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ABSTRACT  
Psychological conditions that include stress, anxiety and depression need continuous and objective monitoring as 
opposed to the subjective assessment that is traditionally practiced. The paper introduces a multimodal emotion and stress 
recognition system in real-time, combining speech and facial analysis, to enhance the accuracy or reliability. Mel-
Frequency Cepstral Coefficients (MFCC) are used to extract speech characteristics and image processing and landmark 
detection used to extract facial expressions. The Hybrid Neural Network is used to combine audio and visual cues to 
achieve the effective classification of the emotional states such as stress, anger, sadness, happiness, and calmness. The 
system is also connected with an Arduino-powered feedback system consisting of LCD display, buzzer, and motorized 
vibration to give quick feedback and relaxation feedback. The results of this experiment are very accurate and strong as 
opposed to unimodal methods. The suggested system is affordable, compact, and can be applied to constant mental health 
observation, which would allow identifying signs of mental health issues early and responding proactively in the real 
world setting. 
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INTRODUCTION 
Mental health has become a major problem in the world as 
the disorders can afflict people of all age groups and socio-
economic statuses. Stress, anxiety, depression, and other 
disorders are becoming advanced owing to anew the 
pressures in modern life, social segregation and the 
demands of work. Conventional approaches to the 
diagnosis of these conditions are based on a heavy use of 
clinical interviews, self-report questionnaires, and periodic 
assessments by health care providers. Although these 
methods offer a good understanding of the patient, they are 
subjective and limited by the patient who might not be 
accurate in describing their feelings. In addition, these 
techniques cannot facilitate real-time changes in the 
emotional states which normally lead to late diagnosis and 
treatment which could deteriorate the condition of the 
individual in the long run. Although relevant progress has 
been made in the field of mental health assessment, the 
current systems are very much subjective and sporadic as 
they do not provide real-time monitoring. This weakness 
drives the necessity to have a self-driven system to 

constantly identify the emotional conditions. The proposed 
work will play the role of this gap by providing a 
multimodal framework, which facilitates objective and 
real-time recognition of emotions and intervention to 
enhance early detection and mitigate the risk of delayed 
mental health assistance. 

New opportunities to resolve these challenges have been 
discovered due to the recent developments in artificial 
intelligence and human-computer interaction. Affective 
computing which involves equipping machines with the 
ability to perceive, analyse and react to the emotions of 
people is a research area that has attracted so much 
attention in the field of mental health. Thanks to the 
methods of machine learning and deep learning, 
nowadays, it becomes possible to consider behavioral 
patterns and physiological cues of humans in order to 
predict emotional states in more objective and continuous 
ways. There are numerous modalities of detecting 
emotions, but among the most notable and valid indicators 
of human feelings, there are speech and facial expressions. 
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The speech has emotional indicators in tone change, pitch, 
rhythm and intensity, whereas facial expression shows 
some minor muscular movements that are related to the 
various emotional states [1]. 

Speech Emotion Recognition (SER) has received a lot of 
attention due to the lack of its invasiveness and lack of 
data acquisition challenges. Other modern techniques like 
Mel-Frequency Cepstral Coefficients are often employed 
in order to extract meaningful features of speech signals 
which can capture the perceptual property of the human 
ear. The features undergo machine learning models to 
identify emotional states. Nonetheless, it is also because 
the use of speech alone may cause misunderstandings 
since one can intentionally change his voice or even hide 
his or her emotional expression. On the same note, Facial 
Emotion Recognition (FER) would make use of computer 
vision algorithms on facial features and cues. Though FER 
gives useful visual information, it may be influenced by 
other factors like lighting conditions, occlusions and 
deliberate concealment of emotions [2]. 

In order to address the weaknesses of single-modality 
systems, multimodal techniques have been proposed, 
which involve breadth of an array of sources of emotional 
data to enhance accuracy and strength. When the speech 
and the faces are combined, then the human emotions will 
have a complementary nature, which makes it possible to 
minimize the uncertainties and improve the overall 
effectiveness of the system. Hybrid Neural Networks are 
vital in this fusion since they effectively bond different 
data streams that are heterogeneous and learning intricate 
contacts amid these streams. Such networks are capable of 
processing both audio and visual features at the same time 
with the effects of a deeper comprehension of emotional 
states [3]. 

Besides proper recognition of emotions, there is also an 
increased demand of the systems capable of generating 
instant feedback and intervention. Negative emotional 
conditions (stress or anxiety) can be detected early and this 
will aid in the prevention of mental health problems 
escalation. These systems share the same problem where 
embedded systems like microcontrollers provide a viable 
solution to applying real-time feedback mechanisms. 
Adding emotional recognition models to hardware (such 
as displays, buzzers and vibration motors) one can obtain a 
closed-loop unit that is able not only to detect emotions 
but also react to them in real-time. These systems may be 
implemented in the daily venue where they will act as 
sustained support without having to be supervised by 
humans at all times [4]. 

