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Abstract- 
 
Potato is a globally important crop, and its yield is 
significantly threatened by various leaf diseases such as Early 
Blight and Late Blight. Manual disease diagnosis is time 
consuming, subjective, and often inaccurate in large-scale 
farming. In this study, we present an automated system for 
the classification of potato leaf diseases using deep learning 
techniques. The dataset used consists of images belonging to 
three categories: Potato_Early_blight, Potato_Late_blight, and 
Potato_Healthy. To achieve high classification accuracy, we 
employed both a custom Convolutional Neural Network 
(CNN) and several transfer learning models including 
MobileNetV2, ResNet50, and VGG16. The data was 
augmented using various real-time image transformations to 
improve generalization and robustness. Among all models 
evaluated, ResNet50 and VGG16 achieved the highest 
accuracy of 99.61%, clearly outperforming the custom CNN 
and MobileNetV2. Additionally, Grad-CAM (Gradient-
weighted Class Activation Mapping) was used to visualize 
model attention, offering explainability and trust in the 
model's predictions. The final system is suitable for real-time 
deployment using Streamlit, allowing users to upload leaf 
images and instantly receive diagnostic results. This work 
demonstrates that deep learning, when combined with 
effective data preprocessing and transfer learning, can 
provide an accurate, efficient, and scalable solution for 
disease detection in potato crops. The proposed method can 
be extended to other plant disease identification tasks, thus 
supporting smart agriculture initiatives and precision 
farming. 
 
Keywords: Potato Leaf Disease, Deep Learning, 
Convolutional Neural Networks (CNN), Transfer Learning, 
ResNet50, VGG16, MobileNetV2, Image Classification, Grad-
CAM. 
 

I. INTRODUCTION 
 

Agriculture contributes to alleviating poverty and fosters 
economic growth of individual farmers and countries’ gross 

domestic product (GDP). It is crucial for ensuring food 
security and sustaining the livelihoods of the planet Earth [1]. 
Therefore, on a global scale, more food production is the most 
powerful weapon to deal with food insecurity [2]. In rural 
areas, agriculture is a primary livelihood, where about 80% of 
people are directly and indirectly involved in agricultural 
activities [3]. Among the different food crops cultivated 
globally, potatoes stand as the most favoured one. Regarding 
human consumption, potatoes are the third most substantial 
food crop after cereals (rice and wheat) worldwide [4]. 
Potatoes form a staple food for millions and are rich in 
essential vitamins, minerals, nutrients, proteins, and energy 
[5]. Economically, potato crops essentially contribute to the 
agricultural GDP of many countries. For instance, the U.S. 
potato industry alone generated an estimated $100.9 billion 
in economic activity in 2021, supporting over 714,000 
employees and contributing $34 billion in wages [6]. Aligning 
with the Sustainable Development Goals (SDGs), potatoes 
contribute to several foods security targets. They are essential 
for promoting SDG 2: Zero Hunger [7], by providing a reliable 
and nutritious food source that can help reduce starvation 
and under nutrition. Moreover, sustainable potato cultivating 
practices can support SDG 12: Responsible Consumption and 
Production [8], by advancing efficient utilization of natural 
resources and reducing food waste. In general, the role of 
potatoes in enhancing food security and supporting 
economical agricultural practices underscores its worldwide 
importance. 
 
