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Abstract: The identification and classification of diseases in onions after harvest is critical for maintaining quality and minimizing 

economic losses. Traditional methods for disease detection are labor-intensive, subjective, and prone to error. This study investigates the 

use of transfer learning to develop an automated system for identifying and classifying healthy and diseased onions using image analysis. 

This is achieved by creating a model using transfer learning technique with pre-trained Convolutional Neural Networks (CNNs) models 

such as VGG16, ResNet50, and InceptionV3. Fine-tuning and dense layers are added at the end of the pretraining models for accurate 

classification of onions. Performance is assessed using metrics including accuracy, precision, recall, and F1-score. The ResNet50 model, 

in particular, achieved the highest accuracy, with a classification rate of 95.6%, outperforming other tested architectures. This approach 

promises to streamline post-harvest disease management, reduce losses, and ensure higher quality produce reaches consumers. 

Keywords: Convolutional Neural Networks (CNNs), Transfer Learning, VGG16, ResNet50, Inceptionv3, F1-score. 

1. Introduction 

The global agricultural industry continually grapples with 

the challenge of crop diseases [1], which can lead to 

significant economic losses and increased food wastage. 

Onions, a staple in diets worldwide, are particularly 

susceptible to various diseases, especially after harvest. 

Traditional methods of identifying and classifying these 

diseases rely on manual inspection by experts, which is 

often labor-intensive, time-consuming, and prone to human 

error. These limitations underscore the need for more 

efficient and accurate techniques [2] to ensure the quality 

and marketability of onions. 

Recent advancements in artificial intelligence (AI) and 

machine learning (ML) offer promising solutions to these 

challenges. Transfer learning [3], in particular, has emerged 

as a powerful technique in the realm of image classification. 

It leverages pre-trained neural networks to address specific 

tasks with limited data and computational resources. By 

utilizing pre-trained models such as VGG16, ResNet50, and 

InceptionV3, transfer learning can significantly enhance the 

accuracy of disease identification while reducing the need 

for extensive labeled datasets. 

This study aims to develop a robust and efficient system for 

the identification and classification of onion diseases after 

harvest using transfer learning. Automating the detection 

process can enhance the efficiency of post-harvest disease 

management, reduce losses, and improve the overall quality 

of onions reaching the consumer market. The proposed 

system involves collecting a comprehensive dataset of onion 

images, preprocessing and augmenting the data, and fine-

tuning pre-trained convolutional neural networks [14-15], to 

accurately classify healthy and diseased onions. 

This work details about the dataset collection and pre-

processing methods, the implementation of transfer 

learning, and the evaluation of the model's performance. 

Through this research, the aim is to contribute to the 

development of intelligent agricultural systems that support 

farmers and stakeholders in ensuring the quality and safety 

of their produce 

2. Related Work 

The advent of deep learning has revolutionized the field of 

plant disease detection and classification. Deep learning 

models, particularly Convolutional Neural Networks 

(CNNs), have been extensively employed due to their 

superior performance in image processing tasks. This 

literature review consolidates insights from multiple studies 

that focus on the application of deep learning techniques for 

plant disease detection, highlighting the advancements, 

methodologies, and outcomes of various research efforts. 

Li et al. (2021) present a comprehensive review of the 

application of deep learning in plant disease detection and 

classification. The study emphasizes the potential of deep 

learning models to outperform traditional image processing 

methods. The authors discuss various CNN architectures 

such as AlexNet, GoogLeNet, and ResNet, highlighting 

their effectiveness in feature extraction and disease 

identification. The review also addresses the challenges 

associated with deep learning, including the need for large 
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annotated datasets and the complexity of model training. Li 

et al. underscore the importance of transfer learning and data 

augmentation techniques to enhance model performance 

and generalization capabilities. 

Shoaib et al. (2022) focus on the segmentation and 

classification of tomato plant diseases using deep learning. 

