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ABSTRACT

Citrus fruit diseases are a real threat affecting agricultural
productivity and can lead to losses that are hard to recover if they
are not detected and managed promptly. This research focuses on
using transfer learning and deep learning architectures to classify
citrus diseases to reduce agricultural losses and increase crop
productivity. The study uses a dataset of 1,463 high-resolution
images of citrus fruits and leaves that fall under these classes:
canker, black-spot, greening, and healthy. The images were
processed for analysis using a pre-trained Neural Network (CNN)
such as MobileNetV2, InceptionV3, ResNet50, and VGGI9.
Transfer learning was used to fine-tune these models on the task
of disease classification, which depends on features previously
learned from larger datasets. Model performance was evaluated
through accuracy, precision, recall, F1 score, and computational
efficiency metrics. Out of the four models analyzed in this research
study, MobileNetV2 attained the highest accuracy at 97.29% while
ResNet50 did not perform well with an accuracy value of 58.21%.
This emphasizes the importance of the selection of models. This
research showcases how transfer learning and deep learning can
bring scalability into automated systems for managing citrus
diseases providing better accuracy, and quicker diagnosis times.
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1. INTRODUCTION

Agriculture is one of the most important factors in Bangladesh
as the national economy directly depends on it. Agriculture aims
to increase food production and quality while reducing expenses
and increasing profit [1| 12, [24]. Due to population growth and
climate change, Bangladesh’s agricultural sectors are using novel
technology to increase food production. Precision agriculture (PA)
is an advanced technology that provides modern techniques for
optimizing farm production [30l |16]. Precision agriculture can be
used in many ways to help farmers, such as spotting plant pests,
detecting weeds, forecasting crop yields, and identifying plant
diseases, among others [4].

Bangladesh’s citrus fruit production increased at an average yearly
rate of 5.61% from 19,163 tonnes in 1973 to 175,325 tonnes in
2022 [23]. This research was carried out in many citrus farms
in Sylhet, Bangladesh from November to December 2014 to
investigate the density and severity of diseases among various citrus
species. Also an extensive analysis was performed on 560 plants
belonging to seventeen different citrus species, but no symptom
could be detected. The survey revealed that canker, scab, dieback,
and greening were the major diseases in the area [8| [24]. Early
symptoms of plant diseases are important for minimizing risks and
reducing losses for farmers. In recent years deep learning has found
widespread usage in countless domains including agriculture. For
identifying diseases of plants, it is well known and recognized that
CNNs are the most efficient deep learning technique [8]. Some
of these architectures including AlexNet, GooglLeNet, VGG16,
VGG19, InceptionV3, DenseNet, etc. are used for detecting and
identifying plant diseases using CNN.
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1.1 Context and Background

Being a developing country, crop diseases in Bangladesh negatively
impact the economy and food resources [11, [19]]. Specially,
Bangladesh is a nation that is greatly dependent on agriculture
such as paddy, corn, wheat, etc. The weather of Bangladesh is
suitable for crop production but in recent years, crop diseases
have reduced food production greatly. Reducing crop diseases is
one of the important goals for the Government [11]]. To capture
the images, it can be brought together modern electronic devices
with high-quality cameras and then use models such as Machine
Learning or Deep Learning to process the image (24} [12]. Early
detection of the disease through the identification of diseased areas
in plants using advanced digital image processing methodologies
could help in treating it effectively as well. In Bangladesh, 39,678
acres were used for crop cultivation and other agricultural purposes
based on statistics done in 2019-2020 [[15 [11]].

1.2 Research Motivation

Deep learning models and supervised machine learning are used in
the study that has already been done on the classification of citrus
diseases from images [2, 8l [19]. AlexNet has 8 layers, while VGG-
19 has 47 layers, both optimized using Stochastic Gradient Descent
with Momentum (SGDM) [8]. However, it has high computational
costs, significant memory requirements, longer training times, and
suboptimal performance on small datasets. Also, they did not do a
complexity analysis of those architectures. In this paper, a system
is proposed that can effectively classify citrus fruit diseases and
perform the complexity of the CNN architectures.

