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Abstract:  Potatoes play a vital role as a staple crop worldwide, making a significant contribution to global 

food security. However, the susceptibility of potato plants to various leaf diseases poses a threat to crop yield 

and quality. Detecting these diseases accurately and at an early stage is crucial for the effective management 

and protection of crops. Recent advancements in Convolutional Neural Networks (CNNs) have demonstrated 

potential in image categorization applications. Therefore, the goal of this work is to investigate the potential 

of CNNs in detecting potato leaf diseases. As neural networks have become part of agriculture, numerous 

researchers have worked on improving the early detection of potato blight using different machine and deep 

learning methods. However, there are persistent problems related to accuracy and the time it takes for these 

methods to work. In response to these challenges, we tailored a convolutional neural network (CNN) to 

enhance accuracy while reducing the trainable parameters, computational time and information loss. To 

conduct this research, we compiled a diverse dataset consisting of images of potato leaves. The dataset 

encompassed both healthy leaves and leaves infected with common diseases such as late blight and early 

blight. We took great care in curating and preprocessing the dataset to ensure its quality and consistency. Our 

focus was to develop a specialized CNN architecture tailored specifically for disease detection. To improve 

the performance of the network, we employed techniques like data augmentation and transfer learning during 

the training phase. The experimental outcomes demonstrate the efficacy of our proposed customized CNN 

model in accurately identifying and classifying potato leaf diseases. Our model's overall accuracy was an 

astounding 99.22%, surpassing the performance of existing methods by a significant margin. Furthermore, 

we evaluated precision, recall, and F1-score to evaluate the model's effectiveness on individual disease 

classes. To give an additional understanding of the model's behavior and its capacity to distinguish between 

various disease types, we utilized visualization techniques such as confusion matrices and sample output 

images. The results of this study have implications for managing potato diseases by offering an automated 

and reliable solution for early detection and diagnosis. Future research directions may include expanding the 

dataset, exploring different CNN architectures, and investigating the generalizability of the model across 

different potato varieties and growing conditions. 

 

Index Terms - Potato leaf diseases, leaf disease detection, Convolutional Neural Networks (CNNs), image 

classification, crop protection. 
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I. INTRODUCTION 

