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Abstract

This article is coined for investigating the Village Plant dataset. Many researchers worldwide, carrying out their research in the domain
of agriculture, are dependent on this open source dataset. A plant is vulnerable to several infirmities during its period of growth.
Detection of the plant’s ill health and monitoring the environmental parameters is the most challenging task in agriculture. Plant disease
epidemic may have a significant effect on crop production, reducing the country’s wealth. Early diagnosis of the occurrence of ill health
in plants and the remedies are feasible using Artificial Intelligence (AI). Currently, methods like Deep Learning (DL) algorithms, ma-
chine vision techniques, and robotics play an important role in monitoring plant diseases and the growth status. This dataset contains
multi-fold in-information about the plants. They include the normal and diseased images of plants like Bell Pepper, Tomato, Cucumber,
and Potato. An Internet of Things (IoT) based plant data collection and integration system will provide data for this research, which op-
timizes the feature set through Ant Colony Optimization (ACO) for improving prediction in feature selection using deep learning models
like DenseNet, ResNet 50, VGG 19, and Long Short-Term Memory (LSTM) networks, which in turn enhances plant productivity with
advances in Al-driven agricultural diagnostics for plant stress prediction.

Keywords: Plant Stress; Village Plant Dataset; Internet of Things,; Ant Colony Optimization; Densenet; Resnet 50; VGG 19 and Long Short-Term
Memory Networks.

1. Introduction

A considerable section of the people in every country, particularly in the countryside, relies chiefly on agriculture as a source of revenue
[1]. Plant ill-health is the prime factor that hinders plant growth. Because of this obstacle, crop yield and quality appreciably decrease,
making an important contribution to crop cultivation. Consequently, early diagnosis and remedy for the plant’s ill-health can conserve
the entire crop. Agriculture has become more versatile and specific over the ancient times, with an attention on escalating the crop yield,
improving the efficacy, and avoiding ecological outbreak. Universally, all the nations in the world create an enormous variety of crops
based on their environment. These crops are then exported to different countries as per their demands. Therefore, it is essential to pro-
duce crops with the highest possible yield. Leaf, stem, root, and fruit are the most probable parts of the plant that are prone to diseases
and multiply through them. The indications, reasons, and features for a particular plant disease are varied, including the atmospheric
conditions based on the weather and locality. Nearly 20% to 40% of the world’s crops are damaged due to the plant’s ill-health, which is
left unmonitored [2]. The main factor to be taken care of is to reduce the spread rate of the illness, to maximize the yield, which in turn
increases the requirement of food for the nation's growing population. Hence, the most significant issue is that early plant disease detec-
tion and prevention of diseases can save the crop yield.

It is noted that the agriculturalists in the underdeveloped nations used a vision-based manual approach for plant disease identification [2],
which is a delayed approach, and meanwhile, it was not possible to save the lives of the plants. Pathogens, like fungi, bacteria, viruses,
protozoa, parasites, and insects, are the major disease-causing agents in plants. The growth of these organisms is favoured due to impul-
sive weather changes [3]. To increase the speed of the system, automated methods have been introduced to quickly and exactly recognize
and analyse the plant diseases. But this is tremendously hard, expensive, and inaccurate. Methods like image processing and machine
vision approaches are used for the detection and categorization of a plant’s ill-health so that the crop productivity is increased. In the
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earlier period, analysis is carried out using image processing and deep learning algorithms on a variety of plants. Initially, the study em-
phasizes collecting and integrating the plant data leveraging the Internet of Things (IoT).

2. Background

Deep Learning, a subset of artificial intelligence (AI), has made an unprecedented transformation in agriculture by providing tools for
automated image analysis. One of the most popular deep learning architectures used for image classification and disease detection is
Convolutional Neural Networks (CNNs). CNNs are very useful for automatically learning hierarchical features from images, which
makes them well-suited for imaging [6]-[8]. Given the numerous CNN models that exist, VGG 19, ResNet 50, and DenseNet are some
of the most promising in detecting cancer. VGG 19 is a deeper model and is able to capture finer details quickly, but it may be computa-
tionally expensive. ResNet 50 uses well-known residual connections to address the vanishing gradient problem and improve the training
of deeper networks, resulting in better performance on feature extraction and classification. Dense connectivity improves feature reuse
and gradient flow, thus increasing image classification accuracy. All the researchers have demonstrated a remarkable ability to enhance
the diagnostic performance for plant disease detection, but many issues still need to be solved, and the barriers that are related mainly to
overfitting or computational complexity must be overcome [9], [10].