1.3 Objectives and Scope
The objectives and scope of this work include:

—To determine the effectiveness of different techniques for disease
identification, CNN architectures are employed to classify citrus
fruit diseases (InceptionV3, MobileNetV2, VGG19, ResNet50).

—~Compare the models by doing performance analysis and
complexity analysis.

1.4 Significance of Research

This research is done using transfer learning approaches to
implement pre-trained models to classify citrus fruit diseases.
Evaluating the performance metrics and complexity metrics, it will
determine the most efficient architectures of the Convolutional
Neural Network (CNNs).

The structure of this paper is as follows. Section [2] presents
the literature review. In Section [3| the proposed methodology is
discussed in detail. In Section[d] all experiments are conducted and
the models are compared using some parameters, also addressing
the computational complexity of the models. Section [5]presents the
conclusion.

2. LITERATURE REVIEW

The people of Bangladesh heavily rely on different types of
agriculture. According to statistics, about 87% of people directly
or indirectly depend on agriculture [27]. Researchers have been
studying the methods to detect plant diseases early using Deep
Learning. In the following part, some papers have been reviewed
related to this work and presented the findings of those papers:

Ahmed and Mugqit [2] designed a Deep Neural Network model
for automatically detecting citrus fruit and leaf diseases. The
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research is centered on employing deep learning techniques in the
agricultural sector. This means that it intends to build a framework
that can identify illnesses that affect oranges, both fruits and
leaves. The proposed model consists of three main components:
data acquisition, data pre-processing, and the application of CNN.
They used 2293 images from PlantVillage and got an accuracy of
94.55%. However, they used only 213 images for each class which
is not sufficient.

Balafas et al. [4] presented a detailed comparative analysis of ML
and DL to detect plant leaf diseases. In this paper, a comparative
study is carried out regarding the intrinsic performance of deep
learning (DL) about machine learning (ML), especially towards
plant leaf diseases with a focus on citrus trees. To categorize the
disorders, they submitted their collected data into three well-known
machine learning (ML) models: Support Vector Machine (SVM),
Random Forest (RF), and Stochastic Gradient Descent (SGD);
moreover, they fed their data into three decision-making (DL)
models: InceptionV3, VGG16, and VGG19.

For identifying the diseases in citrus, Elaraby et al. [8] used a
deep learning approach. The problem of optimizing a deep learning
strategy to quickly and precisely identify illnesses in citrus crops
is discussed in their study. The goal of the project is to use the
deep learning models VGG16, VGG19, and InceptionV3 to better
classify illnesses, including Black Spot, Canker, Greening, and
Melanose.

A mobile-based system for detecting plant leaf diseases using deep
learning is written by Sujatha et al. [30] that mainly addresses the
plant diseases present in the agriculture sector and also highlights
the diseases that cause significant crop production losses every
year, providing a smartphone application that takes advantage of
deep learning algorithms to diagnose diseases on plant leaves.
Detection of Bangladeshi-produced plant disease using a transfer
learning based on deep neural model is studied by Hasan et al.
[L1, 13]. This paper addresses the early detection of plant diseases
using a transfer learning approach with deep neural networks,
focusing on Bangladeshi crops [3|]. The research classified the
plant diseases which are very common in Bangladesh by using
pre-trained models such as AlexNet and VGG19. They trained
the models using transfer learning on a plant leaf-specific dataset
containing 18 categories [3].

3. PROPOSED METHODOLOGY

The dataset was thoroughly collected and preprocessed for
this work to make it appropriate for image processing. Keras
and TensorFlow were used for the experiment to utilize their
reliable features, enabling developers to develop and deploy deep
learning models. Various advanced Convolutional Neural Network
architectures were tested, which include VGG19, ResNet50,
InceptionV3, and MobileNetV2 due to their high accuracy in image
classification and detection. The detailed workflow of this research
is given in Figure[T]

3.1 Dataset Overview

A dataset of 1,463 images has been collected from PlantVillage and
Kaggle that holds the four classes: canker, blackspot, greening, and
healthy. These are the main diseases of the citrus plant which are
kept in different folders. This program applies labels to the images
indicating where disease is presented and what type of disease, as
well as healthy samples for comparison.

