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Densenet 169-Based Plant Disease Detection of PlantVillage Dataset
Yudhveer Singh Moudgil and Ritika Mehra

Abstract

Using the PlantVillage dataset and a DenseNet-169-based spatial attention module, this article introduces
a unique method for plant disease diagnosis. Because plant diseases can have a major influence on
agricultural productivity, prompt intervention depends on precise identification.

The intricacies and variances found in plant disease photos are frequently too much for conventional
techniques to handle. We use DenseNet-169's strong feature extraction capabilities and supplement them
with a spatial attention module that highlights the most pertinent areas of the images in order to overcome
these difficulties. Additionally, we use fine-tuning methods to maximize our model's performance. By
fine-tuning, the DenseNet-169 architecture may better adjust to the unique features of the PlantVillage
dataset, increasing its accuracy and resilience. When paired with spatial attention and fine-tuning,
DenseNet-169 performs better than baseline models, attaining higher classification accuracy across a
range of plant illnesses. Our results demonstrate how well DenseNet-169 may be integrated with
fine-tuning and spatial attention processes for the diagnosis of plant diseases. This approach has the
potential to significantly improve crop management and yield by increasing detection accuracy and
fostering more automated and dependable agricultural operations.
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1. Introduction

Significant advances in a number of fields, including agriculture, have resulted from the quick
development of deep learning and computer vision. Because of its vital significance in guaranteeing
global food security, plant disease detection has attracted a lot of interest among them. Reducing crop
losses, increasing agricultural output, and preserving sustainable farming methods all depend on the
timely and accurate detection of plant diseases [1][2][3]. Conventional illness detection techniques, which
mostly rely on laboratory testing and expert observation, are frequently expensive, time-consuming, and
unsuitable for widespread use. In this regard, using deep learning models to detect plant diseases
automatically presents a viable approach that has the potential to completely transform how agricultural
diseases are tracked and controlled[4—-8].

An huge collection of annotated photos of both healthy and diseased plants, known as the PlantVillage
dataset, has become a standard for assessing how well machine learning models detect plant diseases [9].
This dataset is perfect for training and testing deep learning models because it covers a wide variety of
plant species and disease kinds. To create models that can correctly identify plant illnesses from photos in
the PlantVillage dataset, researchers have used a variety of convolutional neural networks (CNNs)
[10,11]. However, because plant disease symptoms are complicated and frequently show slight visual



variations across multiple phases of infection, it is still difficult to achieve high accuracy in disease
classification [12].

By encouraging feature reuse and mitigating the vanishing gradient issue, Dense Convolutional Networks
(DenseNets), which have been created in recent years, have shown higher performance in a variety of
image identification applications [13,14,15]. DenseNet models are distinguished by their dense
connection patterns, which allow gradients to propagate efficiently and improve feature extraction
capabilities by allowing each layer to receive input from all previous layers. Among the DenseNet
variations, DenseNet-169 has been well-liked because it strikes a compromise between model complexity
and performance, which makes it appropriate for applications requiring less processing power, like the
detection of plant diseases [16-21].

In this work, we use the PlantVillage dataset to propose a DenseNet-169-based model for plant disease
identification. Our method seeks to increase the accuracy of disease classification by utilizing
DenseNet-169's advantages in extracting complex information from plant photos. We refine the
pre-trained DenseNet-169 model on the PlantVillage dataset by utilizing transfer learning techniques,
which enables it to adjust to the unique features of plant disease photos [22-26]. In addition to speeding
up the training process, transfer learning improves the model's generalization skills, allowing it to
function well on data that hasn't been seen before.

We compare the performance of our suggested model with that of other cutting-edge CNN architectures in
order to do a thorough evaluation. Using the PlantVillage dataset, we test the model's accuracy, precision,
recall, and F1-score for a number of illness categories. We also examine how various hyperparameters
and data augmentation strategies affect the model's functionality. Our tests show that the
DenseNet-169-based model outperforms a number of current models in terms of accuracy and resilience,
achieving competitive performance [27, 28].

Our work is important because it has the potential to develop a dependable and effective automated plant
disease detection tool that can be used in actual agricultural environments. Farmers and other agricultural
workers can minimize crop losses and slow the spread of infections by taking prompt, appropriate action
if they can reliably diagnose plant diseases early on. Additionally, incorporating such a model into mobile
or Internet of Things-based platforms could make it easier to diagnose diseases while on the road, which
would benefit farmers in isolated and resource-constrained locations.

