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Abstract - The prevalence of mental health illnesses is 
rising globally, but there is still a lack of prompt, ongoing, 
and individualized mental health support. The development 
of intelligent systems that can assist people through 
continuous emotional evaluation and interactive 
communication has been made possible by recent 
advancements in artificial intelligence. In this research, a 
multimodal AI-based mental health companion is proposed 
that uses both voice signals and facial expressions to 
analyze users’ emotional states. The suggested system 
performs real-time emotion detection by combining 
machine learning models, audio processing techniques, and 
face emotion identification. Combining various input 
modalities improves overall user engagement and 
interactivity while increasing the accuracy of emotion 
recognition. The suggested system is successful in 
recognizing emotional states and providing sympathetic 
reactions, according to experimental evaluation. In addition 
to traditional treatment procedures, the developed system is 
meant to serve as an easily available and user-friendly 
mental health support option.  
 
Index Terms—Artificial Intelligence, Mental Health 
Assistance, Speech Signal Analysis, Facial Expression 
Recognition, Emotion Recognition, and Multimodal AI 
Systems 
 

1. INTRODUCTION  
 
  Stress, anxiety, depression, and other psychological prob 
lems have significantly increased across all age groups, 
making mental health a major global concern. Global 
health surveys state that many people do not receive 
timely mental health care because of things including 
societal stigma, expensive therapy, and a shortage of 
mental health specialists. These difficulties underscore the 
necessity for readily available, reasonably priced, and 
ongoing mental health support services.  
 
  The creation of intelligent systems that can comprehend 
and react to human emotions has been made possible by 
recent developments in artificial intelligence (AI) and 
human–computer interaction. Through conversational 
interfaces, AI-based mental health companions seek to 
help people express their emotions and cope with 
emotional suffering. However, although emotions are 
frequently expressed by voice tone and facial expressions, 

many current systems rely mostly on text-based 
interaction, which limits their ability to effectively record 
the user’s emotional state.  
 
  This research suggests a multimodal AI-based mental 
health companion that makes use of both voice and face 
emotion analysis in order to overcome these constraints. 
The technology can more precisely identify emotional 
states and offer sympathetic reactions in real time by 
combining speech processing methods with facial 
expression detection. The suggested method preserves 
usability and accessibility while improving user 
involvement and emotional comprehension. This strategy 
is intended to be a useful tool for early emotional support 
and to supplement conventional mental health treatment 
techniques. 
 

2. EASE OF USE 
 
  Because users may come from a variety of technical back 
grounds and emotional situations, ease of use is crucial to 
the efficacy of mental health support systems. The user 
centric architecture of the suggested system guarantees 
easy and straightforward interaction. Natural voice input 
and facial expressions allow users to interact with the 
system without the need for complicated user interfaces 
or a lot of manual input.  
 
  Real-time feedback and responses are provided by the 
system, allowing for smooth communication with no 
discernible lags. The application is suited for frequent 
usage due to its minimal setup requirements and 
automated processing, which further improve 
accessibility. The suggested approach promotes user 
engagement and prolonged involvement by emphasizing 
comfort and simplicity. 
 
A. Maintaining the Integrity of the Specifications 

  
 To guarantee dependable and moral operation, it is 
crucial to preserve the integrity of system specifications. 
The suggested system continuously processes user data 
via secure and verified pipelines in accordance with 
predetermined design and performance standards. To 
ensure accuracy and consistency, standardized datasets 
are used for both training and evaluation of emotion 
detection algorithms.  
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  Limiting data storage and making sure sensitive 
information is handled securely protect user privacy. To 
avoid inadvertent behavioral changes, the system also 
imposes restricted updates. These safeguards guarantee 
that the system functions as intended while upholding 
ethical compliance, dependability, and confidence. 
 

3. RELATED WORK 
 

Artificial intelligence has been used more and more in 
the field of mental health in recent years through virtual 
assistants, conversational agents, and emotion 
identification systems. A number of AI-powered chatbots 
for mental health have been created to offer text-based 
psychological support. In order to comprehend user input 
and produce responses, these systems mostly rely on 
natural language processing algorithms. Although 
somewhat successful, text-only systems sometimes miss 
emotional cues expressed through facial expressions and 
speech modulation.  

 
Deep learning and computer vision methods have been 

extensively researched for facial emotion recognition. 
Basic emotional states including happy, sorrow, anger, and 
surprise have been shown to be accurately identified by 
convolutional neural networks. However, illumination, 
camera quality, and user posture can all have an impact on 
facial-based systems’ dependability in real-world 
situations.  

 
In order to deduce emotional states, speech-based 

emotion identification systems examine acoustic 
characteristics like pitch, tone, energy, and speech pace. 
Even in the absence of face data, these methods are helpful 
in identifying emotions; nevertheless, they may be 
impacted by speech patterns and background noise.  