The Ant Colony Optimization (ACO) method is a metaheuristic algorithm with which the foraging behaviour of ants has been simulated.
Feature selection in machine learning is a type of optimization problem where ACO has been successfully applied. To reduce data di-
mensionality, improve model performance, and minimize computational expenses, feature selection is one of the significant steps. The
ACO aims to mimic how ants search for the shortest path between food sources and their nests while automating which features are most
important in a dataset [11]-[13]. This feature selection algorithm works the best when one weights and rates features appropriately, then
ants also converge on a better subset of pheromones considering such feature factorization. Several previous studies have shown the utili-
ty of ACO in improving machine learning models in different applications, including some related to agriculture. ACO is proposed to
optimize the selection of features from the leaf images, so that there is a potential impact on enhancing feature selection approaches for
more accurate classification models with high performance [14], [15].

Combining ACO and deep learning models provides a promising path toward improving model performance, more specifically in plant
disease detection. Some earlier researchers have investigated the synergy of ACO and deep learning frameworks since they can provide
better outcomes than using a single approach. ACO improves the selection of features through which the relevant attributes from com-
plex data sets are selected, and these are sent to deep learning models for training as well as prediction. By integrating dotted lesions into
the dataset (label), these networks increase accuracy in detecting subtle patterns of diseases from the leaf surface. The features of the leaf
images are optimized by ACO in VGG 19, ResNet50, and DenseNet at the feature level to improve their performance on plant disease
detection. Many studies have shown that improving diagnostic accuracy and reducing the risk of overfitting this approach was beneficial
by improving model generalization capabilities[16], [17].

LSTM (Long Short-Term Memory) networks are a class of RNNs designed to recognize sequential data from hyperspectral images.
Since LSTMs can capture dependencies across time and have a powerful ability to predict sequence outcomes, they help model plant
diseases based on the history of the open-source datasets. LSTMs are a valuable addition to deep learning models, providing another
perspective when interpreting hyperspectral data, such as the leaf colour variation, pesticide treatment history, and its response[18]-[20].
Combining CNN models with LSTMs allows a holistic analysis of the convolutional features learned from imaging and analysis of hy-
perspectral patterns on a large scale. This combination of data sources significantly improves the diagnostic accuracy globally and pro-
vides complete information about the plant health status. There has been much research on the efficiency of using LSTMs for agricultural
applications, including plant disease detection, which has been shown to increase prediction and classification performances.

Although new techniques of integrating ACO, deep learning, and LSTM networks for plant disease diagnosis have been beneficial in
yielding better results, the current state-of-the-art research has several gaps. Although integrating these techniques has shown more excel-
lent diagnostic as well as methodological accuracy, challenges remain with respect to how best they can be applied [21], [22]. Failures
related to problems such as feature selection, model complexity balancing, and integration of different data sources should be systemati-
cally analyzed. Furthermore, more inclusive studies to investigate integrated approaches for different types and stages of plant diseases
are also required. Frequent research in this area will help to fill these gaps, and the results can provide potential pathways for integrating
swarm intelligence with deep learning for more qualitative diagnostics for plant disease detection.

