Only, and Eff Only—is compared
in the ablation research figure 13, using four measures: Accuracy, Precision, Recall, and F1 Score. The
models reflect their configurations. Within each of the four criteria, the Full Model beats competing
models, with a particular emphasis on its superior performance in the areas of Recall and F1 Score.
According to this, it appears that the model achieves the best possible equilibrium when it takes into
account both the positive and negative classes in its forecast. The Eff + Res Model performs slightly
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worse than the Full Model and is comparable with other models in all measures except Recall, where it
outperforms the remaining models.
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Figure 13. Ablation study comparison

This can be attributed to the fact that the combination of both Eff and Res contributes to its good
performance. Conversely, when contrasted with other model variants, the Res Only model performs
poorly across the board, especially in terms of Accuracy, Precision, and F1 Score. In light of this, it
appears that concentrating solely on Resolution is not an adequate method for reaching the highest
possible level of model performance. Eff Only Model performs better than Res Only Model, but it fails
miserably when it comes to Precision and F1 Score, suggesting that efficiency isn't enough to get optimal
results.

CONCLUSION

The EfficientMulberryNet-BO-GC is a novel artificial intelligence (Al) model for the automated
diagnosis of mulberry root knot illness using symptoms observed on the leaves. It is proposed in this
work. In order to make the model more accurate and easier to understand, this updated version makes
use of EfficientNet-BO and Grad-CAM visualization. The EfficientMulberryNet-BO-GC achieved
higher performance than all other competing models: 94% accuracy, 95% precision, 95% recall, 95%
F1 score, and 99% area under the curve. The results obtained from the present model show its
effectiveness in detecting root knot disease of mulberry in the agricultural environment. Using Grad-
CAM visualization for the model can improve the interpretability of the model as well as understanding
the model's decision-making process. The further study can be based on the existing data set of mulberry
leaves, which is small, and make it larger and more effective to build models. Additionally, it will be
fascinating to investigate how other pre-trained Al models can be incorporated to increase the accuracy
of disease classification. Besides, the Al model developed in this study can be applied in the smart
farming system to automatically detect leaf root knot disease in mulberry orchards.
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