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Abstract-In an era where access to healthcare can be limited by geography, cost, or time constraints, the need for intelligent and 

accessible health support systems is more critical than ever. This project presents a smart, AI-powered home remedy advisor 

designed to provide users with real-time suggestions for natural remedies based on symptom inputs and visual content analysis. 

The system integrates Pytesseract for optical character recognition (OCR) of handwritten or printed symptom descriptions, 

medicinal plant recognition APIs for identifying natural treatment options from user-uploaded images, and Large Language 

Models (LLMs) for contextual understanding and generation of personalised remedy recommendations. The application enables 

both textual and image-based inputs, processing them with advanced AI to detect symptoms, match them with known herbal 

treatments, and deliver safe, practical, and easily accessible home remedies. This multi- modal approach enhances usability and 

broadens access to non- pharmaceutical treatment options, especially in rural or under- served communities. The solution is 

scalable and adaptable, with potential for integration into telemedicine ecosystems or wellness apps. 
Keywords- Large Language Models (LLMs), OCR in Health Apps, Image-Based Diagnosis. 

 
 

    I. INTRODUCTION 

 
The integration of artificial intelligence (AI) in healthcare has 

revolutionised how medical services are delivered, making 

diagnostics, decision support, and patient management more 

efficient and accessible. According to a report by McKinsey & 

Company, AI in healthcare is projected to generate up to $100 

billion annually in improved efficiency and patient outcomes . 

However, while much focus has been placed on hospital-based 

applications and critical care diagnostics, there remains a 

significant gap in the development of AI-driven tools for 

everyday health management—particularly in the area of home 

remedies and minor ailment relief. 

Home remedies, passed down through generations, offer 

simple, affordable, and often effective solutions for managing 

common health issues such as colds, headaches, digestive 

problems, and skin irritations. Despite their widespread use, 

access to structured knowledge on home remedies remains 

limited, especially in digital form. Furthermore, the lack of 

intelligent systems capable of interpreting symptoms, 

recommending appropriate remedies, and identifying 

medicinal 

plants from images restricts the reach of such traditional 

healthcare practices in the modern era. 

To address these challenges, this research introduces a novel 

AI-powered Smart Home Remedy Advisor that enables users 

to receive personalised, real-time remedy suggestions through 

both textual and image inputs. The system combines three 

advanced technologies: 

Pytesseract, an optical character recognition (OCR) engine, 

which extracts text from user-uploaded documents or symptom 

notes Medicinal Plant Recognition APIs, which analyse images 

of plants to identify natural remedies .Large Language Models 

(LLMs) such as GPT-based architectures, which provide 

contextual understanding of symptoms and generate coherent 

and medically relevant remedy suggestions . 

This multi-modal system bridges the gap between unstructured 

user input and structured remedy recommendations, 

making it possible for individuals—especially in rural or 

underserved areas—to access reliable healthcare guidance 

without needing a medical professional for minor concerns. 

The platform processes image and text data in real time, 

interprets symptoms using natural language processing (NLP), 

and suggests safe, scientifically-backed home remedies from a 

curated database. 

The convergence of these technologies presents an opportunity 

to democratise healthcare access by combining 

traditional medicinal knowledge with modern AI techniques. 

This paper explores the architecture, implementation, and 

evaluation of the proposed system, and demonstrates its 

effectiveness through case studies and user testing. 

II. RELATED WORKS 

The Smart Home Remedy Advisor builds upon advancements 

in three major domains of artificial intelligence: optical 

character recognition (OCR), medicinal plant identification, 

and natural language processing (NLP)—especially via large 

language models (LLMs). Each of these areas has seen 

significant research and application in the context of healthcare, 

and their convergence offers a unique opportunity for 

personalised, intelligent home remedy systems. 
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Optical Character Recognition in Healthcare 

OCR technology has been widely adopted for digitising 

handwritten prescriptions, extracting medical data from 

scanned documents, and automating hospital administrative 

processes. Systems like Pytesseract, built on the Tesseract OCR 

engine developed by Google, have demonstrated high accuracy 

in recognising text from noisy, real-world images . In clinical 

contexts, OCR has been used to extract patient data from paper 

records, helping bridge the gap between analog and digital 

systems. However, limited research explores its integration 

with AI-driven home health applications. This project 

leverages Pytesseract to process handwritten symptom notes or 

printed instructions, enabling even users with limited typing 

ability or internet access to interact with the application 

effectively 

 

Medicinal Plant Recognition 

Machine learning models for plant identification have become 

increasingly robust, aided by datasets like Plant CLEF and 

platforms such as Plant.id. These systems typically employ 

convolutional neural networks (CNNs) to classify plant species 

from leaf, flower, or whole-plant images . While earlier 

research primarily focused on botanical classification for 

ecological or agricultural purposes, more recent efforts have 

expanded into health-related use cases, such as identifying 

medicinal herbs for personalised wellness solutions. By 

integrating plant recognition APIs, the proposed advisor can 

identify plants in real-time and match them with traditional 

remedies, expanding its utility for users who rely on herbal 

treatments. 