3. Data Collection and Fusion of Plant Diseases Based on IoT

The swift evolution of IoT technology offers robust backing for achieving this objective. An effective and real-time system for collecting
and integrating plant-related data can be established by amalgamating diverse sensors, intelligent devices, and data processing systems.
This system enables comprehensive monitoring and analysis of plant disease and plant growth-related conditions. The IoT-based plant
data collection and integration system primarily comprises three components: the perception layer, network layer, and application layer.
The IoT architecture is depicted in Figure 1. The perception layer primarily gathers pertinent data of the [oT system, employing various
data acquisition and sensing technologies to facilitate dynamic connectivity and information gathering. The network layer is mainly a
variety of communication systems, which is the key part of the [oT and provides a more efficient communication protocol to realize the
IoT. The application layer is mainly the interface between the IoT and users. It can obtain corresponding data according to different pro-
cesses, classify, screen, and process the data according to the need, and finally present the results to users. The realization of this part
mainly depends on various databases and professional software.

The hardware components within the perception layer serve as the foundational elements of the system, encompassing a range of sensors
and intelligent devices. The wearable devices related to plant stress are a temperature sensor, a moisture sensor, a pH sensor, a light in-
tensity sensor, and a leaf sensor to gather real-time data on the plant stress and plant diseases. Additionally, vision sensors can be in-
stalled to monitor the plant disease conditions. In the network layer, the data transmission module conveys the data collected by the
hardware layer to the data processing module. This is typically accomplished through low-power wide-area network technologies (e.g.,
LoRa, NB-IoT) or wireless communication technologies like Wi-Fi and Bluetooth. The data processing module is the heart of the system,
responsible for receiving, cleaning, storing, and analyzing the data originating from the hardware layer. The data cleaning process in-
cludes removing invalid data and correcting erroneous data to ensure the accuracy and consistency of the data. Data storage relies on a
high-performance database system for fast data retrieval and analysis. Data analysis involves advanced mining and machine learning
technologies to extract valuable information and insights. The application layer is the interface between the system and users, including
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data visualization tools, data analysis report generation tools, training guidance systems, etc. Through the application layer, the coaching
team can intuitively check the real-time data, historical data, and data analysis results of players to formulate more scientific training
plans and tactical strategies.

Data mining technology in the IoT system mainly depends on four basic technologies: database, Al, mathematical statistics, and visuali-
zation. The algorithm input of data mining technology is a database, the algorithm output is knowledge or pattern extraction and discov-
ery, and the algorithm processing is the concrete design of the search method. The description or explanation of algorithm design is
mainly divided into input, output, and processing. Data mining algorithm mainly involves three aspects: mining objects, mining tasks,
and mining methods.

The methodologies employed in data mining technology can be categorized into four groups: statistical methods, machine learning ap-
proaches, neural network techniques, and database methods. Statistical methods can be further subdivided into regression analysis and
discriminant analysis. Data mining technology encompasses many targets, including relational, spatial, and text databases. Neural net-
work techniques can be classified as feedforward or self-organizing neural networks. Machine learning within data mining technology
primarily refers to the genetic algorithm. Data mining technology primarily relies on multidimensional data analysis. Data mining is a
lengthy process with specific steps, primarily from knowledge discovery. Its primary characteristic lies in its ability to extract, transform,
analyze, and model large datasets, thereby isolating key data.
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Fig. 1: Pictorial Representation of [oT Architecture.

For healthy potato plants, a typical chlorophyll level is often measured using a SPAD meter, with readings considered optimal between
35 to 45 SPAD units, which correlates closely with a good nitrogen status in the leaves, indicating that a healthy potato plant will have a
relatively high chlorophyll content due to its dependence on nitrogen for chlorophyll synthesis; however, the exact values can vary based
on potato variety and growing conditions.

The leaf images of the potato plant for healthy condition, Early blight, and Late blight diseases, with the corresponding variation in chlo-
rophyll content pertaining to three stages (Low Level-LL, Medium Level-ML, and High Level-HL), are taken from the kaggle database
and listed in Tables 1,2, and 3.