POTATOES HOLD IMMENSE AGRICULTURAL IMPORTANCE GLOBALLY, SERVING AS A VITAL VEGETABLE CROP AND 

A STAPLE FOOD IN MORE THAN 130 DEVELOPING COUNTRIES. UNFORTUNATELY, POTATO FARMERS ENCOUNTER 

SUBSTANTIAL CHALLENGES, EXPERIENCING SUBSTANTIAL LOSSES OF OVER 32% ANNUALLY DUE TO DISEASES 

AND PESTS. IN BANGLADESH ALONE, THESE LOSSES AMOUNT TO TK 2,500 CRORE EVERY YEAR. TO MITIGATE 

THIS PROBLEM, A CLASSIFICATION MODEL UTILIZING CONVOLUTIONAL NEURAL NETWORKS (CNNS) HAS BEEN 

PROPOSED FOR THE ACCURATE IDENTIFICATION OF POTATO LEAF DISEASES. POTATO FARMING IS A PREVALENT 

OCCUPATION IN OVER 125 COUNTRIES, PLAYING A VITAL ROLE IN THEE. HOWEVER, POTATO CROPS ARE HIGHLY 

VULNERABLE TO INFECTIONS, ESPECIALLY FROM DISEASES SUCH AS LATE BLIGHT AND EARLY BLIGHT. THESE 

DISEASES POSE A SIGNIFICANT THREAT TO THE CROP, RESULTING IN REDUCED PRODUCTION AND COMPROMISING 

THE OVERALL QUALITY OF POTATOES. MANY POTATO TYPES PRODUCED IN COLOMBIA ARE SUSCEPTIBLE TO 

LATE BLIGHT , AND THE DISEASE IS DIFFICULT TO CONTROL WITHOUT USING SIGNIFICANT AMOUNTS OF 

PESTICIDE. LATE BLIGHT AFFECTS LEAVES, STEMS, AND TUBERS, CAUSING BLISTERING AND BROWNING OR 

BLACKENING OF THE LEAVES. ON THE OTHER HAND, EARLY BLIGHT MANIFESTS AS CHARACTERISTIC LEAF SPOTS 

AND BLIGHT . CONTROLLING THESE DISEASES REQUIRES SPECIFIC ENVIRONMENTAL CONDITIONS SUCH AS 

HUMIDITY, TEMPERATURE, AND LEAF WETNESS. EFFICIENT AND ACCURATE IDENTIFICATION OF DISEASES IN 

POTATO PLANTS IS CRUCIAL TO MITIGATE THEIR IMPACT. MANUAL MONITORING BY FARMERS IS TIME-

CONSUMING AND IMPRACTICAL, AND RELYING ON VISUAL OBSERVATION ALONE CAN LEAD TO INACCURATE 

IDENTIFICATION DUE TO THE SIMILARITIES IN SYMPTOMS BETWEEN DIFFERENT DISEASES . FARMERS OFTEN LACK 

THE NECESSARY EXPERTISE, LEADING TO INEFFECTIVE PREVENTIVE MEASURES AND POTENTIAL CROP DAMAGE . 

HERE, A CONVOLUTIONAL NEURAL NETWORK (CNN) STRATEGY IS SUGGESTED TO DEAL WITH THESE 

DIFFICULTIES. THE CNN MODEL ENABLES FAST AND ACCURATE IDENTIFICATION AND CLASSIFICATION OF TWO 

COMMON POTATO INFECTIONS. BY USING THIS METHOD, FARMERS CAN EASILY DETECT DISEASES IN POTATO 

CROPS WITH MINIMAL COMPUTATIONAL EFFORT . THE RESEARCH INTRODUCES A CNN-BASED APPROACH WITH 

SIGNIFICANT POTENTIAL TO ASSIST FARMERS, AGRONOMISTS, AND RESEARCHERS IN MANAGING DISEASES AND 

OPTIMIZING CROP YIELDS WITHIN AGRICULTURE. THE PRIMARY OBJECTIVE OF THIS STUDY IS TO ADDRESS THE 

CHALLENGE OF PRECISELY DETECTING AND CATEGORIZING DISEASES AFFECTING POTATO LEAVES, INCLUDING 

LATE BLIGHT AND EARLY BLIGHT. TYPICALLY, THE SEVERITY OF LATE BLIGHT IS ASSESSED THROUGH A VISUAL 

INSPECTION PROCESS.WHICH INVOLVES DETERMINING THE PROPORTION OF A CROP'S FOLIAGE THAT IS AFFECTED 

BY THE DISEASE. HOWEVER, EVALUATING DISEASE SEVERITY THROUGH VISUAL MEANS IS DEMANDING IN TERMS 

OF LABOR AND TIME, AND IT LACKS CONSISTENCY BECAUSE IT RELIES ON SUBJECTIVE ASSESSMENTS BY 

PROFESSIONALS. FURTHERMORE, RELYING SOLELY ON DIAGNOSES MADE BY FARMERS OR SPECIALISTS MAY 

LEAD TO INACCURACIES, POTENTIALLY RESULTING IN INAPPROPRIATE USE OF CHEMICALS THAT CAN ADVERSELY 

AFFECT CROP QUALITY AND HARM THE ENVIRONMENT OVER TIME. OUR STUDY UTILIZED SEVERAL CNN 

ARCHITECTURES, MOBILENET, AND OUR CUSTOMIZED CNN MODEL. AMONG THESE ARCHITECTURES, 

MOBILENET ACHIEVED THE HIGHEST ACCURACY. HOWEVER, OUR MODEL STANDS OUT AS THE MOST EFFICIENT 

IN TERMS OF BOTH TRAINING TIME AND TRAINABLE PARAMETERS, WHILE STILL MAINTAINING ACCURACY LEVELS 

COMPARABLE TO MOBILENET. 

II. DATASET DESCRIPTION 

WE GOT OUR DATASET FROM KAGGLE.COM.[18]. KAGGLE IS AN ONLINE PLATFORM RENOWNED FOR 

FOSTERING A VIBRANT COMMUNITY AND OFFERING VALUABLE RESOURCES FOR INDIVIDUALS PASSIONATE 

ABOUT DATA SCIENCE AND MACHINE LEARNING. IT HOSTS A WIDE RANGE OF DATASETS, COMPETITIONS, AND 

NOTEBOOKS THAT ALLOW USERS TO EXPLORE, ANALYZE, AND DEVELOP SOLUTIONS FOR VARIOUS REAL-

WORLD PROBLEMS. 

