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Abstract: Agriculture is a critical sector, especially in developing nations like India, where a majority of 

the population relies on farming for their livelihood. However, many small and marginal farmers still 

lack access to advanced tools, expert advice, or timely information to make informed decisions about 

crop cultivation or disease management. This often results in crop failure, economic loss, and increased 

dependence on harmful pesticides. The Smart Agro System is designed to address these challenges by 

providing a multilingual, voice-interactive, AI-powered assistant capable of both plant disease detection 

and crop recommendation. The proposed system accepts both speech and text input from the user, 

enabling ease of access for non-technical and illiterate users. It starts by detecting the user’s language 

automatically, then provides options to either perform crop recommendation, plant disease detection, or 

both. For disease detection, the user uploads or captures a plant leaf image, which is analyzed using a 

MobileNet Convolutional Neural Network (CNN) to classify the disease. The detected result is further 

processed by an offline AI chatbot powered by LLaMA, which generates relevant organic and chemical 

treatment suggestions. For crop recommendation, the system uses a custom-created dataset with 

parameters like soil type, water availability, and climate to predict the best crop for that region and 

season. The entire system is built using Python 3.10, without any web dependency, and includes offline 

functionalities such as speech-to-text using the speech_recognition library and speech output using 

Google’s gTTS. Language translation is handled via googletrans, enabling real-time interaction in over 

80 languages. Results from experiments show the CNN model achieves high performance with an 

accuracy of 94.2%, and the response time remains under a few seconds even on low-resource machines. 

This system provides a low-cost, efficient, multilingual, and AI-driven solution that can revolutionize how 

farmers interact with digital tools for sustainable agriculture. 
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I. INTRODUCTION 

With the rapid growth of Artificial Intelligence (AI) and deep learning technologies, agriculture is entering a new phase 

of intelligent automation. Yet, while advanced countries are moving towards smart farming with drones, IoT, and 

precision agriculture, millions of farmers in rural areas still depend on traditional practices and lack access to real-time 

crop or plant health analysis. In India, where agriculture is one of the largest employment sectors, the digital divide 

often prevents farmers from using technology due to language barriers, lack of literacy, or absence of internet access. 

Plant diseases are one of the major causes of crop damage. By the time they are visually identified and treated, the yield 

might already be compromised. Similarly, selecting the right crop for a particular soil and climatic condition is a 

decision that many farmers make based on guesswork or outdated knowledge, leading to poor productivity. There is a 

pressing need for a system that not only helps in early detection of diseases but also guides the farmer in choosing the 

right crop, using a medium they understand – their own language and voice. 

The Smart Agro System proposes a holistic solution to this problem. It combines Computer Vision (CNN) for image-

based plant disease detection, AI chatbot (LLaMA) for treatment suggestions, and machine learning-based crop 

recommendation using parameters like soil type, water availability, and climate conditions. The system accepts voice 

and text input in multiple languages, making it accessible for a diverse range of users. Moreover, all results are 

converted into speech and spoken back to the user in their own language, ensuring complete understanding. 
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Another key strength of this system is that it works offline, ensuring availability in areas with poor or no internet 

connectivity. This makes the solution especially valuable for remote rural regions. All models and tools have been 

optimized to work on low-end devices with minimal hardware requirements. The Smart Agro System thus represents an 

innovative, practical, and inclusive approach to empowering farmers with smart tools for sustainable agriculture. 

 

II. RELATED WORKS 

In recent years, researchers have made significant advancements in applying machine learning and deep learning to 

agricultural systems. Many plant disease detection systems use CNN models to classify leaf diseases from images with 

high accuracy. Similarly, crop recommendation systems have been implemented using decision trees or K-nearest 

neighbor algorithms based on soil pH, temperature, and rainfall. Some systems incorporate mobile apps or web 

dashboards for farmers to interact with AI-based suggestions. However, these systems typically require internet 

connectivity and do not support multilingual voice input/output, making them less suitable for rural or illiterate farmers. 

Additionally, many models rely on external APIs or cloud-based platforms, limiting their usability in offline settings. 

The Smart Agro System aims to overcome these limitations by offering a fully Python-based, offline, voice-enabled, 

multilingual assistant integrated with AI and CNN models. 

 

III. LITERATURE REVIEW 

Mohanty et al. (2016) implemented a deep learning-based system using a pre-trained AlexNet model to classify plant 

diseases from leaf images. While the accuracy achieved was promising, the model was heavily dependent on high-

resolution images and required GPU-level computation for real-time processing. This makes deployment on edge 

devices or low-resource systems impractical. 

Ferentinos (2018) used CNN architectures including LeNet, AlexNet, and VGGNet for the classification of 25 

different plant diseases. Though the model performed well in lab environments, the dataset was limited in diversity, and 

the system lacked multilingual interaction or voice support, making it less suitable for real-world adoption among 

farmers. 