The study employs a CNN-based approach for the automatic 

identification of diseases from leaf images. The authors 

utilize a dataset comprising various tomato leaf diseases and 

implement a segmentation algorithm to isolate the diseased 

regions. Following segmentation, a CNN classifier is 

employed to categorize the diseases. The results 

demonstrate high accuracy and robustness of the proposed 

method, suggesting that deep learning can significantly 

enhance the precision of plant disease diagnostics. 

Ahmad et al. (2023) provide a survey of deep learning 

techniques used in plant disease diagnosis. The paper 

reviews different CNN architectures and their applications 

in disease detection. The authors also discuss the integration 

of deep learning with Internet of Things (IoT) and remote 

sensing technologies for real-time disease monitoring. The 

survey highlights the potential of these combined 

approaches to create smart agricultural tools that can assist 

farmers in early disease detection and management. 

Additionally, the authors offer recommendations for future 

research, emphasizing the need for more diverse datasets 

and the development of user-friendly diagnostic tools. 

Tyagi et al. (2024) explore the implementation of various 

CNN architectures, including Inception v3, VGG-16, and 

VGG-19, for the identification and disease detection of 

medicinal plant leaves. The study compares the 

performance of these models in terms of accuracy, 

computational efficiency, and robustness. The authors 

report that Inception v3 outperforms VGG-16 and VGG-19 

in terms of accuracy, while VGG-16 and VGG-19 offer 

competitive results with lower computational costs. The 

findings highlight the importance of choosing appropriate 

CNN architectures based on specific application 

requirements. 

Srivastava et al. (2020) propose a novel deep learning 

framework for the detection of diseases in sugarcane plants. 

The framework integrates a CNN with a feature extraction 

module to enhance the accuracy of disease identification. 

The study utilizes a large dataset of sugarcane leaf images, 

including various disease conditions. The authors 

implement data augmentation techniques to improve the 

model's robustness and generalization. The results indicate 

that the proposed framework achieves high accuracy and 

can effectively differentiate between healthy and diseased 

leaves, providing a reliable tool for sugarcane disease 

management. 

Shahoveisi et al. (2023) investigate the use of image 

processing and transfer learning for the detection of rust 

disease in plants. The study employs a pre-trained CNN 

model fine-tuned on a dataset of rust-infected leaf images. 

The authors utilize transfer learning to leverage the 

knowledge from the pre-trained model, significantly 

reducing the need for extensive training data. The approach 

demonstrates high accuracy in rust disease detection, 

showcasing the effectiveness of transfer learning in 

overcoming data scarcity challenges in plant disease 

diagnostics. 

Algani et al. (2023) present an optimized deep learning 

approach for the identification and classification of leaf 

diseases. The study employs a CNN model optimized using 

techniques such as hyperparameter tuning and model 

pruning to enhance performance and reduce computational 

overhead. The authors compare the optimized model with 

standard CNN architectures, reporting superior accuracy 

and efficiency. The study underscores the importance of 

model optimization in developing practical and deployable 

deep learning solutions for plant disease detection. 

 Historically, farmers relied on visual inspection and 

traditional knowledge to identify and manage crop diseases. 

Over time, the integration of plant pathology with 

agricultural practices allowed for a more scientific approach 

to disease management. Disease identification and 

classification in agricultural crops are crucial for ensuring 

food security, improving crop yields, and maintaining the 

health of agricultural ecosystems. Identifying and 

classifying crop diseases accurately enables timely 

interventions, minimizing crop losses and promoting 

sustainable agriculture. The following table 1 summarizes 

about the crop disease and how deep learning techniques are 

evolved for identification. This table highlights the 

methodologies in the field, providing a comprehensive 

overview of the latest research on deep learning, transfer 

learning, and agricultural disease classification. 

3. Research Objective 

The primary objective of this research is to develop an 

automated system for the identification and classification of 

post-harvest onion diseases using transfer learning through 

data collection, preprocessing, augmentation, pre-training 

and fine-tuning for the contribution to best agricultural 

practices to reduce post-harvest loss.  