Table 1: Various Stages of Healthy Potato Plants from the Kaggle database

S. No Name of the Plant Image of the leaves Chlorophyll Status
1. Potato Low Level (LL) Non-diseased/healthy
2. Potato Low Level (LL) Non-diseased/healthy

Table 2: Various Stages of Late Blight in Potato Plants from Kaggle Database
S. No Name of the Plant Image of the leaves Chlorophyll Status

R

1. Potato Low Level (LL) Diseased/Late Blight
2. Potato Low Level (LL) Diseased/Late Blight
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Table 3: Various Stages of Early Blight in Potato Plants from Kaggle Database

S. No Name of the Plant Image of the leaves Chlorophyll Status
1. Potato Low Level (LL) Diseased/Early Blight
2. Potato Low Level (LL) Diseased/Early Blight

4. Materials and Methods

4.1. Deep Learning Models

In this research, deep learning models are central to the task of diagnosing plant disease, mainly through the analysis of plant stress and
plant diseases. The primary models employed include Convolutional Neural Networks (CNNs), such as ResNet 50, DenseNet, and VGG
19, alongside Long Short-Term Memory (LSTM) networks, which are used for analysing sequential data, including the plant disease data
and its history. Each of these models brings unique strengths to the research, enabling precise and robust predictions that significantly
contribute to early diagnosis and effective treatment planning.

The CNN models worked well on the leaf images from the Kaggle data set (https://www.kaggle.com/datasets/emmarex/plantdisease)
gathered from online sources. The images, which portray different plant diseases, are employed to teach the CNN models for determining
if the illness is deficient and the corresponding stage. Like backpropagation, CNNs are designed to automatically and adaptively learn
spatial hierarchies of features through the process called convolution. Types of Layers in CNN: The initial layers are the Convolutional
layer, the Pooling Layer, and the Fully connected layers. The convolutional layers apply a set of filters to the input image to create fea-
ture maps, which learn various features such as edges, textures, and essential details in an image. The feature maps are then downsam-
pled using pooling layers that reduce the spatial dimensions but keep only the necessary information. The last layers are fully connected,
meaning they deal with feature maps and classify the image into one of several labels.

ResNet 50 is one of the principal architectures in this research. It is designed to allow intense networks from the train and not suffer from
vanishing gradients associated with deeply placed weights in a backpropagation algorithm. The major innovation in ResNet 50 is the
introduction of residual blocks, which permits fitting for adding identified with input and fitting out of unrestricted functions. Mathemat-
ically, the expression of the function is given in Equation 1.

y = F(x,{Wi}) +x Q)

Where x is the input to the residual block, F(x,{Wi}) denotes the item to be learnt as residual mapping, and y represents the output.
Where the output x of one or more layers is directly added back to it, together with a special skip connection called an identity function,
which retains information from the previous layer and enables easy training thanks to Backward Propagation, ensuring that gradients
remain intact, the deep architecture of ResNet 50 in this research works well to capture complex patterns available on the images and
helps identify the affected regions accurately.

Another model used in this research is DenseNet, which connects each layer using a feed-forward method for the vanishing gradient
problem. Unlike those above architectures, which only take the last output as input, each layer in a DenseNet will get its feed-forward
from all layers before it and provide features to all subsequent layers. Symbolically, this dense connectivity pattern is written as in
Equation 2.

xf = HE([x0,x1, ...,xf — 1]) ()

In the above definitions, x{ are layer 1¢" outputs, and H{ denotes a series of operations that resembles batch normalization followed by
ReLU before convolution, etc., while [Xo, X1..., XxI-1)] is carrying concatenation over feature maps from layers 0 to £—1. This rich inter-
connectivity not only facilitates the passage of information and gradients throughout the network but also results in more effective use of
parameters. Therefore, DenseNet has the potential for high accuracy with fewer parameters, which is well-suited for deployment tasks
such as image analysis (the precise structures on images are essential due to differential diagnosis).

Another CNN model, VGG 19 (a variant of the network), is used in this research. VGG 19 — simple and consequently more effective,
this network has only tiny (3x3) convolutional filters with depths increasing further in the early sections of its architecture. With a
straightforward architecture of VGG (each convolution layer followed by ReLU and max-pooling), it excels at acquiring high-level fea-
tures in images. The final Convolutional Layer output is flattened and runs through several Fully Connected layers before classifying the
input. When dealing with leaf images, subtle changes in the texture of tissue or border characteristics can be very important to discrimi-
nate different stages of plant diseases, so having longer deep models like VGG 19 helps us extract better representation from our input
data.