3.1.1 Dataset Preparation. Before implementing the models, the
dataset needs to be prepared for using in the design and evaluation
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Table 1. Summary of Related Literature on Citrus and Plant Disease Detection
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Fig. 1. Proposed Methodology

of deep learning models for disease classification. The steps of
dataset preparation are given below:

—Data Loading: The dataset is broken down into directories, each
of which contains images of a given class of citrus fruit disease.
The paths to each of these images are stored along with their
labels (type of disease) in a DataFrame, which is convenient for
manipulation and analysis. Figure[2]shows the information about
the citrus disease dataset that is used for this research work.

—Initial Visualization: A bar graph has been made representing
the image distribution in different disease classes. This
visualization helps to see how the dataset is behaving with its
balance and has any type of class imbalance issue in the current
system, or not. Figure [3] illustrates the sample images of citrus
fruit disease dataset.

No. | Author Year | Class Types Dataset Size Classifier Architecture Accuracy
1 | R. Sujatha et al. [30] 2021 | Black spot, Canker, Greening, | 609 images LSVM, SGD, RF, InceptionV3, 89.5%
Melanose, Healthy VGG16, VGG19
2 | Khattak et al. 2021 | Black spot, Canker, Scab, Greening, | 2293 (Fruits+Leaves) Custom CNN + Softmax 94.55%
Melanose, Healthy
3 | A. Elaraby et al. 2022 | Anthracnose, Black spot, Canker, | 759 (Fruits+Leaves) AlexNet, VGG19 94.0%
Scab, Greening, Melanose
4 | S. Parez et al. [21] 2023 | Multiple plant pathological condi- | Plant leaves Lightweight CNN + Softmax 99.0%
tions
5 | Dehuan Luo et al. 2023 | Anthracnose, Canker, Melanosis, | 3202 images Light-SA YOLOv8 92.6%
Scab, Brown Spot, Leaf Miner
6 | Madhusudan G. et al. 2023 | Black spot, Melanose, Canker, | 609 RGB images CNN, ResNet152V2, 98.0%
Greening, Healthy DenseNetl21,
InceptionResNetV?2
7 | Poonam Dhiman et al. [6] 2023 | HLB, Black spot, Melanose, Canker, | 2950 images CNN + LSTM 98.25%
Scab
8 | W. Gomez-Flores et al. 2024 | HLB, Greasy spot, Deficiencies, Cit- | 953 images DNN, Transfer Learning Not reported
rus Mite, Red scale
9 | Nouman Butt et al. [5]] 2024 | Canker, Citrus scab, Black spot 2184 images SVM, KNN 99.6%
10 | J. Shermila et al. [28]] 2024 | Fruit  blight, Greening, Scab, | 759 images Custom CNN + LSTM 96.0%
Melanoses
11 | A.K. Saini et al. 2024 | Anthracnose, Melanose, Brown Spot | 759 images SADCNN-ORBM 99.76%
S
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ﬁ @ Black spot 362
——— S — S — =
5 Greening 387
Healthy
0 100 200 300 400
Number of Images
=
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Fig. 3. Sample Images of Dataset

—Data Splitting: Dataset needs to be split into training, validation,
and testing subsets to facilitate the model training. Datasets split
up with 80% for training, 10% for validation, and 10% for
testing. This split allows the model to have data with which it can
learn and validation set where it can be tuned hyper-parameters
without ending up over-fitting. Figure 4] shows a pie chart that
illustrates the distribution of the dataset for training, validation,
and testing.

3.1.2 Dataset Pre-processing. A special function has been
designed that handles the pre-processing of training, validation,
and testing datasets. The first step of pre-processing is image
augmentation. Image augmentation has been done following these
methods:

—Rescaling: The pixel values of the images are scaled into [0, 1].
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Fig. 4. Dataset Distribution for Training, Validation and Testing

—Rotation: Rotate the countered image any random degree
between [—20°, 20°].

—Translation: The image changes are performed at a random
maximum of 20% pixels horizontally and vertically.

—Shearing: Random sheared the images.
—Zoom Range: Random zoom ranges to the images.