Chen et al. (2020) proposed a mobile-based crop recommendation system that analyzed weather and soil data using 

random forest algorithms. However, their system required consistent internet connectivity and a complex user interface, 

limiting accessibility for rural users with low digital literacy. 

Bhange and Hiremath (2021) built a CNN-based mobile application for tomato disease detection, achieving 91% 

accuracy. Yet, the application only supported English language input and did not include any voice-based or offline 

features, which restricted its reach in local communities. 

 

IV. METHODOLOGY 

The Smart Agro System is structured into modular components that interact in a linear yet flexible pipeline. The system 

begins with multilingual user interaction, progresses through intelligent selection of services (plant disease detection, 

crop recommendation, or both), and ends with voice-based AI responses. It is designed to run entirely offline and be 

used by non-technical users such as rural farmers. 

Step-by-step Process: 

Language Detection and Input: 

The user initiates interaction via voice or text. Language is auto-detected using googletrans or manually selected. Voice 

input is captured using the speech_recognition library. 

 

Service Selection: 

The system asks the user to select between: 

 Plant Disease Detection 

 Crop Recommendation 

 Both 
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Plant Disease Detection: 

If selected, the user uploads or captures an image of the plant leaf. The MobileNet CNN model then predicts the disease 

from the image. 

 

AI-based Solutions: 

The predicted disease is passed to the LLaMA AI chatbot running locally via llama_cpp. The chatbot returns both 

organic and chemical treatment options using natural language generation. 

 

Crop Recommendation: 

If this service is chosen, the user inputs three environmental parameters: 

 Soil Type 

 Water Availability 

 Climate/Temperature 

 Sunlight 

A local dataset maps these to the most suitable crops, returning a list of recommendations. 

 

Speech Output in User’s Language: 

All results are translated into the selected language and spoken back using gTTS. 

 

V. ARCHITECTURE 

 
 

VI. IMPLEMENTATION 

6.1 Workflow Overview 

 User opens the Python-based interface 

 System detects or asks for the user's preferred language 

 User chooses the service type 

 Image is processed for disease (if applicable) 

 Text or voice-based crop recommendation is performed 

 AI generates treatment advice 

 All outputs are translated and spoken to the user 
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6.2 Architecture Components 

 Voice Input: speech_recognition for capturing commands 

 Language Processing: googletrans for language detection and translation 

 CNN Image Classifier: MobileNet model trained on leaf disease dataset 

 Chatbot AI: LLaMA-based local chatbot for generating treatment advice 

 Crop Dataset: Custom CSV dataset mapping soil, water, and climate to crop types 

 Voice Output: gTTS for converting responses to speech 

 

VII. MODEL PERFORMANCE 

7.1 CNN Model Metrics (Plant Disease Detection) 

Metric Value 

Accuracy 94.2% 

Precision 93.1% 

Recall 92.4% 

F1-Score 92.7% 

 

7.2 Real-Time Performance 

 Disease prediction: ~1.2 seconds 

 Chatbot response: ~2-3 minutes 

 Voice I/O processing: 1–2 seconds 

 Hardware tested: i5, 8GB RAM (offline execution successful) 

 

VIII. TOOLS AND TECHNOLOGIES 

Component Tool/Library 

Language Detection googletrans 

Speech Input speech_recognition 

Speech Output gTTS 

Image Processing OpenCV, PIL 

Model Training TensorFlow, Keras 

CNN Model MobileNet (custom-trained) 

AI Chatbot LLaMA via llama_cpp 

Dataset Handling Pandas, NumPy 
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Component Tool/Library 

Programming Lang. Python 3.10 

 

IX. CONCLUSION 

The Smart Agro System presents a major advancement in democratizing agricultural technology for rural populations. 

By focusing on voice-based multilingual interfaces, offline AI capability, and customized datasets, the system 

overcomes key barriers like digital illiteracy, language dependency, and lack of internet access. Through real-time 

disease detection using a lightweight MobileNet CNN, and AI-generated treatment suggestions via LLaMA, farmers 

receive personalized guidance in seconds. In addition, the crop recommendation system leverages local environmental 

factors to ensure the most effective crop choice for current conditions. The integration of speech output in native 

languages using gTTS completes the loop of interaction, making the system inclusive for users across literacy levels 

and age groups. The system's real-time performance, lightweight design, and use of open-source tools make it not only 

practical but also replicable across other regions and languages. In the future, enhancements can include support for 

multiple plant types, mobile app version, and integration with IoT sensors for soil/water automation. Overall, Smart 

Agro System stands as a powerful, scalable, and farmer-centric innovation for intelligent agriculture. 
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