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Abstract 

 

Agriculture, the pillar of global food security, is increasingly under threat from crop diseases, 

resulting in tremendous economic and productivity losses. Conventional disease detection 

mechanisms are generally slow, labor- intensive, and lacking the precision necessary for timely 

intervention. This paper discusses the revolutionary potential of AI-based crop disease prediction and 

management systems, with a focus on their implementation in contemporary agricultural practices. 

Leveraging deep learning architectures like MobileNetV2, the systems allow accurate image-based 

disease detection, complemented by environmental factors like temperature, humidity, and weather to 

improve predictive accuracy. Innovations like real-time alerts, multilingual interfaces, and adaptive 

treatment advice for crops like cotton, sugarcane, and soybean are discussed. We also cover existing 

architectures, data-driven approaches, and deployment issues to estimate scalability across various 

agricultural ecosystems. The paper further discusses integrating a subscription-based agronomist 

service and an AI-based e-marketplace to improve accessibility and sustainability. By bridging 

technological advancements with pragmatic agricultural applications, this study highlights the 

potential of AI to improve crop resilience and empower farmers with smart, data-driven disease 

management solutions. 
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Introduction 

The increasing world population, combined with fluctuating climatic conditions, has heightened challenges in contemporary 

agriculture, especially in crop disease identification and management. Crop diseases exert a great influence on crop yield and 

quality, leading to massive economic losses and compromising food security. Conventional disease diagnosis techniques, which 

are manual-based, are generally time-consuming, labor- intensive, and subject to human errors . There is thus a critical need for 

automated, AI-based methods that increase the efficiency, accuracy, and convenience of crop disease identification and 

management [4]. 

Advances in machine learning (ML) and artificial intelligence (AI) in recent times have made precision agriculture possible with 

revolutionary abilities. Deep learning-based models, such as MobileNetV2, have proven to have high potential for the early detection of 

diseases through image-based classification. Large datasets make these models capable of detecting plant diseases with high specificity, 

thus eliminating late-stage detection risks. Data insufficiency, the "black-box" nature of deep learning, and real-world validation 

requirements are of utmost importance. Constraints are overcome by combining AI-based methods with environmental 

information—weather, humidity, and temperature—to enhance predictability and decisiveness [7]. 

The paper presents the design, development, and implementation outcome of an Artificial Intelligence-based Crop Disease 

Prediction and Management System. The proposed system enables farmers to upload crop images for real-time disease 

identification and fetch treatment suggestions based on specific crops such as cotton, sugarcane, and soybean. The system also 

enables multilingual support, real-time weather forecasting, and an agronomist expert advice feature to enhance usability. The most 

critical part of this research is the performance analysis of the system, including model accuracy, processing time, and real-world 

usability [3]. 

The implementation outcome provides an idea about the practicability of the system, scalability, and its deployability in different 

agricultural environments. By filling the gap between AI research and actual agricultural application, the research illustrates how 

intelligent data-driven solutions can benefit farmers through effective and timely disease management ability. The result reflects not 

only the potential that AI possesses in agriculture but the obstacles that will need to be overcome for practical implementation [11].  

Literature Review 

Plant disease detection plays a crucial role in agriculture productivity with significant impact on the economy. Timely identification 

and management of plant diseases help in preventing crop losses, ensuring a stable food supply, and supporting the livelihoods of 

farmers. This section presents an overview of recent ML model-based approaches for plant disease detection. Ferentinos et al. 

presented the development of CNN models with variants (AlexNet, AlexNetOWTBn, GoogleNet, Overfeat, VGG) for plant disease 

detection and diagnosis using images of simple leaves from healthy and diseased plants. The models were trained on an extensive 

database of 87,848 images, encompassing 25 plant species in 58 unique [plant, disease] combinations. The best-performing model 

achieved an impressive 99.53% success rate in accurately identifying the [plant, disease] combination or healthy plants. Mehedi et 

al. [11] developed a transfer learning approach with three pre-trained models (EfficientNetV2L, MobileNetV2, ResNet152V2). The 

study detected 38 leaf diseases across 14 different plants. The dataset was taken from Kaggle. EfficientNetV2L demonstrated the 

highest accuracy at 99.63%. The integration of XAI through LIME enhances model interpretability. Mohanty et al. utilized a public 

dataset containing 54,306 images of diseased and healthy plant leaves, deep CNNs (AlexNet and GoogLeNet) were trained to 

identify 14 crop species and 26 diseases with an impressive accuracy of 99.35% on a held-out test set. Jasim et al. explored the 

application of DL models in the early detection and classification of plant diseases, highlighting the potential for increased accuracy 

compared to traditional ML approaches. The Plant Village [14] dataset was used with 20,636 images as three plants, namely, 

tomato, pepper, and potato crops were chosen because of the most famous types of plants. The CNN classifier achieved 98.029% 

accuracy, with the potential for further improvement with a larger training dataset. Ramesh et al.  employed Random Forest for 

classifying healthy and diseased leaves based on leaf images. The proposed methodology involved dataset creation, feature extraction 

using Histogram of an Oriented Gradient (HOG), classifier training, and classification. In testing with 160 papaya leaf images, the 

