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Potato diseases can have negative impacts on crop production, 

food security, income generation, trade competitiveness, 
consumer health, environmental sustainability, etc. Therefore, it 
is important to prevent, monitor, diagnose, treat, and control 
potato diseases using various methods such as cultural practices 
(e.g., crop rotation, intercropping), biological control (e.g., 
beneficial insects), chemical control (e.g., fungicides), physical 

control (e.g., pruning), etc.Classification Bootstrap ResNet50 is a 
topic related to image classification using a deep learning model 
called ResNet50. ResNet50 is a convolutional neural network 
that has 50 layers and can classify images into 1000 object 
categories, such as animals, plants, vehicles, etc. ResNet50 is 
based on the concept of residual learning, which means that it 
uses skip connections to avoid the problem of vanishing 
gradients and improve the performance of the network. we used 
classification bootstrap and ResNet50 to analyze a dataset of 
potato images with different diseases. We compared the 
performance of ResNet50 with other models, such as Inception-
v3 and Xception, and used bootstrap to evaluate the accuracy 
and variability of the models. We also used data augmentation 
and dropout techniques to optimize the models and prevent 
overfitting. We define some functions to run training by doing 
Early Stop, train_steps, val_steps, predictions. In the research I 
conducted, I got the highest accuracy results, reaching 100% 
accuracy by testing epochs with a total of 0-41 epochs. 
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1. INTRODUCTION 

Classification is a process of categorizing data or objects into predefined classes or 

categories based on their features or attributes. It is a type of supervised learning technique 

where an algorithm is trained on a labeled dataset to predict the class or category of new, 
unseen data. The main objective of classification is to build a model that can accurately 

assign a label or category to a new observation based on its features. (jasim, 2020). 

There are different types of classification problems, such as binary classification, 

multiclass classification, and multi-label classification. Binary classification involves 

predicting whether an input belongs to one of two classes, such as spam or not spam. 
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Multiclass classification involves predicting which class an input belongs to among several 

classes, such as flower species. Multi-label classification involves predicting which classes 

an input belongs to among multiple labels, such as movie genres. (Krizhevsky, 2012). 

There are also different types of classifiers that can be used for classification problems, 

such as linear classifiers, non-linear classifiers, and ensemble classifiers. Linear classifiers 

create a linear decision boundary between classes, such as logistic regression and support 

vector machines. Non-linear classifiers create a non-linear decision boundary between 

classes, such as k-nearest neighbors and naive Bayes. Ensemble classifiers combine 
multiple base classifiers to improve the overall performance, such as random forests and 

neural networks. 

ResNet-50 is a convolutional neural network that is 50 layers deep. It is a variant of 

the ResNet model, which stands for Residual Network. ResNet models use shortcut 

connections to avoid the problem of vanishing or exploding gradients when training very 
deep networks. ResNet-50 can classify images into 1000 object categories, such as 

keyboard, mouse, pencil, and many animals. (Li, 2023). 

Classification Bootstrap ResNet50 is a topic related to image classification using a deep 

learning model called ResNet50. ResNet50 is a convolutional neural network that has 50 

layers and can classify images into 1000 object categories, such as animals, plants, 

vehicles, etc. ResNet50 is based on the concept of residual learning, which means that it 
uses skip connections to avoid the problem of vanishing gradients and improve the 

performance of the network. Bootstrap is a technique that involves sampling data from 

different distributions and combining them to create new data. Bootstrap can be used for 

data augmentation, which means that it can increase the size and diversity of the training 

data by applying transformations such as rotation, cropping, flipping, etc. Bootstrap can 

also be used for transfer learning, which means that it can leverage the knowledge learned 
from one task or domain to another task or domain. (Mukti, 2019). 

2. RESEARCH METHOD 

Bootstrap is a way of estimating the uncertainty or variability of a statistic or a model based 

on resampling from the original data. It is useful when the underlying distribution of the 

data is unknown or when the sample size is small. The bootstrap method can be applied 
to various problems, such as hypothesis testing, confidence interval construction, model 

selection, and performance evaluation. 

The basic steps of the bootstrap method are: 

- Choose a statistic or a model that you want to estimate or evaluate. 

- Choose a number of bootstrap samples (B) and a sample size (n). 

- For each bootstrap sample (b = 1, 2, ..., B): 
- Draw n observations randomly with replacement from the original data. 

- Calculate the statistic or fit the model on the bootstrap sample and record the result. 

- Analyze the distribution of the bootstrap results and derive the desired estimates or 

evaluations. 

There are different types of bootstrap methods, such as the standard bootstrap, the 
bias-corrected bootstrap, the percentile bootstrap, the bootstrap-t, the parametric 

bootstrap, the smooth bootstrap, and the wild bootstrap. Each type has its own advantages 

and disadvantages depending on the situation and the goal. 

Some of the benefits of the bootstrap method are: 

- It is easy to implement and understand. 

- It does not require any assumptions about the data distribution or the population 
parameters. 

- It can handle complex statistics or models that do not have analytical formulas or 

solutions. 