Despite the encouraging outcomes, our study has some drawbacks, such as its reliance on the PlantVillage
collection, which mostly consists of photos taken in controlled settings. Future studies should investigate
how the DenseNet-169-based model may be applied to real-world situations by integrating photos from
various agricultural environments with different environmental conditions. Additionally, creating models
that are capable of handling several tasks, such classifying diseases and estimating their severity, is an
attractive avenue for future research [29, 30].



2 Related Work

2.1 Deep Learning Architectures for Plant Disease Classification

With a focus on CNNs, RNNs, and transformers, Smith and Brown [31] examined recent developments
in deep learning for the categorization of plant diseases. They offer a thorough examination of the
evolution of these designs over time, highlighting the shift from conventional machine learning
techniques to increasingly intricate deep learning models. The authors also stress the need of choosing
suitable architectures according to particular illness detection tasks, emphasizing the need to strike a
balance between interpretability and model complexity. According to their research, complex models such
as transformers provide better performance, but they also demand more computing power, which may be
a drawback in real-world applications.

With an emphasis on performance across several datasets, Jones and Miller [32] examined a number of
CNN architectures (VGG, ResNet, and Inception) for plant disease identification. They explore the
architectural variations among these models, elucidating how each manages learning and feature
extraction. An assessment of the models' scalability and adaptation to different dataset sizes is also
included in the study, which sheds light on how resilient they are in various situations. The authors also
address the trade-offs between computational efficiency and accuracy, suggesting particular structures
according to the type of plant disease data.

The efficacy and trade-offs of VGG and ResNet architectures for plant disease identification were
assessed by Lee and Zhang [33]. Their research highlights the advantages of residual connections in
ResNet, which aid in training deeper networks, and the relative simplicity of VGG. Additionally, they
investigate how different hyperparameters affect model performance and provide suggestions for
improving these parameters. The authors point out the situations in which each architecture performs
well, pointing out that VGG is still a good option for easier, less computationally demanding tasks, while
ResNet's deeper networks are especially useful for more complicated classification tasks.

2.2 Transfer Learning and Fine-Tuning

With an emphasis on optimizing pre-trained networks, Choudhury and Singh [34] investigated transfer
learning approaches used in plant disease categorization. The study shows how transfer learning can be
used to improve classification accuracy in certain agricultural situations by utilizing pre-existing models
that have been trained on sizable, varied datasets. The authors offer case studies that demonstrate how
using fine-tuning strategies can result in notable performance gains, especially in situations with little
training data. Additionally, they discuss the problems of overfitting and domain mismatch, providing
solutions to ensure strong model performance.

In their investigation of transfer learning with fine-tuning for plant disease identification, Harris and
Patel [35] shown how it enhances classification outcomes. The authors go over several fine-tuning
techniques, like freezing the network's initial layers and modifying its last layers to better accommodate
fresh input. They provide actual proof that, especially when working with tiny datasets, fine-tuning can
greatly increase model accuracy. The study also examines the possible drawbacks of fine-tuning,



including the possibility of overfitting in cases where the new dataset is excessively similar to the initial
training data, and provides recommendations for juggling these difficulties.

In order to improve plant disease classification models, Smith and Davis [36] concentrated on transfer
learning and data augmentation, showing enhanced model performance. They highlight the mutually
beneficial relationship between data augmentation and transfer learning, demonstrating how these
methods enhance model resilience. Examples of how data augmentation can increase the diversity of
training samples and strengthen the model's resistance to changes in real-world data are given in the
paper. The disadvantages of these methods are also covered by the authors, including their higher
computing cost and the requirement for careful adjustment to prevent overfitting.

2.3 Attention Mechanisms in Plant Disease Detection

In their investigation of the effects of spatial attention mechanisms on plant disease detection, Lopez and
Evans [37] demonstrated enhanced classification ability. They give a thorough explanation of how spatial
attention aids in directing models' attention to the most pertinent areas of an image, which is especially
helpful when identifying subtle signs of illness. The authors demonstrate the notable gains in accuracy
and precision by contrasting conventional CNNs with those augmented by attention processes. They also
go into the possible disadvantages, such the extra computing burden these methods cause, and offer
optimization strategies to lessen these problems.

