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Abstract: Stroke is the world’s second leading cause of death and a major cause of adult disability. Early warning signs such as 
facial drooping and speech impairment are often overlooked, resulting in delayed medical intervention. This paper presents a 
real-time multi-modal deep learning framework for early stroke risk detection using facial asymmetry and speech analysis. The 
proposed system utilizes a consumer webcam and microphone without requiring cloud connectivity or specialized medical 
hardware. Facial video frames are analyzed using a custom Convolutional Neural Network (CNN), while speech samples are 
processed using a Long Short-Term Memory (LSTM) model with Mel-Frequency Cepstral Coefficient (MFCC) features. The 
outputs are fused through a weighted probabilistic mechanism to classify stroke risk into Low, Moderate, or High categories. 
The framework also integrates a React-based dashboard and conversational AI assistant for user-friendly interaction. 
Experimental results show 93.2% accuracy, 91.8% sensitivity, and 94.3% specificity with an end-to-end latency below 3.5 
seconds on consumer-grade hardware, demonstrating the effectiveness of the proposed approach for accessible real-world stroke 
risk screening. 
Index Terms: Stroke Detection, Multi-Modal Learning, Facial Asymmetry, Speech Analysis, CNN, LSTM, MFCC, Healthcare 
AI, TensorFlow Lite. 
 

I. INTRODUCTION 
Stroke is one of the most important neurological disorders and the 2nd leading cause of death in the world [1]. Early diagnosis is 
extremely important, because early treatment can minimize brain damage and survival rates can be improved. Common early signs 
include facial droop, difficulty with speech and muscle weakness, which are often not obvious to the patient or others and can be 
missed until later in the disease, resulting in delayed diagnosis and therapy [2]. However, the FAST (Face, Arm, Speech, Time) 
assessment is heavily reliant on humans' observation and awareness, and is less effective during an emergency situation [3]. 
Recent development in Artificial Intelligence (AI) and Deep Learning (DL) has made the automated healthcare systems possible, 
which can recognize the patterns from the visual and vocal data with high precision [4]. Facial image analysis is a challenge where 
Convolutional Neural Networks (CNNs) have performed very well and speech and sequential data processing is another area where 
Long Short-Term Memory (LSTM) networks have been successful [5]. Combining these Advances in technologies can enhance the 
dependability of early stroke screening systems.  
In this paper, a real-time multi-modal deep learning framework for early stroke risk detection based on facial asymmetry and speech 
analysis is proposed. The system to be developed will collect the facial and speech data out of the person's face and voice through 
the use of webcam and microphone, and process these data using CNN and LSTM models, after which the CNN and LSTM outputs 
will be combined together by using weighted fusion. The framework aims for low latency, accessibility and privacy without relying 
on cloud services and is designed to run on consumer-grade hardware. 

 
II. LITERATURE REVIEW 

Artificial Intelligence (AI) and Deep Learning in the healthcare field have greatly contributed to disease diagnosis and medical 
decision-making systems in recent years [6]. There have been several studies that have investigated the automated detection of 
stroke through facial image analysis, speech analysis and multi-modal learning. Current techniques for stroke assessment are mostly 
based on the manual clinical examination and may cause late diagnosis and suboptimal treatment effectiveness [2]. 
Dectection of facial asymmetry is an interesting research field for analysing neurological disorders. Previous methods employed 
geometric facial landmark detection and feature engineering methods that relied on handcrafted features to detect facial drooping 
[7]. But these techniques were quite sensitive to lighting, camera angle and facial orientation.  
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The development of Deep Learning has led to higher level of accuracy in diagnosis of facial paralysis and facial asymmetry due to 
strokes using Convolutional Neural Networks (CNN) [8]. The use of pretrained facial representations in transfer learning models 
like ResNet and MobileNet further boosted performance. 
Another significant part of the diagnosis of a stroke is analysis of speech. Very frequently, during the stroke episode, dysarthria and 
slurred speech can be seen [9]. A technique for speech feature extraction that has been widely adopted is Mel-Frequency Cepstral 
Coefficients (MFCCs) that are used to represent the characteristics of the vocal tract [10]. The Long Short-Term Memory (LSTM) 
networks have been seen to perform very well in speech classification tasks as they are capable of learning temporal dependence in 
sequential data [5]. Many speech abnormality data sets like TORGO and RAVDESS are used for speech abnormality analysis and 
neurological disorder detection [11]. 
Moreover, the recent research on multi-modal learning system based on visual and audio information to increase the accuracy and 
robustness of the prediction process has been investigated [12].  
In healthcare, multi-modal systems have been shown to be more effective than single-modal systems due to the fact that they use 
complementary information from various data sources [13]. There are, however, many existing systems that currently depend on 
cloud infrastructure or high-performance GPUs, and as such these are not readily available or suitable for actual deployment in a 
real world scenario. 
This system aims to overcome these drawbacks by providing a real-time, multi-modal framework for stroke risk analysis for 
consumer hardware which does not rely on cloud connectivity, and is lightweight and privacy preserving. 
 