—Horizontal Flipping: Images are flipped randomly in the
horizontal (left, right) direction. Images are loaded using a batch
size of 32, and all the images from the dataset are resized into
224 x 224 pixels to ensure a fixed size for models. The test
data is not shuffled to maintain the order of the images, which
is important for evaluation purposes.

3.2 Transfer Learning

In deep learning, transfer learning is a method where the model
trained for one task is used as a starting point in order to solve
another related or similar problem [7]. This speeds learning and
boosts performance on a second, possibly under-sampled issue by
capitalizing the information obtained from a job. Transfer learning
can be used for CNN’s pre-trained models, feature extraction, and
fine-tuning.

3.2.1 Pre-Trained Models. Transfer learning allows using
CNN’s pre-trained models which show better accuracy, even on
medium-sized datasets [3]. As these models are already trained on
benchmark datasets, they cost less and require less computational
power. It also reduces training time and provides high accuracy.
Figure 5] presents the workflow flowchart of pre-trained models for
better understanding.

Four pre-trained models have been used in this research: VGG19,
MobileNetV2, InceptionV3, ResNet50. The working process of
the pre-trained model is almost the same. After loading the base
models, custom layers need to be added for this task. Then the
models are created by giving input and output layers.

—VGG19: VGGI19 model is famous for its simplicity and
consistent architecture. It contains 19 trainable layers, deeper
than many previous models. The network consists mainly of
3 x 3 convolutions, which is a quite new field since larger
filters were still better than those at the time. First, the VGG19
model is pre-trained on the ImageNet dataset [26] but without the
top classification, which is utilized as the base model to enable
robust feature extraction 29]. The layers of the base model
are frozen, which prevents them from being trained further and
enables them to use their learned features. Then a Dropout layer
with a dropout rate of 40% is applied to prevent overfitting by
setting a fraction of the input units to zero at random during
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Fig. 5. Flowchart of Pre-Trained Models

training [9] [37]). The output is then transformed into a
one-dimensional vector suitable for the fully connected layers
using a flattened layer [32]. A dense layer with 512 units and
ReLU activation is added as the second fully connected layer.
Another Dropout layer, with a dropout rate of 20%, follows the
second dense layer. Finally, the output layer is a dense layer with
4 units and a softmax activation function, which gives the class
probabilities for the classification task [22]]. Table 2] presents the
architecture of VGG19 in detail.

Table 2. Layer Architecture and Parameter Details of Fine-Tuned

VGG19
Layer (Type) Output Shape | Parameters
VGG19 (Functional Base) | (None, 7,7, 512) | 20,024,384
dropout_1 (Dropout 40%) | (None, 7,7, 512) 0
flatten (Flatten) (None, 25088) 0
dense_1 (Dense, ReLLU) (None, 512) 12,845,056
dropout_2 (Dropout 20%) (None, 512) 0
dense_2 (Dense, Softmax) (None, 4) 2,052
Total Parameters: 32,871,492
Trainable Parameters: 12,847,108
Non-Trainable Parameters: 20,024,384

—MobileNetV2: MobileNetV2 Model (with pre-trained weights
on ImageNet) is implemented and suited for plant classification
using TensorFlow’s Keras API [14]. By freezing each of
the layers belonging to the base model, it conserves learned
features from this original network while replacing only the final
layers for task-specific customization. Dropout regularization
and dense layers help in feature extraction and classification
with an input image size of 224 x 224 pixels in RGB. The
model is built with the Adam optimizer trained over some epochs
and tested for its accuracy in a test set. Table [3] presents the
architecture of MobileNetV2 in detail.

—InceptionV3: InceptionV3 is a CNN architecture for high
performance image classification. The study uses InceptionV3,
pre-trained on ImageNet, as the base model, with its top
classification layers removed to facilitate plant-specific disease
classification. The flattened output of the model is then fed to two
dense layers with ReLU activation and dropout for regularization
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Table 3. Layer Architecture and Parameter Details of Fine-Tuned

MobileNetV2
Layer (Type) Output Shape | Parameters
MobileNetV2 (Base) (None, 7, 7, 1280) 2,257,984
dropout_1 (Dropout 40%) | (None, 7, 7, 1280) 0
flatten (Flatten) (None, 62720) 0
dense_1 (Dense, ReLLU) (None, 512) 32,085,760
dropout_2 (Dropout 20%) (None, 512) 0
dense_2 (Dense, Softmax) (None, 4) 2,052
Total Parameters: 34,345,796
Trainable Parameters: 32,087,812
Non-Trainable Parameters: 2,257,984

before classifying it using a softmax layer. Table [] presents the
architecture of InceptionV3 in detail.

