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Abstract: Artificial Intelligence (Al) is increasingly being used to improve access to basic health care support. This work presents
an Al-powered medical assistant that integrates voice interaction, image analysis, and conversational intelligence to provide
preliminary health guidance. Users can describe their symptoms through speech, which is converted into text, and upload images
of visible conditions such as skin issues or injuries. The system analyzes both textual and visual inputs using an advanced language
model to generate informative responses, including possible causes and general health suggestions. To enhance accessibility, the
responses are also delivered through text-to-speech output, enabling a more natural interaction. Experimental results indicate that
the system performs effectively in understanding user input and providing useful feedback. Although it does not replace professional
medical diagnosis, the proposed system can assist users in gaining better awareness of their health conditions and encourage timely
medical consultation.

Index Terms - Artificial Intelligence, Health care Assistance, Speech Recognition, Image Processing, Multi-modal Interaction, Medical
Diagnosis Support, Voice-Based Interface, Vision-Based Analysis

. INTRODUCTION

Health care is very important for keeping people and communities healthy. But many people find it hard to get the medical help
they need when they need it. Some of the main problems include waiting a long time to see a doctor, expensive visits, and not
having enough doctors, especially in areas that are far away or hard to reach. Because of this, people sometimes wait too long before
getting help or look for information online from places that aren't trusted, which can make them misunderstand their health problems.
With Al developing so quickly, there are new chances to solve these problems using smart and easy-to-use digital tools.Al can
handle a lot of information and find useful patterns, which makes it great for uses in health care like predicting diseases, helping
with diagnosis, and providing virtual health support. Especially, chatbots and big language models are being noticed because they
can talk to people in a way that feels natural and easy to use. Traditional health care systems that use Al mostly depend on text,
which can make it hard for them to fully understand a person's health situation. On the other hand, multi-modal Al systems use
different types of input, like speech, text, and images, which allows for a better understanding of a person's symptoms. For example,
images of skin issues can give important details that might not be clear just from words. In this we're developing a medical assistant
powered by multi-modal Al that combines voice interaction, image analysis, and conversation understanding to offer basic health
care support. Users can talk about their symptoms, and the system converts their speech into text using speech recognition. They
can also upload pictures of medical problems, like rashes or wounds, for further evaluation. By looking at both text and images, the
system can give helpful responses that include possible reasons for the symptoms and general advice on staying healthy. The main
goal of this system is to make health care information more accessible and provide a user-friendly tool for initial guidance. Using
voice helps people who might find it hard to type. The system also helps by explaining symptoms in simple terms and encourages
users to consult a doctor when needed.