4. Proposed Methodology 

The proposed methodology is to develop a system to 

classify healthy and diseased onions using onion image 

dataset. The system architecture Figure 1 depicts the steps 

that are used to classify onions with collection of labelled 

datasets. The resized and normalized images are fed to pre-

trained models which composes of Convolution layers [16-

17], ReLU activation and MaxPooling. The output from the 

pretrained layers is passed into dense layer of 1024 units and 
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512 units which generated an output classification of the 

onion images. 

4.1. Data Collection and Annotation 

A dataset of 1500 images of healthy and various diseased 

onions are collected and categorized as healthy and diseased 

onions. Annotations are added to these images to create a 

labelled dataset. 

4.2. Data Preprocessing 

The dataset images are converted to 224x224 sized images. 

Normalize these images using histogram techniques to 

enhance the quality of the images.  

4.3. Data Augmentation 

The data augmentation is performed to increase the diversity 

of the training set and reduce overfitting. This may include 

rotations, translations, scaling, and flipping. Data 

augmentation often involves combining multiple techniques 

to create a richer dataset. For instance, an image may be first 

rotated, then translated, and finally scaled. The overall 

transformation can be represented as a sequence of 

individual transformations applied to the image. For 

example, combining rotation, translation, and scaling. 

𝐼"(𝑥, 𝑦) =  𝐼 (
(𝑥 𝑐𝑜𝑠 𝜃−𝑦 𝑠𝑖𝑛 𝜃− ∆𝑥)

𝑠
,

(𝑥 𝑠𝑖𝑛 𝜃+𝑦 𝑐𝑜𝑠 𝜃− ∆𝑦)

𝑠
  ) 

 (1) 

Where x represents the horizontal coordinate of a pixel, 

representing the column index and y represents the vertical 

coordinate of a pixel, representing the row index. θ is 

rotation angle in radians, s is the scaling factor. Δx and Δy 

defines the top-left corner of the cropping window. 

 

 

 

Table 1: Summary of related work on plant disease classification using Deep Learning 

 

Reference 

Research 

Problem & 

Significance 

Methodology 
Key Findings 

& Results 
Contributions Strengths Weaknesses 

Lili Li, et 

al. (2021) 

[4] 

Review of 

deep learning 

applications 

in plant 

disease 

detection to 

highlight 

advancement

s and 

challenges 

Comprehensiv

e literature 

review of 

various CNN 

architectures 

(AlexNet, 

GoogLeNet, 

ResNet) and 

techniques like 

transfer 

learning and 

data 

augmentation 

Deep learning 

models 

significantly 

outperform 

traditional 

methods; 

challenges 

include large 

dataset 

requirements 

and training 

complexity 

Overview of 

current state-of-

the-art, 

identification of 

key challenges, 

and future 

research 

directions 

Extensive review 

with detailed 

analysis 

Limited 

empirical 

results; 

primarily 

theoretical 

Muhamma

d Shoaib, et 

al. (2022) 

[5] 

Detection and 

classification 

of tomato 

plant diseases 

using deep 

learning 

CNN-based 

segmentation 

algorithm to 

isolate diseased 

regions 

followed by 

classification 

High 

accuracy and 

robustness in 

disease 

detection 

Demonstrates 

effective 

segmentation and 

classification 

methodology 

High precision 

and robust model 

Focuses only 

on tomato 

plant 

diseases; 

needs 

validation on 

other crops 

Aanis 

Ahmad, et 

al. (2023) 

[6] 

Survey of 

deep learning 

techniques 

for plant 

disease 

diagnosis and 

development 

of appropriate 

tools 

Review of 

various CNN 

architectures 

and integration 

with IoT and 

remote sensing 

Highlights 

potential of 

integrated 

approaches 

for real-time 

disease 

monitoring 

Provides 

recommendation

s for future 

research and tool 

development 

Comprehensive 

survey with 

practical 

recommendation

s 

Lacks 

empirical 

validation of 

surveyed 

techniques 
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Kunal 

Tyagi, et al. 