The challenges presented in this research are resolved in 
the proposed system, which can be applied to solve the 
problem of multimodal emotion recognition, which 
combines speech and facial analysis, in a real-time 
manner. The system incorporates high-level feature 
extraction and Hybrid Neural Network in order to get a 
good classification of emotional states. In addition, it 
consists of an Arduino-driven feedback technology which 

lets one give instant alerts and relaxation. The combination 
of the sensing, processing, and feedback further simplifies 
this system and makes it practical and effective in constant 
mental health monitoring. 

The importance of the works is that they help in bridging 
the gap between the old clinical test and the new 
technological solutions. The proposal can be used to 
increase the availability of mental health monitoring to a 
greater number of people by providing a system that is 
affordable and portable. Furthermore, multimodal data 
cannot be misused because it promotes the reliability of 
emotion identification and can work under practical 
conditions in a situation where the environment and 
behavior are often differentiated [5]. 

In general, the presented study can help to development 
the development of intelligent healthcare systems, as it 
illustrated that it was possible to integrate affective 
computing, machine learning, and embedded systems to 
offer proactive management of mental health. The 
combination of various modalities, immediate processing, 
and automatic feedback constitutes a serious foot forward 
to the creation of the holistic solution to mental health in 
contemporary society. The proposed novelty of the system 
is the combination of multimodal emotion recognition 
with real-time embedded feedback system. This work, in 
contrast to the already established methods, involves a 
closed-loop solution with Arduino-based intervention, 
speech and facial analysis, the main idea of which is not so 
much the accuracy of classification. This facilitates 
detection as well as immediate action, so the framework is 
applicable to the real-life scenario of continuous and 
proactive mental health surveillance. 

LITERATURE SURVEY 
Multimodal emotion recognition has become one of the 
important fields of research in affective computing in 
order to enhance the correctness and strength of the 
emotion detection mechanism by combining various forms 
of data such as speech, facial expression or physiological 
information. Conventional unimodal methods are usually 
limited by noise, variability and incomplete information of 
emotion, and multimodal systems take advantage of 
complementary information to attain improved 
performance. New recent developments in deep learning, 
such as convolutional neural networks, transformers, 
attention, among others, have improved the functionality 
of emotion recognition models dramatically. Moreover, the 
augmented presentation of multimodal datasets and 
computational facilities has hastened the creation of more 
elaborate architectures that are able to embrace complex 
emotional pattern in a real-world setting. 

A number of researches have examined various modalities 
and fusion methods in order to promote better 
performance in emotion recognition. Studies taking a 
physiological approach show that a combined approach of 
electroencephalography and electrooculography can give a 
better understanding of inner emotional conditions [6]. On 
the same note, approaches that use situational attention 



Page: 9 2 2   

Real Time Emotion and Stress Recognition for Mental Health Monitioring System Using Speech and Facial Recognition 

IJDDT, Volume 16 Issue 47s, 2026 
 
 
 

mechanisms have displayed enhanced adaptability as it 
pays attention to context-sensitive features [7]. 
Transformer-based architectures have become more 
popular as they are capable of capturing long range 
dependencies and cross-modal relationships, particularly 
in cross language cases [8]. Specialized context-aware 
frameworks have also been used: driver emotion 
recognition, to enhance safety and responsiveness [9]. 
Besides, unimodal and multimodal methods of annotation 
have been used to improve the strength of the training and 
the generalization of the training across datasets [10]. 

The key takeaway of recent events is the significance of 
large-scale models and sophisticated learning approaches 
in multimodal emotion recognition. Instruction-
conditioned multimodal large language models have 
exhibited encouraging scores in conversational emotion 
recognition through use of contextual and semantic data 
[11]. Multitask and multirepresentation learning models 
are also used to enhance the robustness of models with 
respect to the use of different feature spaces and learning 
strategies [12]. Extensive surveys reveal the development 
of multimodal systems, the main building blocks, datasets, 
and issues such as the heterogeneity of the data and 
cultural diversity [13]. In addition, studies focusing on the 
uncertainty-driven learning have proposed light models 
that maintain performance without added complexity to 
computation [14]. The elimination of redundancy and 
enhancement of feature representation has also been 
suggested through the use of modality-guided refinement 
and feature augmentation methods [15]. 

Integration of different modalities like EEG, facial 
expressions, as well as speech signals has received a lot of 
research on how to obtain internal and external emotional 
signals. Intermediate modalities between these two 
modalities (hybrid models) have been more accurate 
because of the strengths that are complementary [16]. 
Reliable and explainable recognition of emotions is 
another area that has received interest accentuating 
reliability as well as the clarity of predictions [17]. They 
have also brought personalized frameworks that serve 
certain categories of users like the autistic children by 
modifying models according to personal behavioral 
patterns [18]. Besides that, analogies of multimodal 
processing have been applied to niche tasks, such as music 
emotion recognition, where audio feature together with 
lyrical content can be used to enhance emotional insights 
[19]. Further advancement of knowledge distillation and 

subject-aware models is expected to provide high 
performance through topic knowledge transfer between 
domains and people [20]. 