Table 4. Layer Architecture and Parameter Details of Fine-Tuned

InceptionV3
Layer (Type) Output Shape | Parameters
InceptionV3 (Base) (None, 5, 5,2048) | 21,802,784
flatten (Flatten) (None, 51200) 0
dense_1 (Dense, ReLLU) (None, 512) 26,214,912
dropout_2 (Dropout 20%) (None, 512) 0
dense_2 (Dense, Softmax) (None, 4) 2,052
Total Parameters: 48,019,748
Trainable Parameters: 26,216,964
Non-Trainable Parameters: 21,802,784

—ResNet50: The ResNet50 model is imported from TensorFlow
Keras applications. This model has been configured to not
include the top classification layers and it is difficult to train a
very deep neural network on limited amounts of data. Keeping
the base model as non-trainable prevents over-fitting when
fine-tuning in small data. These custom top layers are a flattened
layer and a dense layer after it. A dropout of 0.5 and an
output that outputs in the softmax function for 4 classes. Adam
optimizer is used with a learning rate of 0.0001, and the
categorical cross-entropy of losses is considered to evaluate
computing performance for this model. The model is then scored
on a test set. Table [3] presents the architecture of ResNet50 in
detail.

Table 5. Layer Architecture and Parameter Details of Fine-Tuned

ResNet50
Layer (Type) Output Shape | Parameters
ResNet50 (Base) (None, 5, 5,2048) | 23,587,712
flatten (Flatten) (None, 100352) 0
dense_1 (Dense, ReLLU) (None, 512) 51,380,736
dropout_2 (Dropout 50%) (None, 512) 0
dense_2 (Dense, Softmax) (None, 4) 2,052
Total Parameters: 74,970,500
Trainable Parameters: 51,382,788
Non-Trainable Parameters: 23,587,712

3.2.2 TensorFlow. TensorFlow is a well-known open-source
machine learning framework developed by the Google Brain Team.
It offers a holistic environment to create and implement machine
learning models. TF is built for production on environments like
CPUs, GPUs, and TPUs, making it suitable for developers or
researchers. Due to comprehensive support for both production
and research by TensorFlow, it is the preferred platform selected
among other models for a multitude of machine learning as well as
artificial intelligence applications. The architecture of TensorFlow
is given in Figure[6]
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Fig. 6. Architecture of TensorFlow

Figure[f]provides a diagram of the components and connections for
both training and deployment of TensorFlow.

—Keras: Keras is a high-level library developed in Python for
building ML models using TensorFlow. It serves as a high level
API for working with deep learning models to be used by
machine learning frameworks such as TensorFlow. Keras allows
users to experiment with all sorts of different neural network
architectures quickly and prototype rapidly.

3.3 Optimization Process

In machine learning and deep learning, the process of optimization
refers to adjusting a model’s parameters such that it satisfies
a few conditions, which are represented via loss function. The
optimization of this research has followed the steps below:

—Adam Optimizer: The models are trained using Adam
optimizer, which is an adaptive learning rate optimization
algorithm that uses methods from both AdaGrad and RMSProp.

—Learning Rate: This is the rate which will determine how big
of a step is taken for each iteration when moving toward the
minimum point in the loss function (n = 0.0001).

—Loss Function: Categorical cross-entropy loss function is
used here. This loss function is ideally used for multi-class
classification problems where the target variable can be inferred
from a categorical/dependent column:

N C
Loop ==Y viclog(iic) e

i=1 c=1

where N is the mini-batch size, C' = 4 is the number of target
classes, y; . € {0,1} is the true label, and g; . is the model
predicted probability for class c.

—Training Process: The model is trained using the fit method,
which takes the training data generator, the number of epochs
(50), and the validation data generator. The training process
updates the weights of the trainable layers to minimize the loss
function.