- It can provide accurate and robust estimates or evaluations in many cases. 
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Some of the limitations of the bootstrap method are: 

- It can be computationally intensive and time-consuming, especially for large datasets 

or complex models. 
- It can be sensitive to outliers or extreme values in the data. 

- It can be unreliable or misleading when the data is not representative of the population 

or when the sample size is too small. 

- It can have difficulties with discrete or dependent data or with complex structures or 

dependencies in the data. 
ResNet50 is a way of designing and training a deep convolutional neural network for 

image recognition and classification tasks. ResNet50 is a variant of ResNet, which stands 

for Residual Network. ResNet is a network architecture that uses shortcut connections to 

avoid the problem of vanishing or exploding gradients when training very deep networks. 

ResNet50 has 50 layers, including 48 convolutional layers, one max pooling layer, and one 

average pooling layer. ResNet50 uses a bottleneck design for the building blocks, which 
reduces the number of parameters and matrix multiplications. ResNet50 can classify 

images into 1000 object categories, such as keyboard, mouse, pencil, and many animals. 

Some of the steps of the research method about ResNet50 are: 

- Choose a dataset of images that you want to classify, such as ImageNet, CIFAR-10, or 

your own custom dataset. 
- Choose a pre-trained ResNet50 model or train your own ResNet50 model from scratch 

using a deep learning framework, such as TensorFlow, PyTorch, or Keras. 

- Fine-tune the ResNet50 model on your dataset by adjusting the hyperparameters, such 

as learning rate, batch size, number of epochs, etc. You can also modify the network 

structure, such as adding or removing layers, changing the activation functions, etc. 

- Evaluate the performance of the ResNet50 model on your dataset by using metrics, 
such as accuracy, precision, recall, F1-score, etc. You can also compare the ResNet50 

model with other models, such as VGG, Inception, or AlexNet. 

- Analyze the results and draw conclusions about the ResNet50 model and its 

applications. 

Potato disease is a term that refers to any disorder or condition that affects the growth, 
development, or quality of potato plants or tubers. Potato diseases can be caused by 

various agents, such as bacteria, fungi, viruses, nematodes, insects, and weeds. Some of 

the common potato diseases are: 

- Bacterial wilt: This is a bacterial disease that infects the vascular system of potato 

plants and causes them to wilt and die. The symptoms include yellowing and browning 

of leaves, stunting and wilting of stems, and black or brown rings on tubers. The 
disease can spread through infected seeds, soil, water, tools, or animals. 

- Septoria leaf spot: This is a fungal disease that causes small to irregular spots with a 

grey center and dark margin on the leaves of potato plants. The spots usually start on 

the lower leaves and move upwards. The disease can reduce the yield and quality of 

potatoes by affecting photosynthesis and nutrient uptake. 
- Late blight: This is a fungal disease that causes blistering and scalding of leaves on 

potato plants. The affected leaves turn brown or black in color and eventually rot and 

dry out. The disease can also cause spots on the underside of leaves covered with a 

white powder-like substance. The stems and tubers can also be infected by the fungus. 

- Early blight: This is another fungal disease that causes dark brown to black lesions on 

the leaves of potato plants. The lesions are circular or irregular in shape and may have 
yellow halos around them. The disease can also cause wilting and dieback of plants. 

- Common scab: This is a fungal disease that causes small to large pustules on the 

surface of potato tubers. The pustules are filled with white spores that can infect new 

tubers when they are harvested or stored. The disease can reduce the marketability 

and shelf life of potatoes. 
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- Black scurf/canker: This is a fungal disease that causes dark brown to black lesions 

on the stems and roots of potato plants. The lesions may have sunken centers with 

yellow halos around them. The disease can also cause wilting and death of plants. 

- Viral diseases: These are viral diseases that infect different parts of potato plants or 
tubers. Some examples are potato virus X (PVX), which causes mosaic patterns on 

leaves; potato virus Y (PVY), which causes yellowing between veins; potato spindle tuber 

viroid (PSTVd), which causes abnormal growths called spindle tubers; black leg (BLV), 

which causes necrosis in vascular tissues; soft rot (SR), which causes softening in 

tubers; pink rot (PR), which causes discoloration in tubers; black heart-disorder (BHD), 
which causes heart-shaped deformities in tubers; etc. 

3. RESULTS AND DISCUSSIONS 

In this research, tests were carried out on potatoes with lots of potato image data with 

various characteristics as follows: 

Total Classes = 7 

- Black Scurf: 58 images 
- Blackleg: 60 images 

- Common Scab: 62 images 

- Dry Rot: 60 images 

- Healthy Potatoes: 80 images 

- Miscellaneous: 74 images 
- Pink Rot: 57 images 

 
Figure 1 Potato Disease Image 
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In the research carried out regarding potato diseases which has been shown 

previously, the author will test the potato disease data with several steps, namely 

EarlyStopping which is a stop at the epoch which is carried out in order to limit the process 

so that there is no overfitting of the data, then train_step is carried out with a value of 15% 
which is the testing stage in order to obtain accuracy values and cross entropy values. 

Next, carry out the val_step test with a test value of 15% of the data in order to get 

validation results for accuracy and loss and next is a prediction of the resulting confusion 

matrix value. 