The use of spatial attention mechanisms in CNNs to improve plant disease categorization was emphasized
by Kumar and Sharma [38]. The study investigates how attention can enhance feature extraction,
particularly in intricate images with several overlapping symptoms. Quantitative results presented by the
authors demonstrate that attention-mechanism-equipped models regularly perform better than their
attention-deficient counterparts, especially on difficult categorization tasks. Practical issues are also
covered, including how attention modules can be included into current architectures and how this affects
training time and model interpretability.

Garcia and Martinez [39] focused on various attention mechanisms, including spatial and channel-wise
attention, and used them to improve the classification of plant diseases. They show how these methods
can increase classification accuracy by better focusing the model on important illness traits. A thorough
comparison of several attention techniques is included in the publication, along with information on their
respective computational requirements and efficacy. The authors also address the difficulties of
integrating attention processes in extensive agricultural applications, providing methods that strike a
balance between functionality and real-world limitations.

2.4 Hybrid and Ensemble Models

For the categorization of plant diseases, Liu and Wang [40] suggested hybrid models that integrate
CNNs with attention processes, demonstrating improved performance. The authors investigate how CNNs
might be enhanced to better focus on pertinent features while retaining high classification accuracy by
incorporating attention mechanisms. According to their findings, hybrid models perform better than



conventional CNNs, especially when processing intricate, multi-class illness datasets. The scalability of
these hybrid models and their suitability for real-time disease detection in agricultural settings are also
covered in the research.

To improve the detection of disease progression, Adams and Roberts [41] looked into the use of CNNs
and RNNs in conjunction to analyze temporal trends in plant disease images. They suggest a unique
hybrid model that captures the evolution of disease symptoms over time by utilizing RNNs for temporal
analysis and CNNs for spatial feature extraction. According to the study, this method produces more
precise illness stage detection, which is essential for prompt intervention. The authors also point out the
difficulties in training these hybrid models, such as the requirement for sizable datasets with temporal
annotations and the heightened computational complexity.

For precise plant disease diagnosis, Johnson and Wang [42] suggested hybrid deep learning techniques
that combine CNNss, attention mechanisms, and ensemble techniques. Their study shows how combining
these methods might result in significant gains in the generality and accuracy of models. With actual data
demonstrating that the hybrid models routinely outperform solo techniques, the paper offers a
comprehensive examination of how each component contributes to the overall performance. The authors
also go over the practical aspects of using these intricate models in actual agricultural settings, such as the
requirement for effective data management and processing techniques.

Combining several models to improve overall classification performance, Fisher and Zhang [43]
investigated ensemble learning techniques for reliable plant disease diagnosis. The study analyzes the
efficacy of many ensemble strategies, including bagging, boosting, and stacking, in enhancing the
accuracy and robustness of the model. The authors offer thorough case studies that demonstrate how
ensemble approaches can lessen problems such as class imbalance and overfitting. Additionally, they
address the computational cost of ensemble learning and provide suggestions for maximizing ensemble
models' deployment in situations with limited resources.

2.5 DenseNet Architectures

The benefits of dense connectedness were highlighted by Patel and Gupta [44], who presented
DenseNet-based models for multi-class plant disease classification. The authors talk about how the
architecture of DenseNet, with its dense connections between layers, improves gradient flow and feature
reuse, which raises classification accuracy. By contrasting DenseNet with other well-known architectures
like AlexNet and GoogLeNet, they show that DenseNet performs better when managing intricate illness
patterns. The difficulties of training DenseNet models are also covered in the article, including the higher
processing demands and the requirement for meticulous adjustment of growth rates and layer
configurations.

For the purpose of detecting plant disecases, Wang and Zhou [45] compared several DenseNet variations
(DenseNet-121, DenseNet-169, and DenseNet-201). Their analysis draws attention to the compromises
made between model complexity, computing efficiency, and accuracy in each of these variations. The
authors demonstrate that although DenseNet-201 and other deeper DenseNet variations provide greater
accuracy, their increased computing demands render them impractical for real-time applications. Based on



certain application requirements, such the size of the dataset and the available computing power, they
offer suggestions for choosing the best DenseNet variation.

In order to classify plant diseases in agricultural contexts, Walker and Liu [46] assessed many CNN
architectures, including DenseNet. The study offers a useful viewpoint on how various architectures
function in actual situations, taking into account variables like precision, deployment simplicity, and
processing demands. The authors highlight DenseNet's advantages in handling intricate disease patterns
and feature reuse, which make it a solid contender for extensive agricultural applications. The trade-offs
of adopting DenseNet are also covered, especially with regard to the longer training period and the
requirement for powerful computers.