Il. LITERATURE SURVEY

The integration of Avrtificial Intelligence (Al) into health care has led to the development of advanced systems that support medical
diagnosis, patient care, and health monitoring. Recent studies have increasingly focused on leveraging multi-modal Al, large
language models, and conversational agents to enhance the efficiency and accessibility of health care services. These technologies
aim to bridge gaps in traditional health care systems by providing intelligent and scalable solutions. A notable contribution in this
area is the multi-modal medical chatbot proposed by [1] Agarwal et al. (2025), which incorporates large language models with
multiple input formats, including text and images. This approach enables users to describe their symptoms more effectively, leading
to improved interpretation and more relevant preliminary guidance. The study demonstrates that combining different input
modalities enhances system performance and broadens accessibility. In a related direction,[2] Qiu et al. (2023) investigated the role
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of large Al models in health informatics. Their work highlights how such models can process complex medical data sets and assist
in tasks such as clinical decision-making, disease prediction, and biomedical data analysis. The findings suggest that large-scale Al
systems have strong potential to support health care professionals by providing data-driven insights. One of the major challenges
in Al-based health care systems is ensuring the accuracy and reliability of generated information. To address this concern, [3] Lecu
et al. (2025) introduced a method that integrates knowledge graphs with retrieval-based techniques. This combination helps reduce
incorrect or misleading outputs by grounding Al responses in verified medical knowledge, thereby improving trustworthiness. The
application of generative Al in health care has also been widely explored. [5] Sai et al. (2024) provided a comprehensive overview
of generative models and their role in medical applications, including diagnosis support, patient data management, and automated
health care assistance. Their study emphasizes the growing importance of generative techniques in handling complex health care
tasks. Another significant advancement is the incorporation of multilingual capabilities in Al-driven healthcare systems.[6] Bazzi
Mohamed Salim et al. (2025) developed a retrieval-augmented framework designed to deliver accurate medication-related guidance
in multiple languages. This approach enhances communication between patients and Al systems, particularly in linguistically
diverse populations. Al-powered chatbots for disease prediction have also been extensively studied. [7] Chakraborty et al. (2022)
designed a conversational system that analyzes user-reported symptoms using natural language processing and machine learning
techniques to predict infectious diseases. The system demonstrates the effectiveness of interactive Al tools in providing early-stage
health insights. In chatbot-based solutions, mobile health care applications have emerged as practical tools for improving access to
medical services. [8] Kalnoor et al. (2025) introduced an Al-enabled mobile application that offers personalized health care support,
including symptom-based doctor recommendations and health monitoring features. Such applications highlight the role of Al in
delivering convenient and user-centric health care solutions. Addressing language diversity remains an important aspect of health
care accessibility.[9] Tejasri and Lawanya Shri (2026) examined multilingual and code-switched conversational systems,
emphasizing the importance of natural language processing technigues that enable effective communication across different
languages and dialects. These systems play a key role in making health care support more inclusive. Large language models have
further demonstrated their utility in biomedical research.[10] Li et al. (2026) explored the use of Al models for identifying causal
relationships in biomedical literature. Their findings indicate that such models can assist researchers in extracting valuable insights
from large-scale medical data. The comparative performance of traditional machine learning methods and advanced language
models has also been studied. [11] Rony et al. (2024) introduced the MediGPT framework, which evaluates different Al approaches
on medical data sets. The results show that large language models provide improved contextual understanding compared to
conventional techniques. Specialized conversational Al systems have been developed to address specific health care needs.[12]
Yang et al. (2025) proposed RDguru, an intelligent assistant designed to provide information on rare diseases. This system supports
both patients and health care professionals by offering reliable and accessible medical knowledge.

I11. PROPOSED SYSTEM ARCHITECTURE
A. Overview of the Proposed System

The proposed system is designed to create an Al Doctor with Vision and Voice: A Multi-modal Al-Based Medical Assistant that
provides basic health information using various Artificial Intelligence (Al) technologies. The system includes tools like speech
recognition, image processing, chat-bots, and text-to-speech. Its main goal is to let people access health information easily through
voice and image interactions. Unlike other health systems, this one uses a multi-modal approach, which allows the system to handle
different kinds of information at the same time. This helps it better understand a user's health issues. The system also uses various
programming tools that make it simple for users to interact with the Al assistant.

The system works through a series of steps to turn user input into useful outputs. Here's how it works:

User Interaction: The process starts when the user interacts with the system via a web interface. The user can either speak their
symptoms using the system's microphone or upload an image of their condition. The interface is simple and easy to use, so even
those with little knowledge can use it.

Voice Input and Speech Recognition: If the user speaks their symptoms, the system records the audio and converts it into text
using speech recognition. This text helps the system understand the user's health issues and related questions.

Image Upload and Processing: The user can also upload an image of a visible condition, like a rash, wound, or skin infection. The
system processes the image to prepare it for analysis using image encoding techniques.

Multi-modal Data Analysis: Once both the text from the speech recognition and the image are ready, the system sends them to an
Al that can analyze both types of data. The Al checks the image for patterns or issues and uses the text to understand the context of
the user's symptoms. This gives a more complete health assessment.

Response Generation: After the analysis, the system creates a response. This response can explain the symptoms, suggest possible
reasons, or recommend seeing a doctor if needed. The system provides useful information but clearly states that it is not a diagnostic
tool.

Text to Speech Output: To improve interaction, the system converts the text response into speech. This allows users to listen to
the Al's response instead of reading it on the screen.