(2024) [7] 

Identification 

and disease 

detection of 

medicinal 

plant leaves 

using 

different 

CNN 

architectures 

Comparison of 

Inception v3, 

VGG-16, and 

VGG-19 

architectures 

Inception v3 

outperforms 

VGG-16 and 

VGG-19 in 

accuracy; 

VGG models 

offer lower 

computationa

l costs 

Highlights 

strengths of 

different CNN 

architectures for 

specific tasks 

Comparative 

analysis provides 

insights into 

model selection 

Limited to 

medicinal 

plants; 

computationa

l efficiency 

not deeply 

explored 

Sakshi 

Srivastava, 

et al. (2020) 

[8] 

Development 

of a deep 

learning 

framework 

for sugarcane 

disease 

detection 

CNN 

integrated with 

feature 

extraction 

module, using 

data 

augmentation 

techniques 

High 

accuracy in 

differentiatin

g healthy and 

diseased 

leaves 

Effective 

framework for 

sugarcane 

disease 

management 

High accuracy 

and robust 

framework 

Focused on a 

single crop; 

needs 

validation on 

other plants 

Fereshteh 

Shahoveisi, 

et al. (2023) 

[9] 

Detection of 

rust disease 

using image 

processing 

and transfer 

learning 

Fine-tuning a 

pre-trained 

CNN on rust-

infected leaf 

images 

High 

accuracy in 

rust disease 

detection 

Demonstrates 

effectiveness of 

transfer learning 

in plant disease 

detection 

Utilizes transfer 

learning to 

overcome data 

scarcity 

Limited to 

rust disease; 

may not 

generalize to 

other diseases 

Yousef 

Methkal 

Abd 

Algani, et 

al. (2023) 

[10] 

Identification 

and 

classification 

of leaf 

diseases 

using 

optimized 

deep learning 

CNN model 

optimized with 

hyperparamete

r tuning and 

model pruning 

Superior 

accuracy and 

efficiency 

compared to 

standard 

CNNs 

Highlights 

importance of 

model 

optimization 

High accuracy 

and 

computational 

efficiency 

Specific 

optimization 

techniques 

may not be 

universally 

applicable 

Dwivedi et 

al. (2021) 

[11] 

Multi-task 

learning and 

attention 

features for 

grape disease 

detection. 

Aims to 

enhance 

detection 

performance. 

Multi-task 

learning and 

attention 

mechanisms in 

a CNN 

framework. 

Improved 

accuracy and 

robustness in 

grape disease 

detection. 

Introduces multi-

task learning and 

attention features 

in plant disease 

detection. 

Enhanced 

performance 

through multi-

task learning. 

Specific to 

grape disease 

detection. 

Hridoy et 

al. (2021) 

[12] 

Recognition 

of papaya 

diseases 

using an 

ensemble of 

EfficientNet 

models. Aims 

for high 

accuracy and 

robustness. 

Deep ensemble 

approach using 

multiple 

EfficientNet 

models. 

High 

accuracy in 

papaya 

disease 

recognition. 

Demonstrates the 

effectiveness of 

ensemble 

methods. 

High accuracy 

through 

ensemble 

learning. 

Limited to 

papaya 

diseases. 
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Fig. 1. System architecture to classify healthy and diseased onions 

4.4. Transfer Learning with Pre-trained CNNs 

To implement transfer learning, pre-trained models such as 

VGG16, ResNet50, and InceptionV3 are used. The top 

layers of the pre-trained models are removed and replaced 

with new fully connected layers tailored to the classification 

of onion diseases. 

i) VGG16 training model 

The VGG16 model is a convolutional neural network 

architecture for Large-Scale Image Recognition. The first 

layer is the input layer which takes input as an image of 

fixed size 224×224×3 (width, height, and RGB channels).  

It consists of multiple convolutional layers. Each 

convolutional layer performs the following operation, 

𝑂𝑢𝑡𝑝𝑢𝑡 = 𝑅𝑒𝐿𝑈(𝑊 ∗ 𝑋 + 𝑏)                 (2) 

Where W represents the filter weights, X is the input feature 

map, b is the bias term, ∗ denotes the convolution operation, 

ReLU is the Rectified Linear Unit activation function. 

