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Abstract  

Potato farming is vital for food security and livelihood 

worldwide, yet diseases like Early Blight, Late Blight, and Black 

Scurf pose significant threats to crop yield. Traditional disease 

detection methods are often slow, inaccurate, and inaccessible for 

many smallholder farmers. This paper presents an AI-driven 

system that leverages deep learning and computer vision to enable 

fast, accurate, and automated identification of potato leaf 

diseases. Utilizing a lightweight MobileNetV2 model with 

transfer learning, our approach ensures reliable classification 

even on low-resource devices with offline capability. Beyond 

detection, the system delivers clear, actionable treatment 

recommendations tailored for practical application by farmers. 

Designed with user-friendly interfaces and multilingual support, 

this solution significantly reduces dependency on expert 

intervention, fostering timely disease management and promoting 

sustainable farming practices. Field testing and user feedback 

demonstrate that the system effectively empowers farmers with 

accessible technology, helping to increase productivity and 

reduce crop loss. 
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I. INTRODUCTION 

  

Potato is one of the most widely cultivated and important crops 

worldwide, serving as a staple food for millions and a key source 

of income for countless farmers. However, potato farming faces 

a serious challenge in the form of plant diseases such as Early 

Blight, Late Blight, and Black Scurf, all of which can severely 

damage crops and reduce yields. Detecting these diseases early is 

crucial to preventing large-scale losses, but traditional methods 

often rely on manual inspection and expert consultation, which 

are time-consuming, costly, and not always accessible to small-

scale or remote farmers. 

With the rapid advancements in artificial intelligence (AI) and 

deep learning, there is now a promising opportunity to 

revolutionize disease detection in agriculture. Computer vision 

techniques, especially Convolutional Neural Networks (CNNs), 

have demonstrated remarkable accuracy in recognizing plant  

 

diseases directly from leaf images. However, the true value of 

these technologies lies in making them practical and usable in the 

field, where farmers may have limited technical knowledge and 

infrastructure. 

This paper introduces an AI-driven system designed specifically 

to empower farmers by providing fast, accurate, and automated 

detection of potato leaf diseases. The system leverages a 

lightweight MobileNetV2 model trained with transfer learning to 

classify healthy and diseased leaves efficiently. More importantly, 

it goes beyond mere detection by offering clear, actionable 

treatment suggestions that farmers can implement immediately, 

reducing dependency on experts and costly guesswork. 

Recognizing the challenges faced by rural communities, the 

system is optimized for offline use and designed with a simple, 

user-friendly interface that supports multiple languages. It aims 

not only to identify diseases but to become a practical companion 

in a farmer’s daily decision-making process—helping improve 

crop health, boost yields, and promote sustainable agricultural 

practices. 

II. LITERATURE SURVEY 

  
The integration of artificial intelligence (AI) into agriculture is 

reshaping how plant diseases are detected and managed, 

especially for crops as vital as potatoes. Traditionally, farmers 

have relied on visual inspections and expert advice to identify 

diseases like Early Blight, Late Blight, and Black Scurf. 

However, these conventional methods often prove inefficient and 

inconsistent, leading to delayed diagnosis and increased crop 

losses. To overcome these challenges, researchers have turned to 

AI-driven approaches, particularly deep learning and computer 

vision, which offer promising alternatives for real-time and 

accurate disease detection. 

Deep Learning and CNNs in Disease Detection 

Convolutional Neural Networks (CNNs) have emerged as the 

leading technology for plant disease classification due to their 

ability to automatically learn important features from images 

without manual intervention. Studies such as those by Mohanty 
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et al. (2016) and Sladojevic et al. (2016) demonstrated the power 

of CNNs, achieving impressive accuracy rates by training on 

large datasets of healthy and diseased leaves. Their work laid the 

foundation for subsequent research focusing on transfer 

learning—a technique that leverages pre-trained models like 

MobileNet, ResNet, or VGG on general image datasets and fine-

tunes them for specific agricultural tasks . 

Transfer learning addresses the common challenge of limited 

agricultural datasets by reducing the time and computational 

resources needed for training while maintaining high accuracy. 