—Layer Freezing: The base layer of each model layer is frozen
to keep the pre-trained weights as it is and train only the newly
added dense and dropout layers.
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3.4 Model Evaluation

Model evaluation is a process that provides the performance of
a trained model onto unseen data. The purpose is to understand
how well the model generalizes into new, unknown data. Models
have been evaluated using two methods: performance analysis and
complexity analysis.

3.4.1 Performance Metrics. For the proposed model, some
parameters are used to evaluate the performances and compare their
results. The metrics are used as follows:

Accuracy = TP+TN 2)
Y TPYTN+FP+FN
TP
Precision = ————
recision = 75 3)
TP
T TPYFN @

2 - Precision - Recall
F1-S = 5
core Precision + Recall )
where T'P = True Positive, T'N = True Negative, F'P = False

Positive, and F'N = False Negative.

3.4.2 Complexity Metrics. The complexity analysis of a model
involves evaluating its computational and memory requirements,
which is essential for understanding its scalability and feasibility
for deployment. The metrics of complexity analysis are training
time, required memory, and inference time.

3.5 Research Tools

The research work is fully conducted on Google Colab, so there
is no need for external devices for this work. Additionally, the
cloud-based nature of Colab allows for scalable computations
and flexibility in handling different project requirements, ensuring
there are no obstacles or limitations during the research process.
Transfer learning approach has been implemented using Python
Programming Language.

4. RESULT AND DISCUSSION

This part includes a detailed discussion of the results and findings
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Table 6. Performance Comparison Across Fine-Tuned Models on
the Unseen Test Set

Model Name | MobileNetV2 | InceptionV3 | ResNet50 | VGG19
Precision (%) 98.56 97.21 66.66 84.82
Recall (%) 98.54 97.30 62.02 81.31
F1-Score (%) 98.54 97.19 58.21 81.17

MobileNetV2 (Acc: 97.28%) InceptionV3 (Acc: 96.60%)
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Fig. 7. Multi-class confusion matrices across all four fine-tuned CNN
architectures on the test partition.

4.1.1 Accuracy Analysis. Each model’s accuracy and loss during
testing, training, and validation, have been evaluated to compare
their performances. High accuracy indicates successful data
capture, while low training loss indicates good performance and
shallow loss may indicate overfitting, where the model learns
noise rather than patterns. The training accuracy of MobileNetV2
and InceptionV3 is superior to other models. This remains the
same for validation and test accuracy. MobileNetV2 produced the
lowest loss value. On the other hand, ResNet50 has the highest
loss value among all models. Table [7] presents evaluation metrics
for models, including MobileNetV2, InceptionV3, ResNet50, and
VGG19, training, validation, and testing phases, including accuracy
and loss.

Table 7. Accuracy and Loss Metrics Across Training, Validation,
and Test Phases

throughout the research. The most effective model will be evaluated e Training Validation Testing

using two analyses: Performance analysis and Complexity analysis. Acc. (%) | Loss (%) | Acc. (%) | Loss (%) | Acc. (%) | Loss (%)

MobileNetV2| 95.80 10.97 94.55 12.80 97.29 5.29
InceptionV3 95.89 10.60 97.95 6.72 96.59 7.44
ResNet50 57.14 96.91 61.90 83.92 67.34 76.16
VGGI19 75.10 60.10 87.75 32.46 88.44 37.76

4.1 Performance Analysis

The performance analysis was done using metrics such as

precision, accuracy, recall, and confusion matrix. The precision
of VGG19, ResNet50, InceptionV3, MobileNetV2 was 84.82%,
66.66%, 97.21%, 98.56%. In this case, MobileNetV2 showed the
highest precision and ResNet50 showed the lowest precision. In
this way, MobileNetV2 achieved an F1 score of 98.54% which
is the highest F1 score among all the models. This remains
the same for the recall percentage. On the contrary, ResNet50
achieved the lowest value in all performance metrics in this
experiment. InceptionV3 showed satisfactory value for all metrics.
Table [6] presents performance metrics for four pre-trained models:
MobileNetV2, InceptionV3, ResNet50, and VGG19, evaluating
Precision, Recall, and F1 Score as percentages.