VGG16 has a total of 13 convolutional layers organized into 

5 blocks, where each block has 2 or 3 convolutional layers. 

After each block of convolutional layers, a max-pooling 

layer is applied to reduce the spatial dimensions. 

𝑂𝑢𝑡𝑝𝑢𝑡𝑖,𝑗 = 𝑚𝑎𝑥𝑚,𝑛(𝐼𝑛𝑝𝑢𝑡2𝑖+𝑚,2𝑗+𝑛)      (3) 

Where the pooling operation considers a 2×2 window with 

a stride of 2. The output is passed through a softmax 

function to obtain class probabilities. 

         𝑃(𝑦 = 𝑐|𝑥) =
exp (𝑊𝑐.𝑋+𝑏𝑐)

∑ exp (𝑊𝑗
1000
𝑗=1 .𝑋+𝑏𝑗)

         Eq. (4) 

Where P(y=c∣x) is the probability of class c given input x. 

Wc and bc are the weights and bias for class c. The 

denominator sums over all 1000 classes. Each "Conv3-X" 

denotes a convolutional layer with a 3×3 kernel and X 

filters. The max-pooling layers have a 2×2 window with a 

stride of 2. The fully connected layers (FC) have 4096 

neurons each, except for the final one, which has 1000 

neurons for classification. 

ii) ResNet50 training model 

ResNet50, a variant of the ResNet (Residual Network) 

architecture, is designed to ease the training of very deep 

networks by introducing residual learning. The input to 

ResNet50 is an image of fixed size 224×224×3 (width, 

height, and RGB channels). ResNet50 starts with a 

convolutional layer followed by a max pooling layer. 

      𝐶𝑜𝑛𝑣1: 𝑋1 = 𝑅𝑒𝐿𝑈(𝑊1 ∗ 𝑋 + 𝑏1)     (5)  

𝑀𝑎𝑥 𝑃𝑜𝑜𝑙𝑖𝑛𝑔: 𝑋2 = 𝑀𝑎𝑥 𝑃𝑜𝑜𝑙𝑖𝑛𝑔 (𝑋1)    (6) 

Where W1 and b1 are the weights and biases of the first 

convolutional layer and MaxPool denotes the max pooling 

operation. ResNet50 consists of multiple residual blocks. 

Each residual block can be represented by the following 

equations, 

       𝑂𝑢𝑡𝑝𝑢𝑡 = 𝑅𝑒𝐿𝑈(𝐹(𝑋, {𝑊𝑖}) + 𝑋)      (7) 

where X is the input to the residual block, F(X,{Wi}) is the 

residual function representing the stack of convolutional 

layers within the block, {Wi} denotes the weights of these 

convolutional layers. Each residual block in ResNet50 has 

two types: Identity Block with no change in dimensions and 

Convolutional Block with downsampling, 

𝑂𝑢𝑡𝑝𝑢𝑡 (𝐼𝑑𝑒𝑛𝑡𝑖𝑡𝑦 𝐵𝑙𝑜𝑐𝑘) = 𝑅𝑒𝐿𝑈(𝑊3 ∗ 𝑅𝑒𝐿𝑈(𝑊2 ∗

𝑅𝑒𝐿𝑈(𝑊1 ∗ 𝑋 + 𝑏1) + 𝑏2) + 𝑏3 + 𝑋)              

 (8) 

𝑂𝑢𝑡𝑝𝑢𝑡 (𝐶𝑜𝑛𝑣 𝐵𝑙𝑜𝑐𝑘) = 𝑅𝑒𝐿𝑈(𝑊𝑠 ∗ 𝑋 + 𝑏𝑠 +

 𝐹(𝑋, {𝑊𝑖})   (9) 

In ResNet50, each residual block uses a bottleneck 

architecture which consists of three layers 1×1 Convolution 

(reduces dimensions), 3×3 Convolution and 1×1 

Convolution (restores dimensions). After the stack of 

residual blocks, an average pooling layer is applied, 

followed by a fully connected layer for classification. 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑃𝑜𝑜𝑙𝑖𝑛𝑔: 𝑋𝑎𝑣𝑔 =
1