A comprehensive Sankey diagram as presented in Figure 1.1 
highlights the extensive range of potato diseases detected by 
various studies from 2007 to 2024. This diagram illustrates 
the intricate connections between the general category of 
plant diseases, the specific crop of potatoes, and the detailed 
list of diseases that have been the focus of research over the 
years. The two thick lines driving from ‘‘Plant Disease’’ to 
‘‘Crop Potato’’ and after that to ‘‘Early Blight’’ and ‘‘Late 
Blight’’ (EB and LB, respectively) show that these two 
diseases are the most common among the ones considered. 
These thick lines imply that a considerable number of 
analysts universally have concentrated their endeavors on 
foreseeing and overseeing these diseases. The variety of 
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thinner lines connecting ‘‘Crop Potato’’ to other diseases such 
as Bacterial Wilt, Common Scab, Black Scurf, and others 
reflect the differences of pathogens influencing potatoes and 
the broader scope of investigation aimed at understanding 
and mitigating these threats. Each line represents the linkage 
between the plant diseases affecting potatoes and the specific 
type of disease, emphasizing the comprehensive nature of the 
studies conducted over a long time. This chart not only 
underscores the significance of EB and LB within the context 
of potato disease research but also gives a visual outline of 
the broader range of diseases that have been inspected, 
subsequently offering a holistic view of the endeavors made 
to ensure the health and productivity of potato crops 
globally. The major potato diseases include LB, caused by 
water mold infestans [9], and EB, favoured by warm and wet 
weather conditions [10]. The agent responsible for LB is a 
fungal phytopathogen, known as Phytophthora Infestans and 
the Alternaria Solani/Alternata is responsible for EB [11]. In 
summary, potato LB is caused by humid, warm weather along 
with frequent precipitation and moderate temperature (15◦C 
- 20◦C) [12]. These diseases are notorious for their impact on 
potato crop cultivation worldwide. To get rid of diseases, 
pesticides are overused which further exploits human health 
and the environment [13] [14[15].  
 
Applying artificial intelligence to detect and classify plant 
diseases enables farmers to intervene early. Expert 
laboratory study of plant leaves is a protracted and expensive 
endeavour. Farmers may swiftly and consistently make 
decisions through an easily accessible artificial intelligence 
system, facilitating early disease intervention and cost 
reduction [17], [18]. The application of artificial intelligence 
in agriculture is more significant due to advancing 
technologies. The adoption of artificial intelligence in 
agriculture has accelerated due to advancements in image 
processing and big data. Deep learning and machine learning 
research assist farmers in making educated decisions by 
swiftly processing agricultural data. Artificial intelligence 
systems identify plant diseases and detrimental elements 
that may adversely impact plant growth [19]. Deep learning 
techniques yield insights such as disease assessment and 
plant health evaluation by analyzing numerous plant images. 
Monitoring the products cultivated on agricultural grounds is 
essential to enhance the productivity and quality of crops in 
agriculture. Deep learning techniques are commonly 
employed to monitor and analyze agricultural products using 
images [20]. Deep learning techniques have been employed 
to address intricate issues rapidly and efficiently, facilitating 
their application in agriculture. The presence of fungi, 
microorganisms, and bacteria on plants can diminish the 
productivity of the cultivated crop. If these problems 
affecting the facility are not addressed promptly, significant 