 DATA ACQUISITION  

WE USED THE PLANT VILLAGE DATASET, WHICH IS A COLLABORATIVE EFFORT BETWEEN PENN STATE 

UNIVERSITY AND EPFL. IT CONSISTS OF 256X256 PIXEL JPG COLOR IMAGES OF INFECTED AND HEALTHY 

LEAVES FROM 14 DIFFERENT PLANT SPECIES. OUR STUDY FOCUSES ON THE POTATO CROP, AND WE CHOSE A 

SUBSET OF 152 IMAGES OF HEALTHY LEAVES, 1000 PHOTOGRAPHS OF LEAVES WITH LATE BLIGHT, AND 1000 

PHOTOS OF LEAVES WITH EARLY BLIGHT. THIS SUBSET FROM THE PLANT VILLAGE DATASET ALLOWS US TO 

EFFECTIVELY ADDRESS OUR RESEARCH OBJECTIVES. 
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Label  Category  Number  Training 

Sample  

Test 

Sample  

1  Early 

Blight  

1000  790  210  

2  Late 

Blight  

1000  790  210  

3  Healthy  152  124  28  

Total    2152  1704  448  

 

 

Early Blight:  
Alternaria solani, a bacterium, is the source of the plant disease known as early blight. It appears as little black 

specks that grow into huge, brown to black, ovoid to spherical lesions. These lesions may be restricted by leaf 

veins or connected to lenticels. A black fungus can also grow on the undersides of plant leaves. Tuber wilt in 

potatoes can result from early blight. The disease tends to spread when temperatures exceed 26°C. It 

frequently happens when the potato plants' vigor is diminished because of elements like intense heat drying 

or inadequate fertilizer.  

 

 

 

 

 

 

 

 

 

 

Fig.1  Early Blight 

 

  

Late Blight:  
The bacterium Phytophthora infections is responsible for the plant disease known as late blight. Outbreaks of 

this disease can significantly harm potato crops, especially in years characterized by low temperatures and 

abundant rainfall. Late blight poses a severe threat to potato production and can lead to substantial yield losses. 

The disease is known for its rapid spread and destructive impact on the foliage and tubers of potato plants.  

 

 

 

 

 

 

 

 

 

Fig 2  Late Blight 

 

Data Pre-Processing  

To enhance the quality of the data, pre-processing techniques were applied. This involves cropping out areas 

of the photograph that were unnecessary or did not accurately depict the area of concern, thus reducing noise 

within the image. Images with excessive noise were excluded from the dataset, as they could adversely affect 

the accuracy of the analysis. Additionally, to ensure consistency, input photos from various sources with 

different sizes were scaled to a standardized resolution of 256×256 pixels.  
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 Data Augmentation   

Data augmentation is a valuable technique employed in this study to expand the dataset without distorting the 

original meaning of the data. It involves applying geometric transformations to the existing data, for instance, 

translations, rotations, scale adjustments, and vertical and horizontal flips. By automatically generating 

parameters for augmentation, this approach enhances the robustness of the dataset and enhances the model's 

capacity to generalize characteristics and patterns.   

 Image Classification  

Three subsets of the Plant Village dataset were created: training, validation, and testing. These subsets served 

various functions in evaluating our CNN model's performance. The validation and test datasets were used to 

determine the model's accuracy after it had been trained using the training dataset. To split the dataset, 80% 

of the images were utilized for training, 10% for validation, and the remaining 10% were used for testing. 

From the Plant Village dataset, we took 1640 photos for training, 256 for validation, and 256 for testing. To 

ensure the model's generalization and mitigate overfitting, we applied various data augmentation techniques 

exclusively to the training set. These techniques included rescaling, rotation, contrast adjustment, horizontal 

flipping, and vertical flipping.  

Using the training samples, the CNN model was trained, starting at the input layer, and moving through the 

successive levels until it reached the output layer. Predictions were made, and any errors or discrepancies 

were determined. In cases where incorrect predictions occurred, we employed the back-propagation algorithm 

in reverse order to modify the model's weights for improved accuracy. Each complete iteration of this forward 

and backward process, known as an epoch, contributed to the model's learning.  

Machine learning (ML), also known as deep learning (DL), or deep neural learning, is a crucial component of 

artificial intelligence (AI) [19]. Deep learning, as denoted by the term "deep," involves architectures with 

multiple layers. This advancement in ML has significantly impacted various domains, including object 

detection, speech recognition, object categorization, and image classification. Among the popular classes of 

deep learning, Convolutional Neural Networks (CNNs) have gained considerable popularity. Numerous 

studies have utilized CNNs to identify plant diseases based on leaf health [20]. In line with this approach, our 

aim was to develop a robust CNN model capable of accurately classifying and predicting image class labels 

within the Plant Village dataset. Specifically, we focused on identifying early blight, healthy, and late blight 

categories.  