𝐻×𝑊
∑ ∑ 𝑋𝑖,𝑗

𝑊
𝑗=1

𝐻
𝑖=1   

 (10) 

Where H and W are the height and width of the feature map. 
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𝐹𝑢𝑙𝑙𝑦 𝐶𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑 𝐿𝑎𝑦𝑒𝑟: 𝑃(𝑦 = 𝑐|𝑋𝑎𝑣𝑔 =

exp(𝑊𝑐.𝑋𝑎𝑣𝑔+𝑏𝑐)

∑ exp (1000
𝑗=1 𝑊𝑗.𝑋𝑎𝑣𝑔+𝑏𝑗)

                     (11) 

Each convolutional block and identity block follows the 

bottleneck architecture, allowing for the efficient training of 

deep networks through residual connections. 

iii) InceptionV3 

InceptionV3 is a convolutional neural network architecture 

which includes several improvements over its predecessors 

to increase efficiency and accuracy. The input to Inception 

V3 is an image of fixed size 299×299×3 (width, height, and 

RGB channels). Inception V3 begins with several 

convolutional and pooling layers. 

𝐶𝑜𝑛𝑣2: 1𝑎: 3 × 3: 𝑋1 = 𝑅𝑒𝐿𝑈(𝑊1 ∗ 𝑋 + 𝑏1) 

𝐶𝑜𝑛𝑣2: 2𝑎: 3 × 3: 𝑋2 = 𝑅𝑒𝐿𝑈(𝑊2 ∗ 𝑋1 + 𝑏2) 

𝐶𝑜𝑛𝑣2: 2𝑏: 3 × 3: 𝑋3 = 𝑅𝑒𝐿𝑈(𝑊3 ∗ 𝑋2 + 𝑏3) 

𝑀𝑎𝑥 𝑃𝑜𝑜𝑙𝑖𝑛𝑔: 𝑋4 = 𝑀𝑎𝑥𝑃𝑜𝑜𝑙 (𝑋3) 

𝐶𝑜𝑛𝑣2: 2𝑑: 3𝑏: 1 × 1: 𝑋5 = 𝑅𝑒𝐿𝑈(𝑊4 ∗ 𝑋4 + 𝑏4) 

𝐶𝑜𝑛𝑣2: 2𝑑: 4𝑎: 3 × 3: 𝑋6 = 𝑅𝑒𝐿𝑈(𝑊5 ∗ 𝑋5 + 𝑏5) 

𝑀𝑎𝑥 𝑃𝑜𝑜𝑙𝑖𝑛𝑔: 𝑋7 = 𝑀𝑎𝑥𝑃𝑜𝑜𝑙 (𝑋6)   

 (12) 

Inception modules are the core components of InceptionV3, 

allowing multiple convolution operations in parallel within 

the same layer. Each Inception module can be represented 

by, 

𝑂𝑢𝑡𝑝𝑢𝑡 =

𝐶𝑜𝑛𝑐𝑎𝑡(𝐵𝑟𝑎𝑛𝑐ℎ1, 𝐵𝑟𝑎𝑛𝑐ℎ2, 𝐵𝑟𝑎𝑛𝑐ℎ3, 𝐵𝑟𝑎𝑛𝑐ℎ4)        

(13) 

Where Concat denotes the concatenation of outputs from 

different branches. Each branch applies different operations 

such as 1×1, 3×3 and 5×5 convolutions, or pooling 

operations. Reduction modules reduce the spatial 

dimensions of feature maps, usually with stride-2 

convolutions or pooling. Inception V3 includes auxiliary 

classifiers to help with gradient flow during training, 

𝐴𝑢𝑥𝑖𝑙𝑖𝑎𝑟𝑦 𝑂𝑢𝑡𝑝𝑢𝑡 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑎. (𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝑋) + 𝑏𝑎)  

(14) 

Where AvgPool is average pooling, Wa and ba are weights 

and biases for the auxiliary classifier. Inception V3 uses 

these sophisticated modules to efficiently capture both local 

and global features, and the auxiliary classifiers help 

improve the training process. 