economic losses will ensue. Nonetheless, the unintentional 
application of pharmaceuticals in research aimed at disease 
prevention in foliage adversely affects the environment and 
natural ecosystems. The excessive use of pharmaceuticals 
might adversely impact the natural water and soil cycles. In 
plant disease prevention, image processing and deep learning 
are often techniques for detecting plant leaf diseases. One of 
these studies [21] employed deep learning convolutional 
neural network designs for disease detection with tomato leaf 
images. This study involved training images of tomato leaves 
using the convolutional neural network architectures AlexNet, 
ResNet, and GoogLeNet to analyse the characteristics of 
diseases. The study revealed that the ResNet architecture 
identified tomato plant diseases with an accuracy of 97.28% 
during the training experiment utilizing the Stochastic 
Gradient Descent (SGD) optimization algorithm. A hybrid 
classifier method proposed for detecting diseases on plant 
leaves, [22] aims to classify leaf diseases of the bell pepper 
plant. The combined features of local binary pattern (LBP) 
and VGG-16structures were used for feature extraction. 
Random forest (RF) was used in the classification stage. A 
study on olive plant leaf diseases [23] established a 
specialized structure integrating Convolutional Neural 
Network architecture with Vision Transformer architecture. 
To do this, images were transformed into HSV, YUV, Lab, and 
RGB formats, and the Otsu thresholding method was applied 
to the channels containing specific information in each image 
format. This procedure allows for the acquisition of 
properties of the warped leaf sections to a specific extent. The 
study employed a two-stage technique to identify and 
categorize leaf degradation. Initially, a CNN based pixel 
classifier was used to distinguish healthy leaves from 
damaged ones. In the second stage, the compromised leaf 
pixels were classified internally. A study on disease detection 
in potato plants [24] examined the categorization of diseases 
in potato leaves utilizing the Plant Village plant disease 
dataset, an open resource. This work aimed to differentiate 
between three distinct classes, comprising images of two 
potato plant diseases and healthy plants. A threshold value 
was established on this channel to eliminate the background. 
The images acquired from the feature extraction process were 
classified into late blight, early blight, and disease-free 
categories using a Support Vector Machines classifier. The 
study suggested a computationally efficient model that 
attained a 95% accuracy rate. Different data sets are used in 
studies conducted to detect and classify leaf diseases. An 
important problem in these data sets may be the imbalance of 
the number of samples. In cases where the number of samples 
is imbalanced, the accuracy of the class with the majority of 
data tends to be high. In classes with a small number of data, 
performance tends to be low due to low diversity and 
randomness [25]. Data sets obtained in laboratory 
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environments are more suitable for feature extraction with 
image preprocessing steps. Controlled lighting and a 
homogeneous background in the environment ease 
extracting leaf features. Such data sets help deep learning 
models achieve higher results. In addition to images taken in 
laboratory environments, field images are taken from the 
garden or field. These real-world data sets may have different 
lighting environments, difficult shooting conditions, and 
background clutter. In a study conducted in this field [26], the 
SaudiArabiaFlora Dataset belonging to some plant species in 
Saudi Arabia was created. This classifier structure, produced 
using the features of MobileNet, Inception, and VGG 
architectures, was improved to classify the created real-
world dataset. In a study investigating the detection of 
situations such as ripening and damage in soybean plants 
with the deep learning method [27], techniques that will 
increase the performance of InceptionV3 architecture were 
examined. In this study, five different image classes belong to 
soybeans. The study investigated the effects of the layers 
added to the InceptionV3 architecture and the pre-trained 
model on performance [28]. The study also examined the 
impact of the transfer learning method on disease detection 
in the sunflower plant. The studies revealed that the 
EfficientNetB3 architecture outperformed other 
architectures regarding results. Many different methods have 
been preferred for classifying plant diseases in the literature. 
One is to improve the structure of deep learning 
architectures to increase classification accuracy. In many 
studies, an increase in accuracy rates has been observed with 
the proposed new deep learning architectures. Another 
perspective on plant disease classification has been 
examining the effect of transfer learning on state-of-the-art 
models. The effects of the transfer learning method on deep 
learning architectures, which are frequently preferred in 
detecting plant diseases, have been examined. Along with 
these studies, there are also studies in which the analyses are 
improved by performing operations on the images in plant 
disease datasets. These studies include systems that separate 
and analyse the leaf region from the 71824 background. The 
applicability of these methods for each dataset and 
environmental factor varies in many studies [29]. 
Considering the reviewed literature studies, the proposed 
method was to analyse the leaf regions desired to be 
classified by extracting them from the noise. Some 
segmentation methods in the literature have been tried in 
this field, and the BorB segmentation method has been 
proposed. Each of the diseased leaves collected for the 
dataset has its characteristics. Since few diseased leaves are 
obtained in this area, there are few images in the dataset. The 
data augmentation technique has been tried in this study to 
solve one of the problems in plant disease datasets: data 
scarcity. The dataset to which preprocessing steps have been 

applied has been made ready for training with deep learning 
architectures. At this stage, the transfer learning method has 
been used for deep learning architectures, considering that it 
will increase the accuracy rate in training. The effect of each 
method applied is presented in the results section, and 
detailed analyses are provided. In this way, each stage of the 
integrated classifier method presented in the research has 
become valuable. This study explores the application of deep 
learning techniques for accurate and efficient potato disease 
detection, a critical aspect of modern agriculture. In response 
to the growing global demand for food and the increasing 
prevalence of potato diseases, this research aims to enhance 
crop productivity and quality by enabling timely and accurate 
disease identification. 
 