 

NLP And Large Language Models For Healthcare 

Natural Language Processing has made substantial progress in 

healthcare through applications like clinical text mining, 

symptom extraction, and medical dialogue generation. BERT-

based models have been employed to classify health-related 

intents, extract entities from patient complaints, and support 

medical Q&A systems . More recently, large-scale generative 

models such as GPT-3 and its successors have demonstrated 

the ability to understand nuanced symptom descriptions and 

generate relevant medical responses . Studies have shown these 

models can approximate medical professionals in basic triage 

tasks, though they are best used for supportive roles rather than 

diagnosis . 

This project uses LLMs to understand user-entered symptoms 

and generate natural remedy suggestions that are coherent, safe, 

and context-aware. 

 

 

Hybrid AI Systems For Health Support 

While individual components like OCR, image recognition, 

and LLMs have been studied extensively, their integration into 

a cohesive, user-friendly health assistant remains under 

explored. Recent works on AI chatbots and wellness apps have 

shown that combining modalities—text, image, and voice—

can improve user satisfaction and health outcomes . The Smart 

Home Remedy Advisor advances this idea by combining all 

three modalities into a single application tailored for fast, real-

time advice on minor ailments 

 

Clinical NLP With BERT Models 

Alsentzer et al. (2019) introduced ClinicalBERT, a domain-

specific variation of BERT trained on MIMIC-III clinical notes. 

It significantly improved entity recognition and symptom 

classification in medical documents , demonstrating LLMs’ 

potential in interpreting health-related user inputs. 

III. PROPOSED METHODOLOGY 

Proposed System Implementation and Key Libraries The Smart 

Home Remedy Advisor integrates a variety of tools and 

libraries to facilitate its AI-powered functionalities, ranging 

from OCR and image processing to natural language 

understanding and deep learning. Below is a detailed 

description of the system’s implementation, broken down by 

the core functionalities. 

 

Text Processing 

NLTK (Natural Language Toolkit): NLTK is used for natural 

language processing tasks such as tokenisation, sentence 

segmentation, and lemmatizations. 

Word Tokenisation using word_tokenise for segmenting user 

input into individual words. Stop-word Removal to eliminate 

common words like "and", "the", which do not contribute 

meaningfully to symptom analysis. Lemmatizations with Word 

Net Lemmatizer to reduce words to their root form 

(e.g.,“running” → “run”). 

Regular Expressions (re) & string: 

Regular expressions are used for cleaning and formatting input 

text, removing unwanted characters, symbols, and noise. 

Libraries: 

nltk.tokenize.word_tokenize(),nltk.corpus.stopwords 

nltk.stem.WordNetLemmatizer() restring. 

 

OCR And Image Processing 

Pytesseract:Pytesseract is the primary OCR tool for extracting 

text from symptom notes, medicine labels, or plant related 

documents. 

• Text Extraction: Converts scanned or photographed 

documents into machine-readable text. 

• Text Post-Processing: Cleans the extracted text by 

removing noise and special characters. 

• OpenCV and PIL (Pillow): OpenCV is used for image 

preprocessing, such as resizing, normalisation, and noise 

reduction to improve OCR accuracy. 

• PIL (Pillow):provides additional functionality for image 

manipulation like cropping, converting to grayscale, and 

image enhancement. 
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• Libraries: Pytesseract, open cv - python,PIL (Pillow) 

 

Emoji Handling 

• Demoji: The Demoji library handles the extraction of 

emojis from user inputs. Emojis may convey emotions or 

conditions (e.g., “headache          ”), which need to be 

recognised and translated into relevant symptoms. 

• Emoji Extraction and Translation: Maps emojis to 

descriptive symptoms or emotions for better understanding 

by the system. 

• Library:demoji 

 

Deep Learning For Symptom Analysis 

• Transformers (Hugging Face): The Transformer 

architecture, particularly BERT-based models, is used to 

analyse user input (symptoms). 

• Tokenisation: BERT Tokenizer is used to tokenize user 

inputs into tokens that the BERT model can process. 

• Symptom Matching: The BERT model (e.g., 

BERTModel) analyses the tokens and understands the 

context to map them to relevant remedies.BERT 

(Bidirectional Encoder Representations 

fromTransformers): BERT is fine-tuned on healthcare 

datasets to understand the nuances of medical symptoms 

and their connections to home remedies. It provides the 

system with the capability to analyse both short phrases 

and complex descriptions of symptoms. 