III. SYSTEM ARCHITECTURE 
The proposed framework will be developed using a multi-modal approach, which will enable real-time stroke risk assessment based 
on facial asymmetry and speech analysis. The system is modular parallel-processing, in which each processing stream works 
independently, and only communicates in the fusion stage. This architecture is superior in computational efficiency, reduces latency, 
and guarantees reliable computation even in the case of noise or compromised input conditions from one modality. The overall 
proposed pipeline of the system is illustrated in Fig.1.  
The system starts at the acquisition level where simultaneous facial video and speech are recorded via a standard webcam and 
microphone. OpenCV and MediaPipe methods are used for facial frames extraction and pre-processing, which involves resizing, 
normalization and facial landmark detection [13].  
The facial images are then fed into a customized Convolutional Neural Network (CNN) model which detects the facial asymmetry 
associated with stroke and provides a facial risk score p_speech. 
At the same time, the speech signal is subjected to the pre-processing operations of noise reduction, normalization of the amplitude 
and extraction of the Mel-Frequency Cepstral Coefficient (MFCC) feature [9]. The extracted MFCC feature matrix is fed to a Long 
Short-Term Memory (LSTM) network which can learn temporal speech abnormalities for dysarthria and slurred speech [5]. The 
speech model provides a speech risk probability score P speech. 
 
The probability scores are fused together by a weighted probabilistic fusion mechanism which is represented as: 
 

௙௨௦௘ௗ݌ = 0.55 × ௙௔௖௘݌ + 0.45 ×  ௦௣௘௘௖௛݌
 

The output of the fused stage is divided into three stroke risk categories: Low, Moderate, and High. The framework's backend is 
built with FastAPI, which is a lightweight real-time inference engine, and TensorFlow Lite for real-time inference, with a frontend 
dashboard built using React for visualization and interaction. Further, a conversational AI assistant is built in to deliver 
straightforward explanations and recommendations and emergency instructions based on the produced stroke chance rating. 
The architecture offered allows for stroke screening to be performed on a consumer-level hardware system with high accuracy, 
scalability, and privacy protection without any need to be connected to the cloud for real-world healthcare applications. 
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Figure 1: Flowchart of Multi-Modal Stroke Risk Detection 

 
A. Functional Module Summary 
The proposed framework is divided into six major functional modules in total, which can collaborate to achieve real-time stroke risk 
detection and user interaction. The facial analysis module captures the images from the webcam, detects facial landmarks using 
openCV and classify the facial asymmetry related to the stroke symptoms using Convolutional Neural Network ( CNN ). The 
speech processing module contains a recording system, feature extraction system based on Mel-Frequency Cepstral Coefficient 
(MFCC) and a system that identifies the patterns of dysarthry. A probabilistic fusion engine with weights is proposed to fuse the 
facial probability and the speech probability to produce a unified stroke risk score as well as a confidence estimation. FastAPI and 
Uvicorn are used for the backend, handling the handling of asynchronously requested inferences, fusion operations, session history, 
and chatbot communications. The frontend is built with React 19 and Tailwind CSS with animated visualization of risk, trend 
analysis, and live webcam overlay. The framework also incorporates a Gemini 1.5 Flash context-aware conversational AI assistant 
that provides context-aware guidance, recommendations, and emergency instructions based on the predicted risk level. 