1.4 Objectives of the Research  
 
Potatoes are a fundamental food crop and source of food for a 
wide range of populations [30] and are crucial for food 
security [31]. Potato disease modeling has improved with 
advanced technologies, but there are still important research 
gaps, especially in using time series forecasting. Traditional 
methods of disease detection in potatoes depend on manual 
checks, which is hard work and needs expert knowledge, 
causing delays in finding and responding to diseases. Most 
research focuses on identifying diseases using images [32], 
[33], [34] helpful but has its limits in early detection. The 
upsides of advancing disease detection in potatoes extend 
beyond enhancing crop yields. Healthy potato crops can thus 
have a direct impact on human health, providing a nutritious 
food source that supports overall well-being.  
 
According to Masanobu Fukuoka [35] ‘‘the ultimate goal of 
farming is not the growing of crops, but the cultivation and 
perfection of human beings’’. Over time, various practices for 
disease classification have already been implemented [36]. 
Traditional practices can be tedious and costly. Thus, there is 
a decisive necessity to automate disease management more 
effectively and economically using ML and Artificial 
Intelligence (AI) which ensure timely and accurate disease 
detection and facilitate farmers to manage their crops 
efficiently. However, the application of these technologies in 
agriculture is still new and there are many challenges to 
overcome to fully recognize their abilities. 
 
Therefore, there’s a need for better, automated methods to 
predict diseases, helping to reduce crop losses and ensure 
food security. Most research relies on images, but we need to 
explore time series data, including weather and plant 
conditions. This gap is a chance for more research. This thesis 
aims to close the gap between manual and advanced 
techniques, showing new methods for early disease detection 
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and management. These advanced techniques could lead to 
better results, helping future studies, improving resource use, 
and enhancing food security. In recent years, potato 
cultivation has been drastically influenced by diseases [37]. 
Early and timely detection of outbreaks can prevent 
significant financial losses for farmers. Scientists have 
suggested that forecasting algorithms provide early 
predictions to help in preventing and controlling various 
diseases.  The objective of this study is,  
 
i) to understand the importance of potatoes for global food 
security, provide a thorough review of existing methods used 
by researchers globally for potato disease management by 
focusing on advancements in modern technology, and  
 
ii) Suggest improvements in efficient potato cultivation to 
ensure its role in mitigating global food security issues. 
 

II. LITERATURE SURVEY 
 
According to Nishad et al. [38] in 2022, K-means clustering 
and data augmentation are performed. VGG16 outperforms 
97% accuracy, followed by VGG19 and then ResNet with 95% 
and 67% accuracy, respectively. The imagery data composed 
of unhealthy (EB and LB), and standard (healthy) leaves were 
taken from a repository available on Kaggle for examination 
using the CNN model with 96.8% accuracy. Pasalkar et al. 
[39], Sai Ponnuru and Amasala [40], and N. The dataset from 
Kaggle called the new ‘‘plant disease dataset’’ (PDD) was 
taken with 600 images and resulted in 97.4% accuracy for 
the study [41], whereas the Plant Village dataset from Kaggle 
was taken for the study [42], and achieved an impressive 
accuracy of 99.54% and 97.82%, respectively. Catal Reis and 
Turk [43], For classification, 10 distinct models were used, 
including DenseNet201, DenseNet121, NasNetLarge, 
Xception, ResNet152v2, EfficientNetB5, EfficientNetB7, 
VGG19, MobileNetV2, and hybrid model (EfficientNetB7 and 
ResNet152V2). The highest accuracy of 98.67% was obtained 
by DenseNet201 with a loss of 0.04. Anim-Ayeko et al. 2023 
[44], (2152: potato and 4500: tomato). Other performance 
metrics like rec, pre, and F1-Score have also been observed. 
Pineda Medina et al. 2024 [45], developed an offline mobile 
application for detecting potato diseases into three different 
classes (EB, LB, and healthy). Shrivastava et al. [46] for the 
detection of three classes of potato diseases using image 
classification was carried out in 2023. The VGG19 and 
ODCNN models were adopted for the analysis. For D1 and D2, 
accuracy rates of 98.26% and 99.22%, respectively were 
obtained. For EB disease identification at different growth 
stages,  
For plant disease identification, Jha et al. 2024, [47] proposed 
DNN-based ensemble models which integrate Residual Net, 