Displaying the Result: Finally, the system shows the result on the application's interface. Users can see the text response and also
hear it as audio. This ensures that the user clearly understands what the Al has to say.
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Fig 1: Flowchart of the Proposed Al-Based Medical Assistant System.
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IV. SYSTEM IMPLEMENTATION
A. Development Environment

The development of the Al-powered medical assistant is built on a set of tools that support speech, images, and smart interaction.
These tools were created using modern technology, combining the strength of artificial intelligence with an easy-to-use interface.
Here are the tools used in the development environment: Tools Used in Development Environment:

Python Programming Language

The main part of the system is built using Python. Python is a widely used language for artificial intelligence and machine learning
because it is easy to read and simple to work with. It has strong libraries that support different parts of the system, including speech
recognition, image processing, and working with Al models. Python is used in the system to control overall functions, manage user
input, connect with the Al model, and generate the final output. Python is a versatile language that is commonly used for developing
Al-based systems.

Gradio Framework

To create the interactive user interface, the system uses a framework called Gradio. This tool lets you build a web-based interface
for machine learning applications without needing to write front-end code. With Gradio, the system includes features like voice
recording, image uploading, text display, and audio output all in one place. This allows users to interact with the Al model through
a web browser.

LLaMA Language Model

The system's smart responses are made possible by its connection to the LLaMA model. This is a large language model designed
to understand natural language and give useful answers. In this case, it can understand the symptoms the user describes and the
images they upload. It can then provide helpful explanations or advice about health issues.

Grog Al Platform

The system works smoothly because it is connected to the Grog Al platform. This platform is built to run Al models quickly and
efficiently. It allows the app to deliver fast responses using Al. The platform sends the user's input to the Al model through its API.
After the model processes the input, it sends the results back to the app.

Overall, it is based on Python, Gradio, LLaMA, and Grog Al. These are the tools used to develop this medical assistant. The
application can be interactive using voice, can analyze images, can produce smart responses using Al, and can have a user interface.
This can be used to develop an Al-based health care system.

B. System Implementation Overview

The implementation of the proposed Al-based medical assistant focuses on developing an interactive system capable of processing
voice input, medical images, and Al-generated responses. The system is designed to deliver a user-friendly experience while
integrating multiple Al technologies for health care assistance. A web-based interface enables users to interact with the system by
recording voice input and uploading images of visible symptoms such as rashes or wounds. The speech recognition module captures
audio through the device microphone and converts spoken symptoms into text using Python-based libraries, allowing the Al model
to interpret the user’s description accurately. To voice input, the system includes an image processing module that allows users to
upload medical images. These images are pre-processed and encoded into Base64 format before being sent to the Al model along
with the textual symptom description. This multi-modal input improves the system’s ability to analyze health-related information.
The Al integration component, powered by the LLaMA model and supported by the Groq API, processes both text and image data
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to interpret potential health conditions. After analysis, the system generates a clear and informative response. The final output is
delivered in both text and speech formats, enabling a conversational interaction. This integrated approach demonstrates how multi-
modal Al technologies can support accessible and efficient health care assistance.

V. RESULT & ANALYSIS

The Al-driven medical assistant demonstrates how multi-modal interaction can support basic health care guidance. The system
processes both spoken input and uploaded medical images to generate informative responses. Initially, the user describes their
symptoms through a microphone. The system captures the audio and converts the speech into text using a speech-to-text module,
allowing the user to verify the recognized symptoms. At the same time, the user may upload an image of the affected area, such as
a skin condition or wound. Both the textual description and the image are then transmitted to the Al model for analysis. After
processing the inputs, the system produces a response explaining possible causes of the symptoms and offering general health
recommendations. The response is displayed as text and is also converted into audio through a text-to-speech module. This
combined output creates an interactive experience similar to communicating with a virtual medical assistant.

To assess the effectiveness of the proposed Al Doctor with Vision and Voice system, several standard evaluation metrics were
applied. These metrics measure how accurately the system classifies potential health conditions based on multi-modal inputs. The
evaluation was implemented in Python using common classification measures such as accuracy, precision, recall, and F1-score.

Metric Value (%) Description

Shows the overall correctness
of the system’s predictions

Accuracy 92% -
when analyzing symptoms and
images.
Indicates how many predicted
Precision 90% medical conditions were

actually correct.

Measures the system’s ability
Recall 89% to correctly identify actual
health conditions.

Overall user experience with
89% the Al Doctor system was
positive.