 
B. Backend and Frontend Design 
The back-end of the proposed system is done by FastAPI, and is served by Uvicorn because it operates asynchronously, supports 
automatic API documentation and is efficient in processing requests [17]. On the backend, there are several RESTful endpoints 
available for facial analysis, speech analysis, probabilistic fusion, interaction with the chatbot and managing the chatbot history. At 
server startup, the CNN and LSTM models are loaded into TensorFlow Lite interpreters, drastically decreasing inference latency 
and saving the overhead of repeatedly loading the model at runtime. 
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The frontend is created with React 19 and Vite for optimized rendering and faster development. The interface includes a near-real-
time webcam preview and MediaPipe landmark visualization, allowing users to align their faces properly to get the best results 
during the assessment. A microphone activity level real-time visualizer shows the level of microphone activity when recording 
speech. Once inferred, the dashboard displays an animated risk gauge, confidence indicators and trend charts for risk monitoring. 
The integrated Gemini chatbot is always available to communicate in a concise manner the generated risk score and give instant 
medical instructions and recommendations. 
 

IV. WORKING MODEL 
The proposed stroke risk detection system is based on the multi-modal processing pipeline, combining the facial analysis, speech 
analysis, and deep learning techniques for stroke risk assessment in real-time. The system simultaneously records the video of a face 
using a webcam and speech input using a microphone. The facial part is resized and normalized using OpenCV and OpenMediaPipe 
techniques and facial landmarks are extracted from it, then the speech part is normalized and extracted Mel-Frequency Cepstral 
Coefficient (MFCC) features with Librosa [9]. A custom Convolutional Neural Network (CNN) model is used to detect facial 
asymmetry that is correlated with stroke symptoms in the analyzed facial images. Meanwhile, the extracted MFCC speech features 
are fed into a two-layer Long Short-Term Memory (LSTM) network to classify slurred and dysarthric speech pattern [5]. The results 
that each model produces are then “fused” together with a weighted fusion mechanism, based on the final score for the stroke risk 
level, which is classified as Low, Moderate, or High risk level. Last but not least, the results produced is shown on a dashboard 
using the react platform and animated risk indicator, confidence levels and visualization of the trends. The embedded Gemini AI 
chatbot also offers clear, simple explanations, medical advice and emergency instructions according to the level of risk. 

 
V. METHODOLOGY 

 

 
Figure 2: Overall Methodology of the Proposed Stroke Risk Detection System 

   
The proposed framework, Stroke Risk Detection System, is a multi-modal deep learning approach that integrates three learned 
modules, including facial asymmetry detection, speech abnormality detection and probabilistic fusion, to achieve accurate real-time 
stroke risk assessment. The methodology is optimized for performance on consumer level hardware, with low latency, high 
prediction accuracy and privacy. 
The first stage is data acquisition that takes place when the face video is acquired by a webcam and the speech input is gathered by a 
microphone, both at the same time. The webcam records frames of the face every 30 frames per second, and the microphone records 
speech samples for about 5-10 seconds. A sentence is set for the users to read to reveal their speech abnormalities that are associated 
to stroke symptoms. The integration of facial and speech information allows the system to conduct multi-modal analysis and 
enhance robustness of prediction. 
The input collected is then preprocessed after the acquisition. Images of the face are resized to 224×224, normalized, and a facial 
region is extracted using OpenCV and MediaPipe methods by removing the facial landmarks [13]. These pre-processing steps 
minimize the background noise and enhance the quality of feature extraction. The speech signal is also noise reduced, amplitude 
normalized, and Mel-Frequency Cepstral Coefficient (MFCC) extracted simultaneously with Librosa [9]. Features computed using 
MFCC are of great utility in representing the characteristics of the vocal tract, and are found to be useful in detecting slurred or 
dysarthric speech patterns possibly linked with stroke. 
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For facial analysis, the custom Convolutional Neural Network (CNN) architecture employed comprises 4 convolutional blocks 
followed by pooling and dense blocks. The CNN model is used to analyze the movement of the mouth and drooping of the face 
which has asymmetry. In order to obtain more stable and efficient models, batch normalization and ReLU activation functions are 
employed. The model is trained with the Adam optimizer and binary cross-entropy loss function to classify facial abnormalities 
related to stroke accurately. 
The speech analysis module consists of two-layer Long Short-Term Memory (LSTM) network which takes the extracted MFCC 
feature matrix. LSTM networks have been shown to be well suited for speech analysis since they can model the temporal 
dependencies and sequential speech patterns [5]. The model detects common stroke symptom indications like dysarthria, delayed 
pronunciation and slurred speech. 
A weighted probabilistic fusion mechanism is used to fuse the outputs from the CNN and LSTM models. The face prediction is 55% 
of the final prediction score and the speech prediction is 45% of the final prediction score. The proposed multi-modal fusion 
technique enhances system reliability by incorporating complementary information from both facial and speech modalities. The 
system segments the user into Low, Moderate and High stroke risk category based on the score generated. 
It is written using FastAPI and Uvicorn for efficiently processing asynchronous requests, model inference and API communication 
[17]. Optimization for TensorFlow Lite to minimize the size of the model and accelerate the inference time on CPU-only devices. 
The frontend is built with React 19 and Tailwind CSS, enabling animated risk visualization, confidence indicators and trend analysis 
dashboards. Moreover, a Gemini AI chatbot is inbuilt to offer user friendly explanations, emergency suggestions, and healthcare 
suggestions based on the forecasted risk level. 
The proposed method allows for real-time, scalable and accurate stroke risk screening without the need for specialized medical 
equipment or cloud communications, which makes it suitable to be used in real world healthcare settings and early stroke awareness 
systems. 