MobileNet, and Inception models. The disease classification 
was carried out for infected (EB and LB) and healthy classes 
based on the Plant Village dataset having 857 images. The 
ensemble model resulted in 98.86% accuracy which should be 
higher than individual DNN models. In 2021, Kumar Shukla et 
al. [48] introduced a DFS (Disease Forecasting System) for the 
identification of diseases in potato crops. The system was 
developed by the integration of K-means clustering, CNN, and 
SVM model and achieved 97.90% accuracy. Arshaghi et al. 
2023 [49] proposed a convolutional neural network model to 
predict five different potato diseases, including healthy plants. 
The researchers compared the proposed model with other 
established CNN models like AlexNet, GoogleNet, and VGG, 
highlighting the superior performance of the proposed model. 
Kang et al. 2023 [50] used a lightweight NN model to classify 
potato diseases. The imagery dataset was used consisting of 
5450 images. The model achieved an accuracy of 93% for EB 
and LB predictions. In 2023, Samatha et al. [51] IoT with 
advanced image processing to distinguish healthy and 
unhealthy potatoes. An M-SVM model with CNN and DNN 
models was implemented and an accuracy of over 99% was 
observed. In 2023, Bonik et al. [52] used a DL approach to 
classify potato plants as healthy or affected by EB and LB 
diseases. A dataset of 3561 images was fed to the CNN model 
and achieved an accuracy of 94.2%.  
 
In 2023, Sharma et al. [53] utilized a CNN model with three 
different activation functions (Elu, Swish, and ReLU) on a 
dataset of 1722 images, attaining a high accuracy of 98% with 
a swish activation function loss of 0.04. In 2022, Shi et al. [54] 
used drones equipped with hyperspectral cameras i.e., UAVs 
to capture images of potato fields in China. The imagery data 
was then applied to predict LB. Verma et al. 2023 used data 
augmentation on a dataset of 1500 images. In 2014, Dutta et 
al. [55] embraced RS indices such as NDVI and LSWI to 
foresee LB in potatoes. The dataset was composed of satellite 
images. In 2017, Patil et al. [56] used ML and DL-based image 
processing to predict EB and LB in potatoes. A dataset of over 
892 images was employed for SVM, RF, and ANN models. The 
maximum accuracy of 92% was achieved using the ANN 
model. In 2011, Shankar Ray et al. [57], used hyperspectral 
data to predict LB in potatoes by analyzing vegetation indices 
from Nijjarpura Village, India. A maximum accuracy of 
99.75% with the SVM model was observed. Rayhan Asif et al. 
2020 [58] compared CNN models such as AlexNet, ResNet, 
VggNet, LeNet, and sequential model on a dataset of 1500 
images, achieving a 97% accuracy in predicting EB and LB. In 
2021, Islam Tarik et al. [59] used a CNN-based sequential 
model on a dataset of over 2034 images to diagnose potato 
diseases, achieving a 99.23% accuracy. In 2022, Bangal et al. 
[60] and Islam and Sikder [68] predicted EB, LB, and healthy 
potato classes using a CNN model with accuracies of 91.41% 

               International Research Journal of Engineering and Technology (IRJET)       e-ISSN: 2395-0056 

 Volume: 12 Issue: 08 | Aug 2025                              www.irjet.net                                                          p-ISSN: 2395-0072

 



  
 