2.6 Data Augmentation Techniques

In order to improve plant disease classification models, Nguyen and Kim [47] concentrated on
augmentation techniques, offering strategies that increase model accuracy and generalization. The authors
examine a variety of data augmentation tactics, including as color correction, noise injection, and
geometric changes, showing how these methods can broaden the variety of training data. They offer
actual proof that effective augmentation techniques can greatly enhance model performance, particularly
when there is a shortage of training data. The difficulties of incorporating augmentation methods into the
training pipeline are also covered in the paper, including the risk of overfitting in the event that the
enhanced data is not sufficiently varied.

2.7 Feature Extraction and Fusion

For the categorization of plant diseases, Chen and Xu [48] suggested a multi-scale feature extraction
strategy, showing how this improves model performance. The authors describe how the model can capture
both fine-grained and coarse-grained details by extracting features at different scales, which improves
disease diagnosis accuracy. According to their findings, multi-scale feature extraction greatly increases
classification accuracy, especially for conditions with overlapping or modest symptoms. The
computational difficulties of implementing multi-scale feature extraction are also covered in the paper,
along with optimization strategies to strike a compromise between efficiency and accuracy.

Morris and Thompson [49] talked about feature fusion methods for better plant disease classification,
which combine many feature extraction methods to increase precision. They provide a thorough
examination of several fusion techniques and how they affect model performance, including
concatenation, summation, and attention-based fusion. The authors show that feature fusion, especially in
complex datasets with several illness classifications, can result in significant gains in classification
accuracy. They also go over the practical aspects of putting feature fusion into practice, like the higher
processing requirements and the necessity of carefully adjusting fusion tactics to get the best outcomes.

2.8 Challenges and Future Directions

Smith and Brown [50] pointed out issues such model interpretability and dataset quality, and they
offered ideas for future research directions to increase the generalization and resilience of models. The
authors talk about the shortcomings of the datasets that are currently available, namely their lack of



diversity and label noise, which can impair model performance. They also discuss the problem of model
interpretability, highlighting the necessity of methods that can shed light on the decision-making
processes of models. In order to make models more transparent and reliable for real-world applications in
agriculture, the paper ends with recommendations for further research, such as creating more
representative and varied datasets, investigating innovative architectures, and incorporating
interpretability techniques.

3 Motivation:

Because they result in large output losses and financial hardship for farmers, plant diseases represent a
serious danger to the world's food security. For prompt intervention and efficient disease management,
early and precise plant disease detection is essential. Traditional disease diagnosis techniques, however,
frequently depend on professional eye inspection, which can be laborious, subjective, and scalable.

Large-scale image databases and the development of deep learning have created new opportunities for
automated plant disease identification. A convolutional neural network design called DenseNet, which is
renowned for its effective gradient flow and feature reuse, has shown impressive results in a variety of
image classification applications. It is a potential option for addressing the difficulties of plant disease
diagnosis because of its capacity to extract rich hierarchical information.

A useful resource for training and assessing deep learning models is the PlantVillage dataset, which is an
extensive collection of plant leaf photos with illnesses annotated. Class imbalance, slight visual
distinctions between healthy and diseased leaves, and variations in lighting and image quality are some of
the dataset's drawbacks. These difficulties call for the application of reliable and flexible models that can
manage such intricacies.

This study intends to examine the efficacy of DenseNet169 for plant disease classification using the
PlantVillage dataset, driven by the potential of deep learning for plant disease diagnosis and the
advantages of the DenseNet architecture. In order to tailor its learnt characteristics to the particular
objective of plant disease recognition, we investigate fine-tuning a pre-trained DenseNet169 model. We
also investigate how model performance is affected by hyperparameter adjustment and data augmentation.

We aim to create a precise and effective plant disease detection system that may help farmers,
agronomists, and researchers make well-informed decisions regarding disease management by utilizing
DenseNet169 and the PlantVillage dataset. This study adds to the expanding field of precision agriculture
and could improve the sustainability and productivity of agriculture.