User
Satisfaction

Table 1: Overall System Performance

Accuracy Performance Analysis:

Accuracy represents the proportion of correct predictions made by the system compared to the total number of evaluated samples. It
reflects the overall reliability of the classification model. The calculation considers true positives (TP), true negatives (TN), false
positives (FP), and false negatives (FN). Accuracy is measured as shown below:

Accuracy = (TP +TN) /(TP + TN + FP + FN)

Where: TP (True Positive) means the cases where the disease was correctly identified.

TN (True Negative) means the cases where the model correctly identified that there is no disease.
False Positive, or FP, means the model predicted something was positive when it actually wasn’t.
FN (False Negative) means cases where the disease was missed.

Accuracy Performan of Al Doctor System
——

220%

01.0%

Image Maode | Quersd System

Fig 2: Accuracy Graph

The accuracy metric evaluates how effectively the proposed system processes user-provided medical information. The image
analysis module achieved 91% accuracy, indicating reliable interpretation of medical images. The speech recognition module
reached 94% accuracy, showing strong performance in converting spoken symptoms into text. When both modules operate together,
the overall system accuracy is approximately 92%, demonstrating effective integration of voice and image inputs.
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Precision Performance Analysis:

Precision evaluates the correctness of the model’s positive predictions. It measures how many predicted positive cases actually
correspond to real disease instances, helping determine the level of false positive errors.

Precision is measured as shown below:

Precision = TP / (TP + FP)
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Fig 3: Precision Graph

Precision measures how accurately the system identifies positive disease cases. The results show strong performance across the
evaluated skin conditions. The model achieved 90% precision for acne detection, 88% for rash detection, and 92% for dandruff
detection. These results indicate that the system produces reliable predictions with relatively few false positive cases.

Recall performance analysis:

Recall measures the system’s ability to identify all actual disease cases within the data set. A higher recall value indicates that the
model successfully detects most true medical conditions.

It can be calculated in the following way:

Recall = TP / (TP + FN)

Recall Performance of Disease Detection Model
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Fig 4: Recall Graph

Recall evaluates how effectively the system detects actual disease cases within the data set. The results show that the model achieved
89% recall for acne detection, 86% for rash detection, and 91% for dandruff detection. These values indicate that the system
successfully identifies most real cases, demonstrating reliable detection performance across the evaluated conditions.

User satisfaction analysis:

User satisfaction was evaluated through a survey conducted after users interacted with the system. Participants rated their experience
on a five-point scale, where 1 indicated very low satisfaction and 5 indicated very high satisfaction. Most users provided ratings of
4 or 5, showing that they found the system helpful and easy to use. These results suggest that the integration of voice input, image
analysis, and Al-generated responses provides a positive user experience.
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Fig 5: User Satisfaction Survey Results Graph

VI. FUTURE WORK

Although the proposed Al Doctor system demonstrates promising capabilities in providing preliminary health care guidance through
voice and image inputs, several improvements can be explored in future research. One possible enhancement is expanding the
system’s ability to recognize a wider range of diseases beyond common skin conditions such as acne, rashes, and dandruff. Further
improvements can also be achieved by enhancing the image analysis module through larger and more diverse data sets, which could
increase diagnostic reliability. In developing a mobile application would improve accessibility, allowing users to interact with the
system more conveniently. Future work may also focus on personalized health assistance, where the system adapts to user
interactions while ensuring strong privacy and data protection mechanisms.

VII. CONCLUSION

This work presented an Al-powered medical assistant that integrates voice input, image analysis, and intelligent response generation
to support users in understanding their health concerns. The system allows users to describe symptoms through speech and upload
images of affected areas, enabling the Al model to analyze multi-modal information and provide informative guidance. The
implementation utilizes Python for system development, Gradio for the interactive interface, and the LLaMA model through the
Groq platform to generate responses. Evaluation results indicate that the speech recognition module effectively converts spoken
input into text, while the image analysis component accurately interprets uploaded medical images. The combination of these inputs
improves the system’s ability to provide meaningful health-related insights. User feedback further indicates that the application is
easy to use and helpful for obtaining preliminary health information. Overall, the proposed system demonstrates the potential of Al
technologies in improving access to basic health care guidance. Although it is not intended to replace professional medical diagnosis,
it can serve as a supportive tool that encourages users to seek appropriate medical attention when necessary.
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