This research uses CNNs as well as Long Short-Term Memory (LSTM) networks to process sequential data like health history records.
LSTMs are an RNN model trained to learn sequence dependencies. The LSTM network is the heart of this algorithm, called the memory
cell, which allows the recording of information across multiple periods. LSTM uses gates (input gate, forget gate, and output gate) to
control the information flow into and out of a memory cell, enabling the network to remember or discard previous states. The equations
for each of these gates are represented in Equations 3-7.

ft = o(Wf - [ht — 1,xt] + bf) (3)


https://www.kaggle.com/datasets/emmarex/plantdisease

International Journal of Basic and Applied Sciences 331

it = o(Wi - [ht — 1, xt] + bi) 4)

ot = o(Wo - [ht — 1,xt] + bo) (5)
Ct = ftx Ct — 1 + it * tanh(WC - [ht — 1,xt] + bC) (6)
ht = ot * tanh(Ct) @)

In Equation 6, ‘ft” represents the forget gate, input gate, and output gates, respectively, where itis the cell state and ht is LSTM's hidden
states at step, respectively, with o(t) denoting the sigmoid function and tanh(x ) representing the hyperbolic tangent. These gates allow
the LSTM to learn which bits of information. By joining the LSM model with the CNN models, they make use of both spatial feature
extractions provided by a multi-channel convolutional layer and temporal predictions accomplished via long-term, short-term memory
networks, generating better data analysis.

These deep learning models are then integrated with an Ant Colony Optimization (ACO) based feature selection technique to improve
their diagnostic and prognostic accuracy of plant disease. This ensures that deep learning models' predictive capacity, which is enhanced
as they avoid being confused by redundant and irrelevant images and agricultural records.

4.2. Ant Colony Optimization

This study uses a heuristic algorithm known as Ant Colony Optimization (ACO) to solve this feature selection optimization in image
analysis, including agricultural history records. Within this framework, ACO is utilized to improve the performance of deep learning
models by feature selection, further refining diagnosis and prognosis accuracy for the specific disease type, such as plant disease in our
study.

ACO is based on the actual ant colony foraging behavior, where ants find a path between their colony and food linearly by leaving traces
(pheromones) from which others can follow. The goal is to find a subset of the features that best balances between model complexity and
predictive accuracy.

It starts with the feature extraction from plant images using deep learning models such as ResNet 50, DenseNet, etc. These are features
such as patterns, textures, and other image characteristics that the ACO algorithm takes as input. Attributes present in the images are also
extracted and introduced into the ACO procedure.

In ACO, the solution space (for this problem in terms of possibilities of different feature subsets) is explored by a set of artificial ants.
This one shows an ant as the potential candidate solution that is possibly selected as a feature. Where the probability pi* of an ant ‘k’ to
move from the node ‘I’ (a particular feature) towards the j™ one is regulated by a pheromone trail tij and heuristic information n; ex-
pressed in Equation 8.

Kk _  [tl*mgl®
P = SN g P ®

Where 1jj is the intensity of pheromone on the path from feature ‘I’ to ‘j* and n; is heuristic information, often related to the importance
or relevance degree that a given characteristic has in the classification task. The importance of the pheromone over that of heuristic in-
formation is determined by parameters a and f3, respectively.

While ants test various feature subsets, they rank them according to how well these would perform in the classification of CT scan imag-
es or disease progression prediction by training the deep models on images and studying their generalization capabilities. The accuracy of
these models is used in updating pheromone trails. Pheromone update rule denoted in Equation 9.

Tij «— (1 - p) . Ti]' + Z?:l ATi]’k (9)

Where the p is called as evaporation, which helps to prevent a rapid convergence of algorithm on a suboptimal solution by decreasing
pheromone intensity with every time, this is denoted by Ati*, which indicates the total pheromone deposited on that particular path be-
tween feature ‘i' and ‘j° of ant kg, which is dependent with respect to performance(accuracy) achieved through the Deep Learning model
trained upon the subset selected.