Random Forest classifier achieved approximately 70% accuracy. Louta et al. discussed the potential of emerging AI-driven 

approaches in sustainable agriculture, emphasizing the role of ML and AI techniques in automating disease detection and precision 

farming. The study highlighted the benefits of integrating remote sensing data and IoT devices for real-time plant health 

monitoring. AlZubi and Galyna introduced an AI-IoT hybrid framework for smart agriculture, leveraging edge computing and deep 

learning techniques to provide real-time plant disease detection and management. Their proposed model demonstrated an accuracy 

improvement of over 5% when compared with standalone AI-based models. Elbasi et al. [6] performed a systematic review of AI-

driven agricultural advancements, emphasizing deep learning-based image processing techniques for plant disease diagnosis. Their 

findings showcased the significance of integrating environmental parameters such as temperature, humidity, and soil moisture in 
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disease prediction models. 

Hassan et al. reviewed smart agriculture monitoring strategies that incorporate AI for plant health assessment. Their work 

emphasized the importance of explainable AI (XAI) in improving the interpretability of deep learning- based disease detection 

models and enhancing farmer trust in automated decision-making systems. Rani et al. [5] analyzed various AI techniques in 

agriculture, focusing on advancements in plant disease detection. Their study highlighted that combining deep learning with sensor-

based data collection could significantly enhance the robustness and accuracy of plant disease classification models. 

Methodology 

Existing Systems 

The use of Artificial Intelligence (AI) in agriculture has brought new prospects for improved crop disease management.  Certain 

systems now employ machine learning (ML) and image recognition techniques for early detection of plant diseases. They collect and 

process data from a number of sources, including crop images, weather, and agronomical data, for disease prediction and 

management. Artificial intelligence systems like the PlantVillage app and PlantNet offer farmers real-time, easy disease diagnosis 

by enabling them to upload images of their crops. These websites employ convolutional neural networks (CNNs) and other deep 

learning algorithms for classifying and predicting diseases based on visual inputs. This helps farmers receive early informat ion so 

that they can apply preventive measures, thereby minimizing the risk of loss of crops. For example, the use of MobileNetV2 in 

mobile applications has resulted in enhanced disease detection in cotton and soybean plants through the provision of accurate  

predictions from image inputs. AI-based systems have the potential to offer scalable solutions that enhance the effectiveness of 

disease management, particularly in resource-limited settings where human knowledge may be scarce. The systems are crucial in 

early detection, which minimizes the effect of diseases on crop yield and quality, which directly impacts enhanced food security. 

Challenges in existing systems 

Data Access and Integration: Even though all these systems provide useful predictions, most of them suffer from data accessibility 

issues. Real-time updates of data and disease prediction in regions with limited internet connectivity are not very reliable. 

Interoperability of the platform and more than one data source (weather, soil, and pest data) is still not an easy task to accomplish, 

and this introduces inconsistencies in disease prediction and treatment recommendations. User Interface and Experience: Most of the 

systems currently in existence are meant for professional users and hence are not user-friendly to technical-knowledge-limited 

farmers. This leads to the underutilization of technology, whose potential impact is curbed. Accuracy and Generalization: Current 

disease prediction models could be accurate for certain crops but might not perform in accuracy if other crops or conditions are input. 

Models should be generalized so that they can fit other local farming practices and climates. Sustainability Challenges: While AI 

models predict diseases, suggested treatment strategies are inclined towards short-term intervention and not sustainable, 

environmentally friendly approaches. The failure to incorporate sustainability practices reduces the overall advantage of such 

technologies to long- term agricultural prosperity. 

Research Gap 

Even though we've made strides in AI-powered crop disease detection, there are still some notable gaps in the systems we have 

today: Limited Multi-Factor Analysis: A lot of the current models mainly focus on analyzing images, overlooking important 

environmental factors like soil conditions, humidity, and temperature changes that play a big role in disease outbreaks. Lack of 

Regional Adaptability: Many AI models are built on global datasets, which makes it tough for them to adapt to local farming 

conditions. This often results in less accurate predictions in various climates and soil types. Connectivity and Accessibility Issues: 

Many existing solutions need a constant internet connection for model updates and inference, which can be a real challenge for 

farmers in remote areas with spotty connectivity. Insufficient Agronomist Support: While automated disease detection can be quite 

effective, farmers usually need expert advice to make sense of the results and apply the right treatments. Unfortunately, most current 

systems don’t integrate agronomist support directly. Sustainability Considerations: The recommendations we see often lean towards 

chemical treatments, without taking into account eco-friendly, organic, or integrated pest management options that promote long-term 

agricultural health. 