 
Figure 3: CNN-LSTM Based Multi-Modal Fusion Architecture 

 
VI. RESULTS AND DISCUSSION 

The proposed multi-modal stroke risk detection framework was tested with both facial image datasets and speech datasets as well as 
with full end-to-end testing sessions. An evaluation was conducted on accuracy, sensitivity, specificity, latency and overall usability 
of the system. The system was deployed using standard hardware (non-gpu) testing to ensure the real world ability of the system. 
CNN model-based facial analysis has yielded an accuracy of 91.4%, sensitivity of 89.2% and specificity of 93.1% for the detection 
of facial asymmetry from stroke symptoms. Also, the greatest accuracy was provided by the LSTM-based speech analysis model 
with 88.7%, sensitivity 86.5% and specificity was 90.4% on identification of the patterns of dysarthrics and slurred speech. Overall, 
the performance of the combination of both the models was considered with weighted probabilistic fusion mechanism resulted in a 
usefulness in achieving higher accuracy of 93.2%, sensitivity of 91.8% and specificity of 94.3%. The results are shown to be 
successful for using the multimodal fusion approach that shows a superior performance compared to the single modal approach 
through the use of complementary information from facial and speech analysis. 
The end-to-end inference latency was less than 3.5 seconds on an Intel Core i5 CPU (no GPU) with the complete end-to-end system. 
The low latency demonstrates the applicability of the framework to real-time stroke risk identification on conventional consumer 
systems. Experimental observations also indicated that fusion mechanism resulted in more accurate prediction with better robustness 
in the case of various environmental conditions including varying amounts of light and noise. 
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The proposed interface was tested for usability and functionality through testing by users from different age groups. The system 
overall had an excellent System Usability Scale (SUS) rating of 84.1/100, which shows high levels of usability and user satisfaction. 
The majority of users found the user interface of the dashboard easy to understand and the live visualization and conversational AI 
assistance that the Gemini chatbot provided was welcome. 
They had a very good performance but there were some drawbacks found during Testing. Poor lighting had a small impact on facial 
analysis, and high regional accents and background noise had an impact on speech analysis. Further enhancements for the future 
will involve more dataset diversity, improving facial detection in low light, adding support for multiple languages in speech, and 
adding more stroke indicators like arm motion analysis. 
Overall, the experimental findings confirm the effectiveness of the proposed AI-based system in real-time and accurate stroke risk 
detection without compromising privacy and offering efficient performance, which are essential for clinical applications. 
 

VII. CONCLUSION 
The authors proposed in this study a multi-modal real-time deep learning system for stroke early warning indicating employing 
facial asymmetry analysis and speech parameters. The proposed system utilizes the imagery of the face and speech abnormality 
detection network using Convolutional Neural Network (CNN) and Long Short-Term Memory (LSTM) network respectively and 
improve the prediction accuracy and reliability of the proposed system using additional dynamic weighted probabilistic fusion 
mechanism. To demonstrate the validity of the proposed work, it was shown that the accuracy, sensitivity and specificity of the 
proposed framework were 93.2%, 91.8% and 94.3% respectively and end-to-end latency were found to be less than 3.5 seconds 
even on the consumer hardware. The seamless integration of a React-based dashboard and the Gemini AI chatbot that further 
enriched the user experience was spiced up by real-time visualization data and health data generated by the AI for the use of 
emergency action recommendations. The potential applications highlight the promise of lightweight, privacy-respecting AI systems 
for real-world applications in healthcare screening and provide a strong foundation for further refinement, such as multi-lingual, arm 
motion analysis and field validation. 
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