© 2025, IRJET       |       Impact Factor value: 8.315       |       ISO 9001:2008 Certified Journal       |     Page 13 
  

and 100% respectively, on the Plant Village dataset. In the 
same year, Kothari et al. [61] among various models, 
ResNet50 performed the best, achieving an accuracy of 98%.  
Fall et al. [62] explored a visual approach to detect LB in 
potato plants. The study indicated that the CNN model 
outperformed the others. Hou et al. 2022 [63] focused on 
using ML to analyze images of potato plant leaves to detect 
LB. Distinct models, including SVM, KNN, and DT were 
employed and reported a high accuracy of 99%. Recent 
advances in agricultural technology, especially ML, DL, and 
AI, have significantly improved how we manage crops. The 
developed sprayer reduced chemical use by 42-43%, 
lowering costs and environmental impact. Similarly, 
Farooque et al. 2023 [64] experimented with a smart sprayer 
that uses DL to find and treat weeds and diseased plants in 
potato fields and sprayer accurately targets plants needing 
treatment. ML has been applied in various fields beyond crop 
disease diagnosis, including crypto currency price prediction 
[65], where it is used to enhance predictive accuracy by 
integrating macroeconomic, microeconomic, and technical 
indicators.  
 

III. PROPOSED WORK 
 

Most of the image data in existing research has been acquired 
from web scrapping tools, Kaggle, open source repositories, 
plant village dataset, plant leaf disease, the internet, and 
manually captured photographs in fields using drones, and 
hyperspectral cameras. 
 
Technological advancements in plant disease detection 
include capturing good quality images, image processing 
using computer software, categorizing leaf infection 
symp�toms with ML algorithms for automating disease 
detection from the symptoms on new leaves, and benefiting 
from AI for smart farming. Advanced computing in 
agriculture, using ML, AI, and DL, enhances precision 
agriculture (PA) by analyzing data from weather stations, 
sensors, and satellite imagery. 
 
These technologies optimize crop yields, predict dis�eases, 
optimal resource management, disease early warning, PA, 
enhanced food quality, crop monitoring, more research 
endeavors in agriculture, and automate irrigation, leading to 
increased efficiency, reduced costs, and sustainable farming 
practices. 
 
The process of potato crop disease classification begins with 
the collection of diverse input data, including images of 
potato crop leaves, which may be taken from fields, existing 
databases, hyperspectral cameras, UAV, online sources, 
remote sensing, and plant village database or time series data 

such as temperature, humidity, and other environ�mental 
factors obtained from weather stations. These inputs undergo 
pre-processing to enhance quality and remove noise, with 
image pre-processing including resizing, normalization, 
augmentation and filtering, whereas time series data may be 
smoothed and normalized. 
 
Following pre-processing, feature extraction is performed on 
both data types: image features such as color, texture, and 
shape are analyzed, whereas time series highlights might 
incorporate statistical measures, trends, and patterns over 
time. The extracted features are then organized into a 
structured format, such as feature matrices for images and 
time series data and stored in a database for proficient 
management. This organized data is used to train the DL 
algorithms. 
 
The detailed design process will be described in the 
subsequent sections. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3.1: Proposed model steps. 

Read the Dataset 

Apply ETL 

 

 

 

 
Split the Dataset 

Apply Data Preprocessing 

Apply Data Augmentation 

Train the Models using CNN and 
Transfer Learning 

Evaluate the models on Test dataset 
using various parameters 

Predict the disease for real time images 
using mobile application 
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3.1 Potato Disease Detection using ResNet50 
 
Step 1: Data Preparation: 
 
1.1. Import the necessary libraries (tensorflow, Matplotlib, 
os, etc.). 
1.2. Copy relevant image folders (Potato___Early_blight, 
Potato___Late_blight, and Potato___Healthy) into a working 
directory. 
1.3. Load the image dataset using 
tf.keras.utils.image_dataset_from_directory () with proper 
image_size and batch_size. 
 
Step 2: Dataset Splitting 
2.1. Define a function get_dataset_partition_tf() to split the 
dataset into train, validation, and test sets. 
2.2. Shuffle the dataset and apply caching and prefetching 
using AUTOTUNE. 
 