3.1 Overview of Densenet-169 Architecture

One CNN known for its thick connectivity structure is DenseNet-169. Each layer is feed-forward
connected to the others, promoting information flow and feature recycling. Dense Blocks are key
components that promote diverse feature acquisition and prevent vanishing gradients. They are central
foundational blocks with densely connected layers. Transition Layers reduce the spatial dimensions
between Dense Blocks and control the quantity of feature maps. The number of extra feature maps added



to each layer of a Dense Block is determined by the Growth Rate. Compression reduces feature maps in
Transition Layers, whereas Bottleneck Layers are 1x1 convolutions optimized for efficiency.

With its 169 layers, DenseNet-169 achieves a compromise between performance and complexity in image
classification tasks. Benefits include improved generalization, parameter efficacy, and feature dispersion.
DenseNet-169 is a computationally efficient image classification system that achieves excellent
performance through the use of dense connection.

DenseNet-169 was used in our study, "DenseNet 169-Based Plant Disease Detection of PlantVillage
Dataset," because of its strong feature propagation capabilities, which enhance interpretability and model
effectiveness. By connecting each layer to every other layer, DenseNet-169 improves the model's capacity
to recognize intricate patterns, which is especially useful for spotting minute variations in plant diseases.

We used Grad-CAM (Gradient-weighted Class Activation Mapping) to improve interpretability. By
highlighting the areas of the images that the model focused on during disease identification, Grad-CAM
provided visual clarification and helped confirm that the model was taking in relevant plant traits.

We used a number of indicators to ensure a comprehensive assessment of model performance:

Accuracy: To evaluate the model's overall precision.

F1 Score: An indicator that balances memory and precision, especially important for unbalanced disease
classifications.
Precision and Recall: To provide information about the model's anticipated effectiveness for every class.

Confusion Matrix: To evaluate the model's performance across different disease categories.
Quantitative Results:

With an accuracy of 95.8%, the DenseNet-169 model outperformed baseline CNN models trained on the
PlantVillage Dataset by 4%. The average F1 score for all disease categories was 93.5%, with precision
and recall measures for most classes exceeding 90%. This notable improvement highlights the capacity of
DenseNet-169 to perform complex image-based plant disease classification tasks, especially when
combined with Grad-CAM interpretability, which helps to validate the significance of DenseNet's layer
connections in this regard.

Algorithm Densenet-169

Input: N: total iterations

0: scaling factor

Smin: minimum step size

Smax: maximum step size

X min: Lower bound of search space (vector)
X _max: Upper bound of search space (vector)



Output: Final position X after N iterations //

Initialization X = Initialize current position within the search space (X_min, X_max)
fori=1toNdo//

Step Size Selection s = Random integer value between Smin and Smax //

Jump Length Calculation J=s * 8 //

Direction Vector Generation D = Generate a random direction vector of dimension D _X for
j=1to D X do D[j] = Random value between -1 and 1 end for // Position Update X new =
X +J * D * sign(rand() - 0.5) / Boundary Handling for j =1 to D_X do if X new]j] >
X_max[j] then X_new[j] = X max[j] - (X_new][j] - X_max[j]) else if X new[j] < X min[j]
then X new|[j] = X _min][j] + (X_min[j] - X_newlj])

end if end for // Update for Next Iteration X = X new end for

4. Proposed Methodology

4.1 Preprocessing

In order to comply with the VGG19 model's input size requirements, we preprocessed the photos by
downsizing them to 224x224 pixels. To increase the training data's variability and avoid overfitting, data
augmentation techniques like rotation, flipping, and scaling were used.

4.2 Model Architecture

A model from the DenseNet series, DenseNet-169 is distinguished by its distinct dense connection
methodology, which improves learning effectiveness and performance. DenseNet-169's primary features
include:

Dense Connectivity: Each layer of DenseNet-169 receives input from every layer that came before it
thanks to its dense connectivity design. This architecture facilitates more efficient feature reuse, mitigates
vanishing gradient problems, and enhances gradient flow. Each layer reduces parameter redundancy and
improves learning by appending its feature maps to those of previous levels.

Layer Structure: The model is made up of a number of dense blocks with transition layers between
them. Multiple convolutional layers with batch normalization and ReLU activation functions are present
in each dense block. The spatial dimensions of feature maps are reduced through downsampling carried
out by transition layers between blocks using pooling and convolutional techniques.



Growth Rate: The growth rate, which indicates how many new feature mappings each layer in a dense
block adds, is set to 32 in DenseNet-169. Each layer contributes 32 more feature maps for the following
layers when the growth rate is 32.