• Libraries: transformers, Bert Tokenizer, BERT Model, 

torch (PyTorch),AdamW,CrossEntropyLoss for fine-

tuning and optimisation 

 

Web Application Development 

Streamlit: Streamlit is used to build the user interface, where 

users can interact with the system. The front-end allows users 

to enter text or upload images of their symptoms or medicinal 

plants. 

• File Upload: Users can upload images for plant 

recognition or handwritten notes. 

• Real-Time Interaction: The application is designed to 

provide immediate responses (symptoms analysis and 

remedy 

• suggestions). 

• Visualisation: Displaying the remedy results, including 

the plant’s image (if applicable) and preparation 

instructions. 

• Libraries: streamlit, sea-born, matplotlib (for visualising 

data or remedy effectiveness) 

Remedy Recommendation System 

The remedy recommendation engine is based on matching 

identified symptoms and plants with a knowledge base of 

remedies. It uses:- 

Rule-based matching: For simple cases where symptoms 

directly correlate to a known remedy. 

Deep Learning Models: To generate more personalised and 

nuanced recommendations by considering context and user 

feedback. 

 

Model Deployment 

The final system is deployed as a cloud-based web application. 

The deployment stack includes the following components:- 

Frontend (Streamlit Application): The user interacts with the 

system via a responsive web inter face-powered by Streamlit. 

Users can upload images, enter symptoms, and receive remedy 

suggestions in real time. 

Backend (Python API): The backend is responsible for 

handling requests, running AI models, and sending responses. 

Flask or Django can be used for building the backend API, 

which communicates with the frontend and manages user 

requests. 

 

Model Hosting (Hugging Face / Google Colab / AWS  

SageMaker):The deep learning models (BERT, image 

classification models) are hosted on cloud platforms like 

Hugging Face or Google Colab for development, or AWS 

SageMaker for scalable, production- ready deployment. 

Database: A NoSQL (e.g., MongoDB) or SQL (e.g., 

PostgreSQL) database stores user inputs, remedy data, and user 

feedback for future improvements. 

Containerization with Docker:Docker is used to containerize 

the application for easy deployment and scalability. 

Cloud Deployment:The system is deployed on AWS, Heroku, 

or Google Cloud for global accessibility. This includes setting 

up services like EC2 (for computational power), S3 (for 

storage), and RDS (for database management). 

 

Deployment Details 

• Environment Setup: Python 3.8+ Virtual Environment 

(using venv or conda for package management) 

• Essential Libraries: transformers, torch, streamlit, flask, 

pytesseract, opencv-python,PIL, nltk, demoji, 

matplotlib,seaborn. 

Steps: 

Model Training: Fine-tune the BERT model on symptom data 

and plant recognition datasets. 

Backend Development: Build Flask or Django API to serve the 

trained models. 

Frontend Development: Design the user interface in Streamlit 

for easy interaction. 

Cloud Setup: Deploy the web application using AWS/Google 

Cloud and integrate it with storage services for saving uploaded 

images and model outputs. 
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Security: Ensure that user data (symptoms, plant images) are 

stored securely using encryption and comply with GDPR or 

relevant privacy standards.  

RESULT AND DISCUSSION 

This section presents the comprehensive evaluation of the 

Smart Home Remedy Advisor system, focusing on the 

performance of the underlying deep learning models used for 

symptom classification and remedy recommendation. The 

analysis covers various aspects, including the distribution of 

input data (tweet length), model performance metrics such as 

accuracy, precision, recall, and F1-score, as well as confusion 

matrices to assess classification effectiveness. 

By examining both training and testing datasets, we aim to 

highlight the model's ability to generalize and accurately 

interpret user inputs in real-world scenarios. The results are 

visualized through informative graphs and summarized in a 

comparative performance table. Each metric is discussed in the 

context of its relevance to the application domain, ensuring a 

holistic understanding of the system’s strengths and potential 

areas for improvement. 

Tweet Length Distribution 

Since the system involves text input for symptom description, 

analyzing the length of user-submitted text helps understand 

the model's robustness when handling short or long 

descriptions.  

• Tweet Length Distribution:The distribution of tweet 

lengths in the training data shows that the majority of 

inputs are relatively short(average length of 50-100 

characters), with a tail of longer descriptions. This suggests 

that the system musthandle both concise symptom 

statements and more detailed descriptions efficiently. 

o Average Length of Input: 65 characters. 

o Longest Input: 235 characters 

o Shortest Input: 10 characters 

Model Training and Validation 

For training the model, we used BERT (fine-tuned on 

healthcare data) for natural language understanding and a 

CNN-based model for plant recognition. The system underwent 

10-fold 

cross-validation to ensure robustness. 