Step 3: Data Preprocessing 
3.1. Define a Sequential layer for image resizing and rescaling 
(1./255). 
3.2. Define a data augmentation pipeline using RandomFlip, 
RandomRotation, etc. 
 
Step 4: Load the Pretrained ResNet50 Model. 
4.1. Load the base model from tf.keras.applications.ResNet50 
with include_top=False, weights='imagenet', and freeze the 
weights (trainable=False). 
 
Step 5: Build the Classification Model. 
5.1. Define a Sequential model with the following layers: 
  - Input Layer 
  - Preprocessing Layers (Resizing, Rescaling, 
Augmentation) 
  - Pretrained ResNet50 base model 
  - Global Average Pooling 
  - Dense Layer with 128 units and ReLU activation 
  - Dropout Layer (0.3) 
  - Output Dense Layer with 3 units (softmax for 3-class 
classification) 
 
Step 6: Compile the Model 
6.1. Use Adam optimizer. 
6.2. Use SparseCategoricalCrossentropy as the loss function. 
6.3. Add accuracy as the evaluation metric. 
 
Step 7: Compile the Model 
7.1. Use Adam optimizer. 
7.2. Use SparseCategoricalCrossentropy as the loss function. 
7.3. Add accuracy as the evaluation metric. 
 

Step 8: Evaluate the Model 
8.1. Use model.evaluate() on the test dataset to get final 
accuracy. 
8.2. Generate a classification report and confusion matrix. 
8.3. Plot training/validation accuracy and loss curves. 
 
Step 9: Interpretability (Optional) 
9.1. Apply Grad-CAM to visualize attention on disease-
infected regions of leaves. 
9.2. Select last convolutional layer for ResNet50 (e.g., 
'conv5_block3_out') and compute gradients. 
 
3.2 Proposed Algorithm 
 
Input: Image dataset of potato leaves with three classes 
Output: Trained model with accuracy score. 
 
1. BEGIN 
2.   Import all required libraries (TensorFlow, Keras, etc.) 
3.   Load image dataset from directory 
4.   Resize all images to 224x224 pixels 
5.   Split dataset into: 
       - 80% Training Set 
       - 10% Validation Set 
       - 10% Test Set 
6.   Preprocess images: 
       - Normalize pixel values to [0, 1] 
       - Apply caching and prefetching for efficiency 
7.  Load ResNet50 base model with: 
        - Weights = 'imagenet' 
        - include_top = False 
        - Freeze all layers (trainable = False) 
8.  Define custom classification model: 
        - Add Global Average Pooling layer 
        - Add Dense layer with 128 units and ReLU activation 
        - Add Dropout layer (rate = 0.3) 
        - Add Output Dense layer with 3 units and SoftMax 
activation 
9. Compile the model with: 
        - Optimizer = Adam 
        - Loss = Sparse Categorical Crossentropy 
        - Metric = Accuracy  
10.  Train the model on training data 
        - Use validation data for performance monitoring 
        - Train for 50 epochs  
11.  Evaluate the model on the test dataset 
12.  Display final accuracy score 
13. END 
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IV. RESULTS 
 

Table 4.1 is the comparative analysis for the models 
implemented for potato disease detection based on the three 
classes. 
 

Table 4.1: Accuracy Score. 
 

Algorithm Implemented Accuracy Score 

Custom CNN 98.44% 

MobileNetV2 98.05% 

ResNet50 99.61% 

Vgg16 99.61 

 
This table summarizes the classification performance of 
different deep learning models implemented to detect and 
classify potato leaf diseases (Early Blight, Late Blight, and 
Healthy) using image data. 
 

 
 
Figure 4.1: Final Accuracy comparison of all the implemented 

models. 
 
� Custom CNN 
A self-built Convolutional Neural Network (CNN) was 
designed and trained from scratch. Despite being a relatively 
simple architecture compared to transfer learning models, it 
achieved a high accuracy of 98.44%, demonstrating the 
effectiveness of deep learning in plant disease detection even 
without pre-trained knowledge. 
 