4.5. Fine-tuning 

Fine-tune the pre-trained models on the onion dataset by 

adjusting the weights of the new layers while keeping the 

pre-trained weights fixed or with minimal adjustments. A 

fully connected layer with 1024 units and ReLU activation 

is added. A dropout layer with a dropout rate of 0.5 is used 

to prevent overfitting. 

4.6. Dense Layer 

A fully connected layer with 512 units and ReLU 

activation is added and a dropout layer with a dropout rate 

of 0.5 is used for regularization. The final dense layer has 2 

units (assuming binary classification) and uses softmax 

activation to output class probabilities. The model is 

compiled with the Adam optimizer, categorical cross-

entropy loss (suitable for multi-class classification), and 

accuracy as the evaluation metric. This designed system is 

to leverage the feature extraction capabilities of the pre-

trained model while fine-tuning the dense layers for the 

specific task of onion disease classification. 

5. Results and Discussions 

The models are evaluated using the metrics such as 

accuracy, precision, recall, and F1-score. The accuracy 

metric for each model is depicted in the below table 2 and 

ROC graphical representation is given in figure 2. The table 

and figure shows that ResNet50 produces accurate 

classification of onion images compared to VGG16 and 

Inceptionv3. 

Table 2: Metrics of Performance 

Model Accuracy Precisio

n 

Recall F1-Score 

VGG16 0.90 0.94 0.96 0.95 

ResNet50 0.956 0.96 0.98 0.95 

Inceptionv3 0.80 0.95 0.97 0.96 

 

Fig. 2. ROC for performance of models 

The following graph figure 3 to figure 5 depicts the training 

and validation accuracy with accuracy vs epoch starting 

from 1 for each model. 
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Fig. 3. Accuracy graph of VGG16 

      

 

Fig. 4. Accuracy graph of ResNet50 

 

Fig. 5. Accuracy graph of Inception V3  

                 

 

Fig. 6. Loss graph of VGG16 

 

Fig. 7. Accuracy graph of ResNet50  

       

Fig. 8. Loss graph of Inception V3      

The VGG16, ResNet50, Inception V3 model accuracy as 

epochs progress is measured, starting at 1 epochs with 

ResNet50 giving more accuracy and other models accelerate 

more trainings. The loss represented in figure 6 to figure 8 

is measured across epoch measures consistent reduction and 

effective optimized learning with ResNet50 model having 

minimum loss and other models initiate leanring phase. 

Table 3 represents the maximum values obatained for 

Accuracy and loss in each model. 

Table 3. Accuracy and Loss Values 

Model 

Training 

Accurac

y 

Validation 

Accurac

y 

Trainin

g 

Los

s 

Validatio

n 

Loss 
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VGG16 93.2 91.2 20.2 24.6 

ResNet5

0 
94.5 95.6 15.9 22.3 

Inceptio

n 

V3 

82.7 81.2 43.3 20.6 

6. Conclusion 

This work inculcates transfer learning for the identification 

and classification of post-harvest onion diseases. The deep 

architecture of ResNet50, with its residual connections, 

enabled the model to extract and learn complex features 

from the onion images. This robust feature extraction was 

crucial for achieving high classification performance. By 

leveraging the power of pre-trained convolutional neural 

networks, specifically ResNet50, we achieved significant 

results in accurately detecting and categorizing onion 

diseases. The transfer learning approach using ResNet50 

achieved a commendable accuracy of 95.6%. This 

efficiency makes transfer learning a practical and scalable 

solution for agricultural applications where large datasets 

may not be readily available. The successful 

implementation of transfer learning for onion disease 

identification automates the disease identification process 

by reducing the need for manual inspections, saving time 

and reducing labor costs. The future work can include real-

time implementation of tools like mobile applications or IoT 

systems to make it more user friendly. It can also be 

combined using other techniques for enhancing disease 

identification accuracy and reliability. 
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