4.1.2  Confusion Matrix. This matrix provides a comprehensive
overview of the accuracy, precision, recall, and F1 score used
by each model, which can be useful in determining the relative
strengths and weaknesses of the models, particularly concerning
unbalanced datasets.

Figure |Z| illustrates the confusion matrix for the MobileNetV2,
VGG19, InceptionV3, and ResNet50 which shows the performance
in classifying four types of fruit conditions: blackspot, canker,
greening, and healthy fruit.
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Performance Metrics Across Pre-Trained Models
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Fig. 8. Comparative diagnostic metrics across the four pre-trained

architectures.

4.2 Complexity Analysis

The complexity analysis is an important factor in evaluating the
models. Training time, inference time, and memory usage are
evaluated for each model to compare their performance.

Table 8. Quantitative Computational Complexity Metrics Across

Models
Metric MobileNetV2 | InceptionV3 | ResNet50 | VGG19
Training Time (s) 406.29 717.00 1040.00 | 3360.14
Inference Latency (s) 83.67 85.73 84.11 80.34
Memory Footprint (MB) 9.82 22.81 34.28 118.59

Table [8] compares four pre-trained models: MobileNetV2, Incep-
tionV3, ResNet50, and VGG19 based on training time, inference
time, and memory usage. MobileNetV2 is the most efficient with
the shortest training time of 406.29 seconds and the lowest memory
usage of 9.82 MB, while VGG19 has the highest training time of
3360.14 seconds and the highest memory usage of 118.59 MB.
Inference times are relatively close across all models, with VGG19
slightly leading at 80.34 seconds.

Figure |§| shows that MobileNetV2 had the highest performance in
the above metric with a precision of 98.56%, 98.54% for recall, and
98.54% in the F1 score hence highly efficient in the classification
of the disease.

4.3 Comparative Discussion

This section will give a comparative discussion of used models
during citrus fruit disease diagnosis using their performance
and complexity metrics. In this work, the models of four
pre-trained models, namely VGG19, ResNet50, InceptionV3, and
MobileNetV2, have been evaluated on the citrus fruit diseases
dataset, and the goal was to select the best model based on
performance and complexity. The performance used to evaluate the
models was precision, recall, F1-score, and accuracy.
MobileNetV2 and InceptionV3 have quite large training accuracies
as well as low training loss, and seem to be tending toward
generalization; in contrast, the accuracies of ResNet50 were sig-
nificantly lower indicating sub-optimal learning and generalization
properties.

After comparing all the analyses, it is found that MobileNetV2
showed the best performance in case of accuracy, memory usage,
training time, and testing time. Also, the lightweight architecture
makes it suitable to deploy on real-time applications.
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S. CONCLUSION

This research work highlights the importance of transfer learning
with four pre-trained models such as MobileNetV2, InceptionV3,
ResNet50, and VGG19 while detecting citrus fruit diseases. The
study concluded that MobileNetV2 is the best pre-trained model
yielding high accuracy for identifying citrus fruit disease from
other models (VGG19, ResNet50, and InceptionV3). It fetches
the highest precision, recall, and F1 score with the dataset.
Thus it has made an excellent training and testing accuracy as
well. InceptionV3 closely finished behind the strong numbers but
ResNet50 was far back. VGG19 resulted in a decent performance.
In the end, MobileNetV2 wins with the highest value for the
problem set, hitting both high accuracy and efficiency thus it is
most effective in terms of performance and complexity.

5.1 Limitations

This study has several limitations. First, the proposed models were
evaluated using only a single citrus fruit dataset consisting of
1,463 images, which is relatively small for training and evaluating
deep learning models. Future research should therefore focus on
expanding the dataset and integrating a broader range of citrus
disease categories to develop more robust and comprehensive
disease classification models.

5.2 Future Scope

The implementation of bio-inspired models, e.g. GWO (Grey
Wolf Optimizer), Particle Swarm Optimizer (PSO), etc. can be a
new direction in future work. In addition, building hybrid models
merging the best of different architectures could be beneficial to
enhance accuracy and robustness. This would be better solved by
including explainable Al techniques, as these make it easier to
comprehend the model’s decision process and lead to trust and
adoption in practice.
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