� MobileNetV2 
MobileNetV2, known for its lightweight and efficient 
architecture, was used with transfer learning. It achieved an 
accuracy of 98.05%. Although slightly lower than others, its 

smaller size makes it ideal for deployment on mobile and edge 
devices in real-world agricultural settings. 
 
� ResNet50 
ResNet50, a deep residual network known for solving 
vanishing gradient problems using identity shortcut 
connections, achieved a top accuracy of 99.61%. This reflects 
its strength in learning deep representations from complex 
features in leaf images. 
 
� VGG16 
The VGG16 model, despite being an older and heavier 
architecture, also performed excellently with an accuracy of 
99.61%. Its deep stack of convolutional layers helped in 
capturing fine-grained visual cues from diseased and healthy 
leaves. 
 
� Conclusion 
Both ResNet50 and VGG16 yielded the best performance 
among all models tested, making them strong candidates for 
deployment in real-world automated disease diagnosis 
systems. The Custom CNN also performed impressively given 
its simplicity, while MobileNetV2 offers a trade-off between 
speed and accuracy suitable for on-device inference. 
 

Table 4.2: Loss Score Comparison. 
 

Algorithm Implemented Loss Score 

Custom CNN 0.0375 

MobileNetV2 0.0659 

ResNet50 0.0364 

Vgg16 0.0225 

 
The loss score quantifies the difference between predicted 
class probabilities and the actual labels during model training. 
A lower loss generally indicates better model performance, 
especially in terms of confidence and convergence stability. 
 
� VGG16 
VGG16 achieved the lowest loss score of 0.0225, confirming 
its excellent ability to generalize and minimize classification 
errors. Its deep and consistent convolutional structure 
allowed it to learn meaningful patterns in the potato leaf 
dataset effectively. 
 
� ResNet50 
ResNet50 recorded a loss score of 0.0364, which is very 
close to that of VGG16. This result showcases its strength in 
deep feature extraction and highlights its robustness against 
overfitting due to the residual connections in its architecture. 
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� Custom CNN 
The custom-built CNN also performed well, with a loss of 
0.0375, only slightly higher than ResNet50. This 
demonstrates that even a model trained from scratch, when 
well-structured and optimized, can perform competitively 
with transfer learning models on domain-specific data. 
 
� MobileNetV2 
MobileNetV2 showed a loss score of 0.0659, the highest 
among the models tested. While still reasonably low, it 
suggests that the model might struggle slightly more with 
confidently classifying certain disease categories, likely due 
to its lighter architecture designed for mobile applications. 
 
The loss score analysis complements the accuracy results, 
further reinforcing VGG16 and ResNet50 as the top-
performing models. VGG16 stands out as the most confident 
model in its predictions, while the custom CNN also proved 
its effectiveness. MobileNetV2, despite its slightly higher loss, 
remains valuable for low-resource deployment scenarios. 

V. CONCLUSION 
 

The comparative analysis of the implemented models, based 
on both accuracy and loss metrics, reveals that VGG16 and 
ResNet50 consistently outperformed other architectures. 
Both achieved the highest classification accuracy of 99.61%, 
demonstrating exceptional ability to distinguish between 
Early Blight, Late Blight, and Healthy potato leaves. 
Additionally, VGG16 recorded the lowest loss score of 
0.0225, indicating its superior confidence and stability in 
predictions. ResNet50, with a very close loss of 0.0364, also 
confirmed its robustness and effective learning capacity. The 
custom CNN model achieved a strong accuracy of 98.44% 
and maintained a competitive loss score (0.0375), validating 
the strength of a carefully designed architecture even without 
pretraining. MobileNetV2, while delivering slightly lower 
accuracy (98.05%) and higher loss (0.0659), remains a 
practical choice for mobile and edge deployment due to its 
lightweight nature. Overall, VGG16 emerges as the most 
balanced model in terms of both accuracy and loss, followed 
closely by ResNet50, making them ideal candidates for real-
world agricultural disease detection systems. 
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