 

 

Evaluation Measures  

 Confusion Matrix  

A confusion matrix serves as a valuable tool for measuring a classification model's effectiveness by providing 

a concise summary of its predictions. It presents a tabular representation that showcases the counts or 

percentages of true negatives (TN), true positives (TP), false negatives (FN), and false positives (FP) for every 

class in the dataset. In our dataset, there are three possible classifications. So, 3x3 matrixes are generated for 

each machine-learning technique. In the confusion matrix, TP (True Positive) describes the number accurately 

predicted for a certain class. TN (True Negative) represents how many samples there are that don't fit into a 

particular category and were accurately identified as not falling within that class. In other words, TN is the 

count of samples that are accurately classified as negative for a particular class. FN (False Negative) reflects 

how many samples there are that should belong to one class but were mistakenly projected to belong to 

another.  FP (False Positive) represents the number of samples that do not associated with a specific class but 

were wrongly predicted as that class. Every cell in the matrix displays the number of samples based on the 

true class and the anticipated class that fits into a specific category. The samples that were successfully 

identified are represented by the diagonal elements (TP), whereas the incorrectly classified samples are shown 

by the off-diagonal elements (FN and FP).  

  Accuracy  

Accuracy is a crucial performance metric that can be calculated based on the information provided by the 

confusion matrix. It serves as a measure of the overall correctness of a model's predictions, encompassing all 

classes present in the dataset.   

The ratio of the sum of true negative (TN) and true positive (TP) to the total number of samples is used to 

calculate  
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accuracy:  

  

  
  

In the context of a confusion matrix, accuracy evaluates how effectively the model distinguishes between 

healthy and unhealthy potato leaves. A high accuracy value indicates that the model has made correct 

predictions for most of the samples, while a lower accuracy suggests that the model has a higher rate of 

misclassifications. Keep in mind that accuracy may not always provide a whole view of the model's 

performance, especially when working with datasets that are unbalanced or when the costs of different types 

of errors are significantly different. In these circumstances, it is advised to consider additional evaluation 

measures for a more thorough analysis, such as F1-score, recall, precision, or area under the ROC curve 

(AUC). While analyzing the results, it is beneficial to discuss the accuracy along with other evaluation metrics 

to give a further nuanced comprehension of the model's output in potato leaf disease detection. To accuracy 

measurement, we used the following performance parameters:  

  Precision  

Precision represents the fraction of accurate positive predictions (true positives) within all positive predictions 

(true positives and false positives). It focuses on how well the model correctly predicted the positive outcomes.  

  

  
  

A greater precision score means that the model is more accurate at identifying diseased potato leaves because 

it has a lower rate of false positives and minimizes misclassifications of healthy leaves as diseased. In the 

context of potato leaf disease detection, precision represents the accuracy of the model in correctly identifying 

diseased leaves. It is an important metric as misclassifying healthy leaves as diseased can have practical 

implications in terms of unnecessary treatments or resource allocation.  

Recall  

Recall quantifies the percentage of precisely predicted positive samples (true positives) among all the positive 

samples (true positives and false negatives). It focuses on the model's capacity to find all positive instances.  

  

  
  

A greater recall value suggests that the model has a reduced rate of false negatives, meaning it is better at 

correctly identifying diseased potato leaves and minimizing the instances where it fails to detect actual 

diseased leaves. In the context of potato leaf disease detection, recall represents the model's ability to correctly 

identify and capture diseased leaves. It is an important metric as missing diseased leaves can lead to potential 

crop damage or the spread of diseases.  

 F1 Score  

The F1 Score is a measurement that merges Precision and Recall forming a unified value, incorporating the 

occurrences of both false positives and false negatives. While accuracy is straightforward, the F1 Score is 

often more beneficial, especially when faced with disproportionate class distributions. Accuracy performs 

well when false positive and false negative rates are similar. However, when there is a substantial difference 

in the occurrence of false positives and false negatives, it becomes more informative to evaluate both Precision 

and Recall simultaneously.  