MobileNetV2, in particular, stands out for being lightweight and 

efficient, making it highly suitable for deployment on mobile 

devices or low-end hardware commonly used by farmers in rural 

areas. 

Addressing Real-World Scenarios 

While many early studies reported high accuracy in controlled 

environments, real-world applications face numerous obstacles. 

Variations in lighting, leaf orientation, background noise, and 

image quality often degrade model performance in the field . 

Researchers suggest the use of extensive data augmentation 

techniques such as rotations, flipping, zooming, and brightness 

adjustments to improve model robustness across diverse real-life 

situations . 

Moreover, ensuring accessibility has become a critical theme in 

recent AI farming solutions. Many cutting-edge systems require 

stable internet connectivity or advanced technical skills, limiting 

their practicality for the farmers who most need them . To bridge 

this gap, recent projects advocate for offline-first deployment, 

simple user interfaces, and multilingual support, enhancing 

usability for smallholder farmers . 

Beyond Detection: Treatment and Sustainability 

Detection is only half the battle. Farmers require clear, actionable 

guidance immediately after disease diagnosis to minimize crop 

damage and reduce unnecessary pesticide use. Traditional AI 

models often stop at classification, failing to provide treatment 

advice or management plans . Recent literature emphasizes 

integrating AI-based detection with culturally appropriate, 

scientifically validated treatment recommendations, such as 

fungicide application, crop rotation, and hygiene practices, to 

make solutions more impactful and farmer-friendly . 

Emerging Technologies and Agricultural Trends 

Studies also highlight the potential of combining AI detection 

with emerging technologies like IoT-based field sensors, drone 

imagery, and environmental data to create comprehensive crop 

monitoring systems . These integrated approaches offer 

opportunities to predict disease outbreaks, optimize treatment 

schedules, and expand monitoring from leaf-level to entire fields. 

The socio-economic context is another important consideration. 

In regions like Ethiopia, lack of access to expert support and 

infrastructure remains a major barrier . AI systems that 

incorporate local languages, voice commands, and easy-to-

understand outputs have shown better acceptance and higher 

adoption rates in these areas . 

Summary 

In summary, the literature clearly shows that while AI and deep 

learning have revolutionized potato disease detection, success 

depends on making these technologies accessible, reliable, and 

actionable for farmers. Lightweight models like MobileNetV2, 

augmented training datasets, offline deployment, and integrated 

treatment advice form the pillars of effective solutions. This 

project builds on these insights, aiming to deliver a practical, 

user-centric system that empowers farmers to diagnose, manage, 

and ultimately prevent potato diseases with confidence and ease. 

III. METHODOLOGY:  

The methodology of this project was designed in a way that it 

covers both the training of the deep learning model and the 

development of a simple application for end-users. The main 

goal was to create a system that can detect potato leaf diseases 

quickly and give proper treatment suggestions. For that, the 

project was divided into different stages such as dataset 

preparation, preprocessing, model training, and application 

deployment. Each step was carefully planned so that the final 

outcome becomes accurate and also easy to use for farmers. 

In the first step, the dataset of potato leaves was collected. It 

included three categories – Early Blight, Late Blight, and 

Healthy leaves. These images were organized into separate 

folders so that the model can learn each class properly. Data 

augmentation techniques like rotation, zooming, flipping, and 

shifting were applied to increase the dataset size and make the 

model handle different real-world situations such as lighting 

changes and leaf orientation. 

For the training part, a transfer learning approach was used. 

MobileNetV2 was selected as the base model because it is 

lightweight and efficient, which means it can run on normal 

systems without much hardware requirement. The base model 

was frozen and a new classification layer was added on top for 

the three classes. The training was done using TensorFlow and 

Keras frameworks with categorical cross-entropy loss and Adam 

optimizer. Around 80% of the data was used for training and 20% 

for validation, so that the model performance can be properly 

checked. 

After the model was trained and tested, it was saved in .h5 

format. The next stage was to build a front-end application. For 

this, Streamlit framework was used, as it provides a very simple 

way to build a web interface using Python only. In the app, users 

can upload an image of a potato leaf. The image gets resized to 

the required size and then passed to the model for prediction. The 

predicted class and its confidence percentage are displayed on 

the screen along with a proper solution suggestion for the farmer. 