 
The efficacy of multimodal emotion identification 

systems that integrate voice and face data has been 
demonstrated by recent studies. These systems 
outperform unimodal methods in terms of accuracy and 
robustness by combining several modalities. Nevertheless, 
a lot of multimodal systems that are now in use are 
computationally complicated, don’t al low for real-time 
interaction, or don’t prioritize usability for non-technical 
users. By offering a user-friendly, real-time multimodal 
mental health companion with an emphasis on 
accessibility and ethical data handling, the suggested 
system expands on these investigations.  

 
A. Previous Information of Our Model  

 
    The suggested system’s early development concentrated 
on offering a simple text-based AI-driven mental health 
assistance platform. In order to engage users and provide 
general emotional support, the early model mostly 
depended on established conversational logic. Although 

this method allowed for rudimentary communication, the 
lack of non-verbal clues prevented it from precisely 
determining the user’s emotional state.  
 
    The model was progressively improved by adding 
emotion aware elements in order to get around these 
restrictions. The algorithm can now more accurately infer 
emotional states thanks to the introduction of voice-based 
emotion analysis, which captures changes in speech tone, 
pitch, and intensity. In order to examine face expressions 
and offer more emotional context, facial emotion 
recognition was then incorporated.  
 
    The model’s transition from a unimodal text-based 
approach to a multimodal framework greatly enhanced 
response accuracy and emotional comprehension. The 
latest iteration of the system, which integrates speech and 
face emotion analysis to provide compassionate, real-time 
mental health care, was made possible by this evolution.  
 
B. Gaps and Future Direction  

 
    The development of AI-based mental health support 
systems has advanced significantly, but there are still a 
number of shortcomings in the current solutions. The 
inability of many existing systems to effectively interpret 
complex human emotions arises from their reliance on 
unimodal interaction, such as text or facial expressions 
alone. Furthermore, its efficacy in real-world situations is 
diminished by a lack of real-time processing, inadequate 
customization, and scant attention to privacy and usability 
issues.  
 
    Current multimodal systems are less accessible to a 
wider audience since they frequently need large 
computational resources and are not suited for smooth 
user interaction. Additionally, the majority of systems lack 
adaptive learning mechanisms that allow them to change 
in response to unique user behavior and emotional 
patterns.   
   
    By combining voice and face emotion analysis into a 
single, intuitive framework, the suggested approach fills 
up these gaps. Future directions include improving 
personalization using adaptive machine learning models, 
adding multilingual and culturally adapted features, and 
increasing emotion categorization accuracy through larger 
and more diverse datasets. The system’s dependability 
and practicality can be enhanced by additional clinical 
validation and integration with expert mental health 
services. 
 

4. COMPARISON TABLE 
 
A comparative analysis of the proposed system with 
existing mental health support systems is presented in 
Table I. The comparison highlights key differences in 



          International Research Journal of Engineering and Technology (IRJET)       e-ISSN: 2395-0056 

               Volume: 13 Issue: 02 | Feb 2026              www.irjet.net                                                                          p-ISSN: 2395-0072 

  

© 2026, IRJET       |       Impact Factor value: 8.315       |       ISO 9001:2008 Certified Journal       |     Page 540 
 

terms of interaction modality, emotion recognition 
capability, usability, and limitations. 
 

 

5. LITERATURE REVIEW 
 
    The use of AI to improve mental health has received a lot 
of attention lately. Researchers have investigated a 
number of methods for recognizing human emotions and 
employing intelligent systems to offer psychological 
support. Early research mostly concentrated on text-based 
conversational agents that analyze user input and produce 
helpful responses using natural language processing 
algorithms. Although these technologies increase 
accessibility, they are unable to decipher nonverbal 
emotional cues.  

    Deep learning and computer vision techniques have 
been used to study facial emotion identification in great 
detail. Basic emotions including happiness, sadness, anger, 
fear, and surprise have been shown to be well-recognized 
by convolutional neural networks. However, in real-world 
applications, these systems’ sensitivity to environmental 
elements like lighting, camera resolution, and human 
placement can lower accuracy.  

    In order to identify emotional states, speech-based 
emotion detection techniques examine acoustic 
characteristics such as pitch, tone, energy, and Mel-
frequency ceptral coefficients. These techniques work 
even in the absence of facial data, however background 
noise, speech variability, and linguistic variations may 
have an impact on their effectiveness.  

    The benefits of multimodal emotion recognition systems 
that integrate voice and face data are highlighted in recent 
research. These systems outperform unimodal methods in 
terms of accuracy and robustness by combining several 
modalities. Notwithstanding these advancements, 
problems with real-time processing, data privacy, 
computational complexity, and user flexibility still exist. 
The proposed study is motivated by these findings, which 
emphasize the need for an integrated, safe, and user-
friendly multimodal mental health support system.  

6. METHODOLOGY  

    The proposed system uses a multimodal approach to 
detect and analyze users’ emotional states by combining 
voice and facial emotion recognition. The method is made 
to ensure accurate detection of emotions, real-time 
interaction, and ease of use.  

    At the start, user input is collected through a 
microphone and a camera. The voice input is processed to 
extract features like pitch, tone, energy, and speech 
intensity. These features are then sent to a trained 
machine learning model to determine the emotional state 
of the speaker.               