  

  

 ROC Curve  

The ROC curve is a graphical representation that displays the performance characteristics of a binary 

classification model in a unique and distinct manner. It demonstrates the balance between the true positive 

rate (sensitivity/recall) and the false positive rate. By plotting the TPR against the FPR, the ROC curve offers 

a holistic assessment of how well the model's proficiency in discerning between the positive and negative 
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classes is assessed across various classification thresholds.  TPR, also known as True Positive Rate, is an 

equivalent term for recall and is defined accordingly:  

  

  
  

The following is the definition of FPR:  

  

  
  

A model's performance is shown graphically by the ROC curve, which has a well-performing model with a 

curve near the top-left corner, suggesting a high true positive rate (TPR) and a low false positive rate (FPR) 

across different thresholds. The proximity of the ROC curve to the top-left corner serves as an indicator of the 

model's superior performance.  

 AUC Curve  

The AUC curve, short for Area Under the Curve, is a measure created from the ROC curve, utilized for 

gauging the effectiveness of binary classification models. It quantifies the overall discriminatory power of the 

model in differentiating between positive and negative classes across all classification thresholds. The AUC 

value varies between 0 and 1, with a higher value indicating superior performance. An AUC of 1 represents a 

perfect classifier with 100% sensitivity and no false positives, while an AUC of 0.5 signifies a random 

classifier that doesn't perform any better than random. The AUC metric offers a succinct assessment of a 

model's proficiency in precisely ordering positive and negative instances, facilitating the comparison and 

selection of classification models.  

A high AUC value suggests that the model has good classification performance across various thresholds, 

meaning it can effectively differentiate between positive and negative instances. In contrast, a low AUC value 

signifies inadequate discriminative capability of the model between the classes. Furthermore, The ROC curve 

and AUC provide valuable insights into the discrimination capability of a model, allowing for a nuanced 

evaluation of its performance, especially when the classification threshold is variable or uncertain.  

 

 
Proposed CNN Model   
 

A custom Convolutional Neural Network (CNN) is an architecture specifically designed or modified for a 

particular task or dataset. Unlike pre-trained models, a custom CNN is built from scratch, allowing for 

customization of the network's layers, sizes, and configurations.   

This tailored approach offers several advantages. Firstly, the architecture can be optimized for the specific 

characteristics of the dataset, resulting in improved performance. Secondly, by reducing unnecessary 

parameters, custom CNNs can be computationally efficient, leading to faster training and inference times. 

Additionally, the interpretability of custom CNNs allows for a better understanding of the learned features 

and decision-making processes.   
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However, when developing a custom CNN, factors such as dataset size, problem complexity, and available 

computational resources need to be considered, alongside proper hyperparameter tuning for optimal 

performance. Ultimately, custom CNNs provide flexibility and control, enabling the creation of neural 

network architectures that effectively address specific tasks and datasets, leading to enhanced performance 

and insights compared to generic pretrained models [19]. Our study utilized a customized CNN 

(Convolutional Neural Network) to accurately identify potato blight on leaves.  The entire classification 

procedure for potato blight consisted of several steps: data normalization, data augmentation, data splitting, 

training, validation, and testing. A flowchart depicting the working method can be found in Fig. 3.  

The sequential model is designed to extract significant features from the input image through a series of layers. 

It starts with a convolutional layer that takes an input image with dimensions 256 × 256 × 3. This layer applies 

32 filters with a 3 x 3 size and makes use of the ReLU activation function. The convolution is performed with 

a stride of 1 and padding to maintain the output size. After the first convolutional layer, there is a max-pooling 

layer with a pool size of (2,2) that is utilized to decrease the image dimensions. The subsequent three 

convolutional layers each employ 64 filters with a 3 × 3 size and ReLU activation. These layers have a stride 

of 1 and do not use padding. After these convolutional layers, another max-pooling layer with (2,2) as the 

pool size is applied to further down-sample the feature maps. The fifth and final convolutional layer consists 

of 128 filters with a size of 3 × 3. Here the ReLU activation function is utilized and applies padding to maintain 

the output dimensions. Like previous layers, the stride is set to 1. To prepare the data for the fully connected 

layers, the flattened layer converts the convolved feature maps into a 1D vector.   
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IMPLEMENTATION USING REACT.JS 

 

A web-based detection system offers a scalable, real-time, and user-friendly solution for identifying potato 

leaf diseases, helping farmers overcome challenges of manual diagnosis. React.js was chosen for its fast 

rendering, component-based architecture, easy state management, TensorFlow.js support for in-browser 

predictions, and cross-browser compatibility. The application is developed by setting up a React project, 

building a Flask backend with a trained CNN model, integrating both using API calls, enhancing the frontend 

with Material-UI or Tailwind CSS, and deploying on platforms like AWS and Netlify. Testing includes 

functional unit tests, API validation, performance benchmarking, and accuracy checks using precision and 

recall metrics. Usability is ensured through real-user testing, resulting in a responsive, reliable, and accessible 

system for smart farming. 