ACO progressively updates the selection of features by exploring new paths (feature subsets) and updating pheromone deposits based on
the path quality scores achieved. The algorithm repeats this process until it reaches an optimal feature subset that can best predict the
deep learning models.

The best feature subset identified by ACO in this research is then applied to the CNN model (ResNet 50, DenseNet, VGG 19) for plant
image analysis and LSTM for analysis. ACO dramatically improves the performance of these models by emphasizing only the most per-
tinent features, resulting in a better understanding of plant disease stages from the images and more science-based predictions for disease
progression.

4.3. Preprocessing of The Dataset

Dataset preprocessing is an essential factor in this research, through which clean and standard input data are provided to the deep learn-
ing models for accurate diagnosis and prognosis of plant diseases. The datasets used in this work include leaf images from different stag-
es, detailed as normal/non-diseased and diseased/infected leaves with sign indicators, lab results, and background information. The image
data and textual records both have to go through multiple preprocessing steps in order for them to be effectively trained on and analyzed
by deep learning models.

The raw data are gathered from online resources and present different resolution levels as well as contrast/noise. Many preprocessing
steps are applied to standardize these images. Initially, all images are resized to a specific size because of the entering proportions for
Convolutional Neural Networks (CNNs) like ResNet 50, DenseNet, and VGG19. This is an essential step because CNNs require that the
input images be a fixed size being passed to it. The images are usually rescaled to 224x224 pixels, which is a standard input size for
many deep-learning models.
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After that, a couple of contrast enhancement techniques are applied to enhance the visibility of important structures in the images (like
boundaries or abnormal changes in leaf colour). There are various techniques for improving contrast in an image, and histogram equali-
zation is one method of doing so. It spreads the intensities of the pixels across different levels, thus accentuating features otherwise diffi-
cult to see. Even in imaging the plant-related data, it is essential to consider slight variations of colour changes on the surface of the leaf,
as they can imply the presence of disease.

Another crucial preprocessing step is noise reduction since the plant images captured are highly prone to presenting noise that can blur
out significant visual information. The images are then generally smoothed using different filters, like Gaussian or median filtering, to
remove the noise. This step is to identify those artefacts to minimize the interference with the learning process of relevant features from
images.

After enhancement and denoising of the images, they are normalized. This step is crucial because it helps to standardize the pixel intensi-
ty values at a higher level of 0 and n-1 (generally between 0-255), which eventually leads to more stable deep learning models. This
ensures that the input features are on a similar scale, which, in turn, can help speed up the convergence of our model during training.
Also, the plant disease data, along with the indicators, lab results, and the previous plant-related data, are cleared up to be input within a
Long Short-Term Memory (LSTM) network. Several steps should be performed in order for these textual and numerical files to act as
input and pre-processing.

Missing values are often present in data, so first of all, we clean the data to manage these missing values. It uses several imputation tech-
niques, which depend on the mechanism of missing data. Then, the mean of the data is used to fill in missing numerical values, and the
most frequent value among categories for categorical data, or a 0/1 Placeholder Value. This step ensures that the data needed for a com-
plete dataset has been satisfied and that the LSTM network can be trained on all relevant plant information. Then, the categories in plant
diseases are converted into numeric shapes via one-hot encoding, such as being or not having a particular symptom. This is required be-
cause deep learning models are based on numerical data, and converting the categorical data into such a format helps provide an efficient
way to represent the variable.

Also, the numerical data in a record is brought on feature scaling and normalised in a range similar to the image data, the numerical val-
ues. This is of particular importance in the context of LSTMs because it will prevent any one feature from having a higher weighted sum
than others just because they have larger values; therefore, each feature (assuming same-scale numerical data) becomes equally relevant
to model prediction.

Finally, structuring the data in a temporal sequence allows the retrieval of the sequential nature of plant data. Some information is time-
dependent, such as lab results or symptoms evolving. It requires pre-postprocessing of the data to frame it over time and map dependen-
cies for an LSTM sequence network, which is essential in predicting the disease progression as well as the outcome.