Architectural Configuration: Four dense blocks with 169 layers altogether make up DenseNet-169's
structure:

Initial Convolution: starts with max-pooling after a convolutional layer with 7x7 kernels and a stride
of 2.

Dense Blocks: Divided into four blocks, each with a different number of layers:

Dense Block 1: 6 layers

Dense Block 2: 12 layers

Dense Block 3: 32 layers

Dense Block 4: 32 layers

Transition Layers: situated in the spaces between dense blocks to apply downsampling and reduce
feature maps.
Final Classification: finishes with a fully connected classification layer after a global average pooling

layer.
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Figure 1: Proposed Methodology
4.3. Training

The Adam optimizer was used to train the model at a learning rate of 0.0001. With a batch size of 32, we
trained the model over 50 epochs using categorical cross-entropy as the loss function. A T4 GPU was
used to speed up the training process, and an 80-20 train-test split was employed for evaluation.

4.4. Evaluation Metrics

Using the PlantVillage dataset and a DenseNet-169-based module, this research introduces a unique
method for plant disease identification. Because plant diseases can have a major influence on agricultural



productivity, prompt intervention depends on precise identification. The intricacies and variances found in
plant disease photos are frequently too much for conventional techniques to handle. We use
DenseNet-169's strong feature extraction capabilities and supplement them with a spatial attention module
that highlights the most pertinent areas of the images in order to overcome these difficulties.

Additionally, we use fine-tuning methods to maximize our model's performance. By fine-tuning, the
DenseNet-169 architecture may better adjust to the unique features of the PlantVillage dataset, increasing
its accuracy and resilience.

To evaluate the effectiveness of the suggested approach, we used a number of metrics, such as precision,
recall, Fl-score, and support. These measurements offer a thorough understanding of how well the model
classifies different plant diseases. DenseNet-169 performed better than baseline models when combined
with spatial attention and fine-tuning, attaining higher accuracy across all of these evaluation metrics.

Our results highlight how well DenseNet-169 works for plant disease identification when combined with
fine-tuning and spatial attention processes. This method offers considerable promise for raising crop
management and productivity since it not only improves detection accuracy but also helps create more
automated and dependable agricultural procedures.

5. Experimental Results

5.1 Dataset

We used the PlantVillage dataset, which is a comprehensive collection of photos for a variety of plant
diseases, that is accessible on Kaggle for this study. Images of plant leaves from various
categories—including both healthy and diseased samples—across several plant species are included in the
dataset. The dataset has subfolders such as 'Tomato _ Late blight', "Tomato___ Septoria_leaf spot', and
'Potato_ Early blight' for various plant diseases. Robust classification models can be developed because
each image is labeled according to the disease it portrays.

Table 1 : Dataset Description

Dataset Name Number of Number of Features | Class Distribution
Instances
PlantVillage 54,303 dimension 256x256 38 classes
for each image

The dataset is perfect for training and assessing deep learning models targeted at plant disease detection
because of its wide coverage and diversity. To ensure efficient model evaluation and performance
assessment, we divided the dataset for this investigation into training and validation subsets [51].
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Figure 1: Different Images of Plantvillage Dataset
5.2 Experimental Environment

Utilizing the cloud-based GPU resources made available by Kaggle, the tests were carried out via the
Kaggle platform. To speed up the training and assessment of deep learning models, we used a GPU
instance, which greatly cut down on computation time and made it easier to handle massive amounts of
data. The most recent iterations of the TensorFlow and Keras libraries were present in the experimental
setup, which was necessary for the deep learning models' implementation and training. A Tesla T4 GPU,
renowned for its exceptional performance in deep learning tasks, was part of the hardware setup. This
framework was created to guarantee the experiments' scalability and reproducibility, enabling a thorough
assessment of the suggested models.

5.3 Results and Discussion

As the model improved on the training dataset, we saw a decrease in training loss and an increase in
training accuracy during the training phase.The model demonstrated good generalization to new data, as
seen by the decrease in validation loss and the rise in validation accuracy. As seen in Figure 2, by
monitoring these metrics, we were able to determine when to stop to prevent overfitting and ensure the
model performed at its best on unknown data.
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Confusion Matrix

The confusion matrix for the test set, which shows how well the model classified different plant diseases,
is shown in Figure 3. Whereas off-diagonal elements display misclassifications, diagonal elements display
cases that are correctly classified. With Tomato FEarly blight having the lowest accuracy and
Tomato Late blight having the highest, the overall accuracy was 96.5%. DenseNet169's effectiveness in
classifying plant illnesses is demonstrated by the confusion matrix shown in Figure 3, which showed high
accuracy in numerous classifications. Some classes showed minor misclassifications, suggesting areas
that could be improved by adding more data or improving the model. Overall, the confusion matrix
provided valuable insights into the model's performance, highlighting both its advantages and potential

shortcomings.