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

Fig. 4.   The Architecture of Our Proposed Customized CNN Mode l   

Input Image (256,256,3)   
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Results:  

CNN Model Performance  

  

                                             Fig. 5. Accuracy and Loss Curves of Proposed  

Our customized CNN model achieved high accuracy, precision, recall, and F1 score for potato leaf disease 

detection. With 99.22% accuracy, it performs similarly to established architectures like VGG16 and 

MobileNet, demonstrating its effectiveness in accurately identifying and classifying potato leaf diseases. By 

training on a comprehensive dataset and fine-tuning parameters, we optimized its performance and 

generalization to unseen data. The graphical representation of our proposed model’s accuracy and loss is 

shown in Figure 5. The accuracy curve displays the accuracy values at each epoch on the y-axis, while the 

epochs are represented by the x-axis. Similarly, the loss curve illustrates the connection between the number 

of epochs and the corresponding loss values, with the y-axis indicating the loss and the x-axis denoting the 

epochs. As observed in the accuracy curve, the model's accuracy on the training data starts at 48.38% during 

the first epoch and steadily improves over the subsequent epochs, reaching 97.45%at the end of 40 epochs. 

The accuracy on the validation data shows a similar trend, starting at 45.83% and progressing to 98.44% by 

the final epoch.  
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Performance Measurement  using Performance Matrixes 

Deep learning models have been shown to be effective in detecting potato leaf diseases. In our study, we 

conducted a comprehensive evaluation of various deep learning models, such as VGG16, VGG19, ResNet50, 

MobileNet, and a customized CNN model. These models underwent training and evaluation using a dataset 

comprising potato leaf images with predefined disease labels. The outcomes revealed that MobileNet has the 

greatest accuracy and recall scores, indicating its effectiveness in accurately detecting potato leaf diseases. 

However, the customized CNN model also demonstrated competitive performance, achieving similar 

accuracy and F1 score values compared to VGG16 and MobileNet. This suggests that the customized model 

can be considered as a viable alternative, offering a good balance between accuracy and computational 

efficiency.  

The precision score of 98.31% and recall score of 99.44% for the customized model demonstrate its 

effectiveness in correctly identifying positive instances of potato leaf diseases while minimizing false 

positives. The F1 score of 98.86% further confirms the balanced performance of the model in terms of 

precision and recall. These results highlight the model's capability to accurately detect diseased plants and 

make it a reliable choice for disease management. The successful application of deep learning models, such 

as the proposed customized CNN model, validates their efficacy in potato leaf disease detection. Moreover, 

the model's ability to strike a better balance between accuracy and computational efficiency makes it a 

practical option for real-world applications. Additionally, the robust performance of our customized CNN 

model underlines its adaptability to diverse agricultural settings and provides an opportunity for its integration 

into precision agriculture systems. The model's ability to automate disease detection processes can 

significantly reduce the workload on farmers and agronomists, allowing for timely intervention and more 

effective disease control strategies.  

      Conclusion  

To summarize, our research has leveraged sophisticated deep-learning techniques to develop a robust system 

capable of automatically detecting and classifying potato leaf diseases. The implementation of our customized 

CNN model resulted in a remarkable accuracy rate of 99.22%, effectively distinguishing between early blight, 

late blight, and healthy leaf conditions. Comparative analysis, as depicted in Fig 8, demonstrates the superior 

performance of our system compared to existing methods. These findings validate the efficacy and potential 

impact of our approach in potato disease detection and management. Furthermore, our work contributes 

significantly to the field of agricultural technology by addressing persistent challenges related to the accuracy 

and speed of disease detection in potato crops. By tailoring a CNN model to enhance accuracy while reducing 

computational demands, we have paved the way for more efficient and reliable disease management practices. 

The application of our automated system on smartphones, as part of our future work, holds great promise in 

providing accessible and timely disease detection support to farmers. This technological integration can 

revolutionize potato farming by empowering farmers with real-time information and recommendations, 

ultimately leading to enhanced agricultural productivity and sustainability. In conclusion, our research stands 
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at the forefront of agricultural innovation, offering not only a highly accurate disease detection solution but 

also a pathway towards practical implementation for the benefit of farmers and global food security.  
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