    Meanwhile, the camera captures facial data, which is 
then processed using techniques like face detection, 
normalization, and feature extraction. Deep learning 
models are used to analyze these features and identify 
emotions such as happiness, sadness, anger, and 
neutrality.  

    The results from the voice and facial emotion 
recognition parts are combined using a multimodal 
strategy to find the dominant emotion. Based on this, the 
system generates responses that are both appropriate and 
supportive. This approach improves accuracy and 
reliability compared to systems that only use one type of 
data, while still keeping up with real time performance.  

7. WORKFLOW  

    The workflow of the proposed AI-based mental health 
companion starts with user input, which can include text, 
voice, or facial data. The input goes through preprocessing 
to remove noise and unnecessary information before 
being sent to dataset processing and model training. The 
trained model is then tested to ensure it accurately 
predicts emotions. 

 

To protect user data, client-side encryption using AES 256 
is applied, followed by secure authentication and role-
based access control. Anonymous processing and 
encrypted temporary storage also help keep user data 
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safe. The processed data is used to generate secure 
emotion prediction results, which are then used for 
personalized mindfulness suggestions and anonymous 
mood tracking. A feedback loop is included to 
continuously improve the model based on its performance 
and user interactions. This structured process ensures 
accurate emotion recognition; secure handling of data, and 
effective emotional support.  

8. RESULTS AND ANALYSIS  

    The proposed multimodal AI-based mental health 
companion was tested to evaluate its effectiveness in 
recognizing user emotions and producing appropriate 
responses. The system was assessed based on accuracy in 
emotion recognition, how quickly it responds, and overall 
reliability.  

    When compared to unimodal methods, the combination 
of voice and facial emotion analysis showed increased 
accuracy. Under controlled lighting circumstances, facial 
expression recognition successfully identified basic 
emotional states as happy, sorrow, rage, and neutrality. 
This was supplemented with voice-based emotion 
analysis, which recorded changes in speech strength and 
tone, especially in situations where facial indications were 
scarce.  

    By merging the results from both modalities, the 
multimodal fusion technique improved resilience and 
decreased the possibility of misdiagnosis. The benefit of 
multimodal emotion recognition was demonstrated by 
experimental observations, which showed that the system 
operated more reliably when both voice and facial inputs 
were present.  

    With little delay between user input and system 
response, the system’s responsiveness was found to be 
appropriate for real-time engagement. However, 
inadequate illumination and background noise were found 
to have an impact on speech and facial analysis, 
respectively. Overall, the findings confirm that the 
suggested method is successful in delivering dependable 
and accurate emotion detection while preserving usability.  

9. CONCLUSION  

    In order to offer sympathetic and easily available 
emotional support, this paper introduced a multimodal AI-
based mental health companion that combines voice and 
face expression analysis. The suggested system improves 
emotion identification accuracy and robustness over 
unimodal methods by integrating speech-based and face 
emotion recognition.  

    The system is appropriate for users with a variety of 
technical backgrounds since it places a strong emphasis on 
usability, real-time interaction, and data protection. 
According to experimental findings, the multimodal fusion 

approach preserves responsive performance while 
enhancing emotional comprehension and system 
dependability.  

    All things considered, the suggested strategy shows how 
artificial intelligence might enhance mental health and 
help conventional mental health services. The findings 
support the usefulness of combining several emotional 
cues to provide relevant and user-focused mental health 
support.   

10. CHALLENGES  

    Despite the suggested multimodal mental health 
companion’s encouraging performance, a number of 
difficulties arose throughout system development and 
assessment. The reliance on ambient factors like lighting 
and background noise, which can impact the precision of 
voice and face emotion identification, respectively, is a 
significant obstacle.   

    The availability of balanced and varied datasets for 
emotion recognition presents another difficulty. Reduced 
generalization in real-world situations and biased emotion 
classification could result from a lack of diversity in the 
data. Furthermore, efficient computing is necessary for 
real-time processing of multimodal data, which can be 
difficult on devices with limited resources.  

    Because the system analyzes sensitive user data, 
including voice inputs and face expressions, privacy and 
ethical issues also present serious hurdles. For large-scale 
implementation, ensuring secure data processing, 
anonymization, and user trust continue to be crucial 
considerations.  

11. FUTURE SCOPE  

    The suggested system can be improved in a number of 
ways to increase its usefulness and efficacy. In order to 
make the system accessible to a larger user base across 
various locations and cultures, future work may 
incorporate multilingual support.  

    By using sophisticated deep learning architectures and 
training the models on more, more varied datasets, 
emotion recognition accuracy can be increased. Adaptive 
learning strategies that customize replies based on unique 
user behavior and emotional patterns can improve 
personalization.  

    Richer emotional context may also be provided by 
integration with wearable technology and physiological 
sensors. The system’s dependability and practical impact 
would be further enhanced by clinical validation 
conducted in conjunction with mental health specialists 
and integration with professional support services.  
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