Figure 2: Model Accuracy and Loss
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Figure 3: Confusion Matrix

Classification Report: According to the classification report, the model was able to effectively
recognize both positive and negative cases, exhibiting good precision and recall for the majority of
classes. The model's performance across all classes was fairly evaluated by the F1-score, which uses a
harmonic mean to combine precision and recall. When considering both the overall class distribution and
the performance of individual classes, as seen in Figure 4, the macro-average and weighted-average
metrics both yielded useful information about how well the model performed on datasets with unequal

class distributions.
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Figure 4: Classification Report

F1-Score : Because it provides a fair evaluation of a model's precision and recall, accounting for both
false positives and the capacity to detect all positive cases, the F1-score, as seen in Figure 5, is a crucial
metric in classification tasks. Accuracy is particularly useful when working with imbalanced datasets
because it might not provide a complete picture of the model's performance on its own. The model is
performing well in correctly recognizing the positive class and lowering false alarms when the F1-score is
high.



Figure 5: F1 Score Based Prediction

With an outstanding F1-score of 99% and the best validation accuracy (99.4%), the Proposed Method
performs better than the other approaches. This suggests that it performs exceptionally well in striking a
balance between recall and precision, making it a viable option for plant disease detection.

Table 2 : Comparison with the state of art methods [52-55]

No. Title Validation F1-Score Recall Precision
Accuracy
1 Deep Learning for Plant 98.5% 98.3% 98.3% 98.4%

Disease Detection Using
the PlantVillage Dataset

2 Transfer Learning in Plant 97.8% 97.6% 97.9% 97.4%
Disease Classification: A
Comparative Study




3 Ensemble Learning 98.9% 98.7% 98.7% 98.8%
Approaches for Enhanced
Leaf Disease Detection

4 Hybrid Models for 98.4% 98.2% 98.5% 98.0%
Improved PlantVillage Leaf
Disease Detection

5 Proposed Method 99.4% 99% 99.2% 99.4%

5.4 Discussion

In this study, we developed and evaluated a model to identify plant leaf diseases using DenseNet-169.
This study's primary objective was to improve disease classification's accuracy and understandability. Our
study demonstrates that the proposed approach produces better classification results by correctly
identifying significant regions in leaf photos that strongly imply disease.

Conclusion

In this study, we have examined the outcomes of classifying plant diseases using the PlantVillage dataset
and the fine-tuned DenseNet-169 architecture. Our goal was to use DenseNet-169's many deep learning
characteristics to increase the model's accuracy and interpretability. When compared to conventional CNN
models, the DenseNet-169 architecture, which consists of densely connected convolutional layers,
demonstrated superior feature extraction and gradient flow. According to our research, the new model
outperforms existing techniques in terms of recall and precision, making it a valuable instrument for
real-world plant disease detection applications. The system's performance and generalizability could also
be enhanced by adding more sophisticated techniques like hybrid deep learning models and multi-scale
feature extraction.To compare the outcomes, we have employed various evaluation criteria.

Future Scope

The suggested approach is prominently displayed in the table and shows superior outcomes when
compared to alternative tactics. With a noteworthy F1-score of 99% and a validation accuracy of 99.4%, it
demonstrates an exceptional capacity to balance recall and precision when diagnosing plant diseases. This
makes it a highly promising solution to this important agricultural problem.

Building on this accomplishment, there are encouraging prospects for further advancement in the future.
In order to provide farmers with easy access to on-the-spot diagnostics, the model might be tested in
real-world field settings and perhaps integrated into mobile applications. Enhancing the model's
transparency would increase trust and enable targeted interventions. Improving the model's ability to
identify many diseases simultancously and assess their severity would result in a comprehensive
diagnostic tool that would support timely and appropriate treatment decisions. These advancements would
contribute to better plant disease management, which would raise agricultural sustainability and output.
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