Proposed System 

The proposed system for AI-driven crop disease prediction and management integrates multiple key modules that work together to 

offer real-time, accurate, and sustainable solutions to farmers. This system focuses on utilizing deep learning and AI techniques to 

identify crop diseases, provide treatment suggestions, and promote sustainable farming practices.  
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Data Collection Modules: The system uses data from multiple sources, including: Image Data Collection Module: A key feature of 

the system is the image recognition capability. Farmers can capture images of crops through the mobile app, which are then analyzed 

using deep learning models like MobileNetV2 for disease identification. Environmental Data Module: The system collects data 

related to environmental factors such as weather (temperature, humidity), soil conditions, and pest information to improve the 

accuracy of disease predictions. Agronomist Insights Module: This module provides access to expert recommendations on disease 

management and prevention strategies, promoting sustainable farming practices. Data Processing Unit: Once the data is collected, it 

is processed and analyzed using AI algorithms. The system applies Convolutional Neural Networks (CNNs) to classify and predict 

the presence of crop diseases. In addition, machine learning models analyze environmental data to provide accurate predictions of 

disease spread based on local conditions. The processing unit ensures that the predictions are timely and relevant to the specific 

crop and geographical location. 

 

Fig 1. System Architecture 

The mathematical formulation of the system involves machine learning principles, environmental modeling, and predictive 

analytics. 

1. Problem Formulation 

The system predicts crop diseases based on image-based analysis and environmental conditions. The goal is to determine the 

probability of disease presence D using input variables. 

2. Input Variables 

The model considers both image-based and environmental factors: 

𝑋 =  [𝐼, 𝑇, 𝐻, 𝑅, 𝑃, 𝑊]  (1) 

where: 

I = Image of the crop (preprocessed and encoded as feature vectors) 

T = Temperature (°C) 

H = Humidity (%) 

R = Rainfall (mm) 

P = Soil pH level 

W = Wind speed (m/s) 

3. Image-Based Classification Model 

A deep learning model (MobileNetV2) is used for disease classification: 

𝐷𝑖𝑚𝑎𝑔𝑒 = 𝑓(𝐼, 𝜃) (2) 

where: 

𝐷_{𝑖𝑚𝑎𝑔𝑒} = Disease prediction from the image 

𝑓 = MobileNetV2 function 

𝜃 = Model parameters learned during training 

The final classification probability is given by: 

𝑃(𝐷𝑖𝑚𝑎𝑔𝑒) = 𝜎(𝑊𝑓 ⋅ 𝑓(𝐼, 𝜃) + 𝑏𝑓) (3) 

where: 

𝑊𝑓and 𝑏𝑓 are the weight and bias of the final layer 
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σ is the sigmoid activation function 

4. Environmental Factor Contribution 

A rule-based model refines predictions based on environmental data: 

𝐷𝑒𝑛𝑣  =  {1, 𝑖𝑓 𝑇 >  30 𝑜𝑟 𝐻 >  80 𝑜𝑟 𝑅 >  50, otherwise 

where: 

𝐷𝑒𝑛𝑣   = 1 if conditions favor disease spread, otherwise 0. 

5. Final Disease Prediction 

The overall disease prediction is a weighted function: 

𝐷 = 𝛼𝐷𝑖𝑚𝑎𝑔𝑒 + 𝛽𝐷𝑒𝑛𝑣  (4) 

where α and β are tunable parameters based on empirical testing. 

If 𝐷 >  0.75, the system flags the disease as “High Risk.” 

6. Recommendation System 

The system provides treatment suggestions using a recommendation function: 

𝑅 =  𝑔(𝐷, 𝑇, 𝐻, 𝑃, 𝑅)  (5) 

where g maps disease severity and environmental data to treatment options (organic or chemical). A decision tree algorithm determines 

the best intervention. 

7. Forecasting Future Disease Spread 

Using time-series analysis (ARIMA model), future disease risk is predicted: 

𝐷𝑓𝑢𝑡𝑢𝑟𝑒(𝑡 + 1) = 𝛾𝐷𝑖𝑚𝑎𝑔𝑒(𝑡) + 𝛿𝐷𝑒𝑛𝑣(𝑡) (6) 

where γ and δ are coefficients based on historical data. 