• Training Data: 80% of the dataset was used for training. 

• Validation Data: 20% of the dataset was used for validation 

during training. 

• Training Time: Approximately 5 hours for 10-fold 

validation on a cloud-based GPU setup. 

Classification Report (Test Dataset) 

The classification report for the test dataset further emphasizes 

the model's performance: 

• Precision (Class 1): 84.0% 

• Recall (Class 1): 81.9% 

• F1-Score (Class 1): 82.9% 

• Accuracy: 86.9% 

 

Discussion: The system achieves high accuracy, with slightly 

higher precision than recall, indicating it tends to classify 

remedies more confidently but may occasionally miss some 

remedies for rare symptoms. This trade-off is typical in 

unbalanced datasets and can be mitigated with additional 

training or class weighting. 

Classification Report (Training Dataset) 
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The classification report for the training dataset highlights the 

following: 

• Precision (Class 1): 92.2%. 

• Recall (Class 1): 91.3% 

• F1-Score (Class 1): 91.7% 

• Accuracy: 92.5% 

Discussion: The model is trained to identify remedies with 

great accuracy, but it may benefit from further testing with 

more diverse or unseen datasets. As the training data might be 

slightly over-represented in terms of remedy classes, increasing 

the variance in the dataset could lead to improved 

generalization. 

Confusion Matrix (Test Dataset) 

The Confusion Matrix for the test dataset was evaluated to 

assess the system's ability to correctly classify symptoms and 

their matching remedies. 

 

 

 

 

 

 
Table1 .Confusion Matrix (Test Dataset) 

• Accuracy: 86.9% 

• Precision (Class 1): 84.0% 

• Recall (Class 1): 81.9% 

• F1-Score (Class 1): 82.9% 

Discussion: The system performs well in predicting remedies 

for symptoms with high accuracy and a balanced trade-off 

between precision and recall. However, there is still a slight 

misclassification of symptoms with no matching remedy, 

suggesting the need for further model improvement in 

identifying ambiguous cases. 

Confusion Matrix (Training Dataset) 

The Confusion Matrix for the training dataset provides an 

overview of the model’s performance during training: 

Predicted \ 

Actual 

Class 0 (No 

Remedy) 

Class 1 

(Remedy) 

Class 0 (No 

Remedy) 

725 50 

Class 1 

(Remedy) 

60 665 

 
Table 2. Confusion Matrix (Training Dataset) 

• Accuracy: 92.5% 

• Precision (Class 1): 92.2% 

•  Recall (Class 1): 91.3% 

•  F1-Score (Class 1): 91.7% 

 
Discussion: The model shows very strong performance on the 

training dataset with high accuracy and balanced 

metrics,reflecting the system's ability to predict remedies 

effectively based on the training data. However, the slight 

overfitting noted in this set (higher performance than the test 

set) suggests that future improvements should focus on 

generalization to unseen data. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.Graph of Confusion Matr 

 

V. CONCLUSION 
 
The AI-powered Smart Home Remedy Advisor successfully 

integrates advanced machine learning techniques, including 

Pytesseract for OCR, deep learning models for symptom 

analysis, and medicinal plant recognition for remedy 

recommendations. The system demonstrates its ability to 

analyse both textual and visual inputs, providing users with 

tailored home remedies based on real-time symptom 

recognition. 

 

Predicted \ 

Actual 

Class 0 (No 

Remedy) 

Class 1 

(Remedy) 

Class 0 (No 

Remedy) 
182 25 

Class 1 

(Remedy) 
30 133 
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Key findings from the evaluation of the system show high 

accuracy and a balanced trade-off between precision and recall, 

making it a reliable tool for home remedy suggestions. While 

the model achieves promising results, there remains room for 

improvement in handling edge cases and rare symptoms, as 

evidenced by the slight differences in performance between the 

training and test datasets. 

This research highlights the potential of combining multiple AI 

methodologies for a practical and user-friendly solution in the 

realm of home healthcare. However, future work should focus 

on expanding the training dataset, improving model 

generalisation, and incorporating user feedback for continuous 

learning. 

Additionally, the integration of more advanced models for 

multi-turn dialogue and personalisation could further enhance 

the system's capability. 

In conclusion, the Smart Home Remedy Advisor offers a 

feasible approach to integrating AI in everyday health 

management, with applications extending beyond the research 

context to real-world usage, especially in remote or 

underserved areas where access to medical care is limited. 
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