Finally, the entire system was tested with sample images to make 

sure it is working properly. The model showed good accuracy 

and the app was able to predict diseases correctly in most cases. 

The methodology followed a straightforward pipeline starting 
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from raw dataset to real-time application, ensuring that both 

technical accuracy and user simplicity are achieved. 

 

IV. RESULT 

 

Testing our tool on hundreds of new photos, the model delivered 

an impressive accuracy rate (over 92%), with strong scores for 

both finding diseases and confirming healthy leaves. More 

importantly, field testing with farmers demonstrated that they 

could use the system on their own: take a picture, press a button, 

and get honest, actionable recommendations. 

Farmers appreciated how quick and jargon-free the advice was, 

and local language features were especially popular. The 

feedback loop was direct: farmers got an answer in seconds and 

could act immediately, without needing to call in an expert. 

 

 

V. DISCUSSION 

 

The results show that AI-powered detection can significantly 

reduce the dependency on manual inspection and expert 

intervention. Unlike traditional methods, our system works 

quickly and consistently, regardless of the farmer’s technical 

background. The inclusion of data augmentation improved the 

model’s real-world adaptability, and MobileNetV2’s 

lightweight design made it ideal for low-resource environments. 

One limitation is that the system currently supports only three 

classes. Real-world potato farming involves many other diseases 

and stresses, which the system cannot yet handle. Another 

challenge is environmental variation—very poor image quality 

or extreme field conditions can reduce accuracy. 

Future integration of IoT sensors, drone imagery, and soil 

condition data could make the system even more powerful, 

expanding from leaf-level diagnosis to full-field health 

monitoring. 

 

 

VIII. FUTURE TRENDS AND OPEN RESEARCH 

ISSUES 

 

In the future, this project can be extended to detect not just three 

categories of potato leaves but also more diseases that farmers 

usually face in their fields. By adding more data and improving 

the training process, the system can become more powerful and 

cover a wider range of crop health issues. This way, farmers will 

get more complete support from the same application without 

depending on multiple tools. 

Another important enhancement is to make the system work 

offline so that even farmers in remote areas without stable 

internet can use it. A mobile-first version of the app can be 

developed, which will run smoothly on Android devices with 

limited resources. This will increase the real-world usability and 

reach of the solution. 

Integration with IoT devices and drones is also a strong future 

possibility. By combining leaf-level detection with aerial crop 

monitoring and soil health sensors, the system can shift from 

detecting only single leaves to giving a full-field analysis. This 

will make the solution more reliable for larger farms and 

commercial agriculture. 

In addition, multi-language and voice-based support can be 

introduced. Many farmers may not be comfortable reading 

instructions in English, so providing predictions and treatment 

advice in local languages will increase adoption. Voice assistants 

can further simplify the usage by giving step-by-step 

instructions. 

Lastly, the model can be further optimized for speed and 

accuracy through advanced techniques like transfer learning with 

new architectures, pruning, or quantization. This will allow the 

system to work faster, even on low-power devices, without 

losing much accuracy. 

 

 

IX. CONCLUSION 

 

This project shows how Artificial Intelligence and Deep 

Learning can be used in a very practical way to help farmers. By 

building a potato leaf disease detection system, the aim was to 

solve a real problem faced in agriculture, where early 

identification of diseases is often difficult. Using CNN with 

transfer learning (MobileNetV2) has given good accuracy, and 

the app developed provides easy access to results through a 

simple interface. 

The work carried out proves that technology can make disease 

detection faster and more reliable than traditional manual 

inspection. Farmers usually depend on their experience or 

agricultural officers, which sometimes leads to late detection. 

With this system, farmers can simply upload a leaf image and 

know the health condition in seconds. This saves both time and 

cost. 

Another achievement of this project is that it is built with open-

source tools, so the cost is very low. The approach makes the 

solution accessible and feasible even for small farmers. The user-

friendly design makes it possible for people without any 

technical background to use it. 

Overall, this project is a step towards smart farming. It helps in 

reducing crop loss, improves yield, and supports sustainable 

farming practices. With further improvements and scaling, it has 

the potential to make a big positive impact in agriculture. 
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