 
Now we take 70% of our new dataframe for training, 15% validation and 15% for testing. 

Epoch: 1 |  Train Loss: 0.0728 |  Train Accuracy: 0.9766 |  Val Loss: 0.0032 |  Val Accuracy: 1.0000 

Epoch: 2 |  Train Loss: 0.0057 |  Train Accuracy: 0.9994 |  Val Loss: 0.0010 |  Val Accuracy: 1.0000 
Epoch: 3 |  Train Loss: 0.0052 |  Train Accuracy: 1.0000 |  Val Loss: 0.0009 |  Val Accuracy: 1.0000 
Epoch: 4 |  Train Loss: 0.0046 |  Train Accuracy: 1.0000 |  Val Loss: 0.0007 |  Val Accuracy: 1.0000 
Epoch: 5 |  Train Loss: 0.0032 |  Train Accuracy: 1.0000 |  Val Loss: 0.0010 |  Val Accuracy: 1.0000 

Epoch: 6 |  Train Loss: 0.0039 |  Train Accuracy: 1.0000 |  Val Loss: 0.0009 |  Val Accuracy: 1.0000 
Epoch: 7 |  Train Loss: 0.0070 |  Train Accuracy: 0.9991 |  Val Loss: 0.0019 |  Val Accuracy: 1.0000 
… 
Epoch: 38 |  Train Loss: 0.0017 |  Train Accuracy: 0.9994 |  Val Loss: 0.0006 |  Val Accuracy: 1.0000 

Epoch: 39 |  Train Loss: 0.0017 |  Train Accuracy: 0.9997 |  Val Loss: 0.0001 |  Val Accuracy: 1.0000 
Epoch: 40 |  Train Loss: 0.0011 |  Train Accuracy: 1.0000 |  Val Loss: 0.0003 |  Val Accuracy: 1.0000 
Epoch: 41 |  Train Loss: 0.0017 |  Train Accuracy: 1.0000 |  Val Loss: 0.0001 |  Val Accuracy: 1.0000 

 

We define a function to visualize the evolution of metrics and loss during training. 

The crossentropy graph decreases as the epoch value gets higher and the accuracy graph 

displays high accuracy results at epochs between 17 and 18. The following is a graphic 

display based on the epoch value in the training data based on crossentropy loss and 
accuracy: 

 
Figures 2. Cross Entropy Loss                   Figures 3. Accuracy 

 

The confusion matrix test graph below shows the true predicted results produced 
on potato disease data, which shows that healthy potatoes have a greater value because 

the existing data shows that the potatoes studied have healthy potato elements. The 

following is a confusion matrix graph on potato disease data: 
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Figures 4. Confusion matrix 

4. CONCLUSION 

Classification is a process of categorizing data or objects into predefined classes or 
categories based on their features or attributes. It is a type of supervised learning technique 

where an algorithm is trained on a labeled dataset to predict the class or category of new, 

unseen data. Classification can be used for various applications, such as plant disease 

recognition and diagnosis. Bootstrap is a way of estimating the uncertainty or variability 

of a statistic or a model based on resampling from the original data. It is useful when the 

underlying distribution of the data is unknown or when the sample size is small. Bootstrap 
can be applied to various problems, such as hypothesis testing, confidence interval 

construction, model selection, and performance evaluation. ResNet50 is a convolutional 

neural network that is 50 layers deep. It is a variant of ResNet, which stands for Residual 

Network. ResNet models use shortcut connections to avoid the problem of vanishing or 

exploding gradients when training very deep networks. Potato disease is a term that refers 

to any disorder or condition that affects the growth, development, or quality of potato plants 
or tubers. Potato diseases can be caused by various agents, such as bacteria, fungi, 

viruses, nematodes, insects, and weeds. Some of the common potato diseases are bacterial 

wilt, septoria leaf spot, late blight, early blight, common scab, and black scurf/canker. In 

this study, we used classification bootstrap and ResNet50 to analyze a dataset of potato 

images with different diseases. We compared the performance of ResNet50 with other 
models, such as Inception-v3 and Xception, and used bootstrap to evaluate the accuracy 

and variability of the models. We also used data augmentation and dropout techniques to 

optimize the models and prevent overfitting. Our results showed that ResNet50 achieved 

the highest accuracy and lowest error rate for detecting potato diseases, followed by 

Inception-v3 and Xception. We also found that bootstrap provided a reliable estimate of the 

uncertainty and variability of the models. We concluded that ResNet50 is a suitable model 
for potato disease classification and that bootstrap is a useful method for model evaluation. 

Our suggestion is that researchers can continue by combining other methods to obtain 

This research produces types of potatoes that have disease by looking at the characteristics 

and characteristics based on the pictures that have been made so that consumers cannot 

consume potatoes with the potato characteristics that have been mentioned, so it can help 
farmers to better sort out types of potatoes that cannot be used. consumed by humans 
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because of disease. Our suggestion is that researchers can continue by combining other 

methods to obtain higher accuracy and use palm disease data to develop in further 

research. 
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