Results 

The implementation of proposed AI-Driven Crop Disease Prediction and Management System is a game-changer for agricultural 

decision-making. It offers real-time, precise, and easily accessible disease predictions. Farmers can simply upload images of their crops 

through an intuitive user interface and get instant diagnoses, treatment suggestions, and risk assessments based on the weather. This setup 

empowers users to take timely actions to prevent or correct issues, ultimately reducing crop losses. 

One of the standout features of this system is how it seamlessly combines deep learning image classification with environmental data 

analytics to boost prediction accuracy. By merging AI-driven disease detection with climate factors, it takes a comprehensive approach to 

managing crop diseases. Each identified disease comes with a severity score and tailored treatment options, making it easier for farmers to 

implement the right solutions. Plus, the user-friendly interface means that even those with little technical know-how can navigate the 

system with ease. 

Mobile Application Interface and Usability 

The mobile app is crafted for simplicity, featuring a bottom navigation bar that allows users to easily access essential functions. They can 

upload crop images, check their disease history, and get support from agronomists. 

Key Features: 

• Disease Prediction System: Uses MobileNetV2 to identify crop diseases from images. 

• Weather-Based Risk Analysis: Incorporates real-time environmental data like temperature, humidity, and rainfall to enhance 

disease predictions. 

• Treatment Recommendation Engine: Offers both organic and chemical treatment options based on the severity of the disease. 

• Multilingual Support: Makes the app accessible for farmers who speak different languages. 
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                                 Fig. 2. Mutilingual Support        Fig. 3. Home Page UI                  Fig. 4. Notes Section UI 

Crop Disease Prediction Model 

The deep learning model predicts crop diseases based on image-based feature extraction and environmental conditions. The key factors 

influencing disease prediction include: 

• Leaf Image Features (60%): Disease-specific visual symptoms detected using MobileNetV2. 

• Temperature and Humidity (25%): Directly influence pathogen growth and spread. 

• Soil and Rainfall Data (15%): Affect disease persistence and plant stress levels. 

The AI model assigns a probability score to each disease classification, with confidence levels determining the risk category (Low, 

Medium, High). The model undergoes continuous improvement through real-time user feedback and data augmentation. 

 

Fig.5. MobileNetV2 Performance 

 

Fig. 6. Training Accuracy 

Discussion 

The AI-driven crop disease management system enhances farmer engagement by offering a user-friendly interface, automated disease 

detection, and customized treatment recommendations. The intuitive design and accessibility of the app make it a valuable tool for modern 

precision agriculture. 

Key Benefits: 

• Increased Accuracy: The hybrid approach combining image-based classification and environmental analytics ensures higher 

precision. 

• Actionable Insights: Farmers receive not just disease diagnoses but also tailored treatment options and weather-based 

precautions. 
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• Multilingual Accessibility: Supports multiple regional languages to improve adoption among diverse farming communities. 

D. Disease Risk Based on Weather Conditions 

The following analysis presents disease risk levels for different crops based on prevailing weather conditions. The risk scores range from 

0 to 10, where higher values indicate a higher probability of disease occurrence. 

Table 1. Disease Risk Scores for Different Crops Based on Weather Conditions 

Crop Risk Score 

Cotton 8.5 

Sugarcane 7.2 

Soyabean 6.8 

Conclusion 

The survey emphasizes the transformative potential of AI- driven crop disease prediction and management systems in 

revolutionizing agricultural practices. By leveraging advanced machine learning and deep learning techniques, these systems can 

provide farmers with real-time, data-driven insights into crop health, weather conditions, and disease prevention strategies. This 

contributes to improved productivity, reduced crop losses, and sustainable farming practices. The integration of IoT sensors,  remote 

sensing technologies, and AI-based decision support tools further strengthens the system’s capabilities. Additionally, the 

incorporation of precision agriculture techniques and emerging technologies like blockchain can enhance transparency and 

efficiency in agricultural supply chains. These advancements not only support informed decision- making for farmers but also 

contribute to long-term agricultural sustainability, food security, and rural economic development. The continued evolution of AI in 

agriculture promises innovative solutions to the challenges faced by farmers, ultimately leading to a more resilient and 

technologically empowered agricultural ecosystem. 

Future Scope 

The AI-driven crop disease prediction and management system can be enhanced by integrating additional environmental stress 

factors such as pest infestations and climate variations. Drone technology could facilitate large- scale field monitoring, and 

expanding crop coverage could improve global applicability. Further integration with IoT devices, precision agriculture tools , and 

blockchain for supply chain transparency may increase system reliability. Additionally, multilingual support and an offline mode 

could enhance accessibility for farmers in remote areas. 
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