5. Results and Discussion

All models were trained and rigorously tested to objectively evaluate their accuracy at predicting plant disease from images of the leaves
and the relevant information. The results are shown in Figure 2. After evaluation, ACO+LSTM with DenseNet was the most accurate
among all, obtaining an accuracy of 97.876%. The high precision may be explained by the advantage of DenseNet over the residual net-
work to capture detailed features in leaf images and its further optimization through ACO, as well as complementary analysis from plant
history with LSTM, which leads to identifying the plant diseases. The ResNet 50 model paired with LSTM and optimized using ACO
also resulted in a vital accuracy of 95.6%. While DenseNet -Agro achieved the best result among all others, ResNet 50 has yet to be
shown to be a powerful feature extractor and obtained almost similar performance as its counterpart.

The VGG 19 model, which was equipped with ACO and LSTM, achieved an accuracy of 90.23%. Even though VGG 19 is very good, it
provides evidence that the model might only be able to capture some aspects of variance in data, as well as DenseNet and ResNet 50.
These results together provide pieces of evidence that the DenseNet model performs better in all cases than other models and is, therefore,
the best option for predicting the various stages of plant diseases.

Model Performance
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Fig.2: Accuracy of Each Model.

The performance score shown in Figure 3 and Table 5 compares three deep learning models (DenseNet, ResNet 50, and VGG19) with
Ant Colony Optimization and the Long Short-Term Memory network in terms of predicting plant leaf diseases, along with the plant
growth parameter records. The DenseNet model, achieving a precision and recall of 0.98, exhibits a balanced and highly accurate per-
formance, as reflected in its F1-score of 0.98. The AUC-ROC value of 0.99 further highlights DenseNet's exceptional capability in dis-
tinguishing between diseased and healthy plant leaves, making it the most reliable model in this study.
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Fig: 3: Performance Score of Each Model.

ResNet 50, with a precision, recall, and F1 score of 0.96, is also predictive but slightly behind DenseNet. It has an AUC-ROC value of
0.97, implying it is still an effective model for plant leaf disease diagnosis, but not among the best-performing models available today.
VGG 19 model shows slightly lower performance of precision=0.91, recall=0.89, and F1-score=0.90. The AUC-ROC value of 0.92 is
considered to be good but not exceptional discriminative ability. Conclusively, Table 5 depicts that DenseNet gives the best result with
better reliability and accuracy performance over all these models for this application.

Table5: Classification Methods and Performance Measures

S.No Models used Accuracy (%) Precision(%) Recall(%) F1-score(%) AUC-ROC(%)
1. DenseNet 97 97 97 97 97
2. ResNet 50 96.15 96 96 96 97
3. VGG 19 90.23 91 89 90 92
4. ACO+LSTM with DenseNet 98.5 98.3 98.3 98.3 98
5. ACO+LSTM with ResNet 50 96.2 97 97 97 97
6. ACO+LSTM with VGG 19 93 934 93.2 94 94

This indicates that the proposed ACO-based DenseNet with LSTM exceeds all other models with an accuracy of 98.5%, which suggests
the great potential of its ability in the management of complex medical imaging and temporal data. ResNet 50, another model optimized
by ACO, has an accuracy of 96.2%, which reassures robustness and efficiency. However, although VGG 19 is showing marked increases
in subsequent training epochs, its accuracy is 90.23%, which is less compared to other models.

6. Conclusion

In this research, Ant Colony Optimization (ACO) anomaly-based learning framework integration with improved deep models, including
DenseNet, ResNet 50, and VGG19, along with LSTM Networks, can predict the stage of the Blight disease with the chlorophyll content
from the leaf images for a potato plant more accurately. Given the strong performance of an ACO in this research, feature selection is
crucial for deep learning models by capturing essential features that are helpful in disease classification. The validation of this approach
by swarm-based deep learning in medical fields suggests that similar investigations can be conducted with other disease diagnoses and
prognoses. The results highlight the significance of integrating robust optimization algorithms with cutting-edge deep learning architec-
tures for fostering enhanced accuracy, reliability, and generalizability. In the future, Al-mediated healthcare solutions will be responsive
to enriching patient outcomes and streamlining medical proceedings.
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