Although there has been massive advancement in 
multimodal emotion recognition, there still exist a number 
of challenges in the field. System performance is still 
affected by data inconsistency, disparity on modes and 
real-time processing constraints. Moreover, the fact that 
the large annotated datasets are required and multimodal 
fusion methods are complicated is an additional problem. 
Future development on the problem of generalization, 
minimizing the computational cost, and increasing the 
interpretability of models is pursued. It is anticipated that 
the combination of the new technologies like cross-modal 
transformers, adaptive learning strategies, and the real-
time multimodal systems will further improve the sphere 
of the development and help to recognize the emotions 
more accurately and reliably in practice, such as in the 
context of healthcare, in the human-computer interaction, 
and in intelligent virtual assistants. Although the current 
literature has shown marked gains post the use of 
multimodal means, most do not have the capability to 
deploy in real-time and include feedback incorporated in 
them. In addition, a number of them are based on high 
costly and complicated architectures which restrict their 
real-life application. Conversely, the proposed system will 
prioritize a balance between performance, computational 
efficiency, and real-time applicability as major limitations 
set up in the previous studies are considered. 

METHODOLOGY 
The system that has been proposed is based on a 
systematic and methodological approach to realization of 
mental health monitoring real-time multimodal recognition 
of emotions and feedback. It combines data collection, 
feature extractor, multimodal fusion, classification and 
physical response into one pipeline. The strategy provides 
a constant output of both the speech and the facial data 
stream, which allows the correct identification of the 
emotional state. The methodology has six large phases of 
approach with each added to the total system performance 
and reliability. All of these phases convert the unprocessed 
sensual signals into data that contains useful emotional 
understanding and feedback to be received, so that the 
system can work effectively in real-time environments and 
be robust and scalable to be practically implemented. 
Which is shown as Figure 1. 
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Fig. 1: System Architecture 

A. Data Acquisition 
The initial phase of the methodology approach entails the 
gathering of live time information of the user via two main 
modalities: speech and facial expression. Audio signals are 
captured with the help of a microphone, and the facial 
movements and expressions are constantly captured using 
a camera. The system will enhance synchronization of 
audio roll with the video roll to achieve time consistency 
in the state of analysis. Cases of noise, variations in 
lighting in the environment are taken into consideration to 
enhance robustness in acquisition. Preprocessing theories 
including noise filtering of audio and normalization of 
frames of images are used to improve the quality of data. 
This phase is important in getting the other processing 
phases the right and quality input information which 
directly affects the performance and accuracy of the whole 
emotion recognition system. The data in the present 
research is composed of speech and facial emotion 
samples that were taken with the help of publicly 
accessible benchmark databases like RAVDESS and 
FER2013. These datasets were chosen because of their 
reliability and emotional variety. The preprocessing of the 
data consisted of normalization, frame centering, and noise 
minimization. The distribution of classes was frequent to 
make it an unbiased training, and the validation was done 
based on stratified sampling to keep the training real 
world. 

B. Speech Feature Extraction 
The processed audio signals of this stage are the audio 
signals captured and manipulated to detect meaningful 
features that are related to emotional characteristics. The 
system employs Mel-Frequency Cepstral Coefficients 
(MFCCs) that are effective in reflecting the qualities of 
perceptions of human ear. The audio signal is first divided 
into short frames, then windows and fourier 
transformation are used to get the frequency spectrum. 
This is then followed by Mel scale to simulate human 
auditory perception and cepstral coefficients are 
computed. These characteristics embody fluctuations in 
pitch, tone and intensity, which are very important 
reflections of the states of emotions. The features that are 
extracted as MFCC are normalized so as to make them 
consistent and are then subjected to the classification 
model. Through this process, the system is able to 

determine minor emotional reactions inherent in speech 
signals. 

C. Facial Feature Extraction 
The facial feature extraction is comparative analysis of 
visual information which is captured by the camera to 
detect the expression related to various emotions. The 
system involves image processing methods and detection 
algorithms of facial landmarks to track important features 
as the eyes, eyebrows, nose, and mouth. All the frames are 
run through to extract facial geometry and movements, 
converted into numerical feature vectors. These 
characteristics record the differences in the facial muscle 
movement that is related to such emotions as happiness, 
sadness, anger, astonishment. The challenges that are also 
addressed in the system include the variations in lighting, 
the orientation of the head, and partial obstructions. This 
step allows incorporating visual emotional information 
into the general recognition process by transforming face 
expressions into a format. 

D. Multimodal Fusion based on the Hybrid Neural 
Network. 

A Hybrid Neural Network which is multimodal fusion is 
used to combine the extracted speech and facial features. 
This type of network architecture combines individual 
audio and visual processing stages then combines them 
into a single representation. The fusion mechanism permits 
the model to acquire complicated associations between 
patterns of speech and facial expression leading to more 
accurate classification. Convolutional and fully connected 
layers are deep learning methods that are used to extract 
spatial and temporal dependence. The labeled datasets 
containing different emotional states are used to train the 
network and thus it is able to generalize. This combination 
methodology decreases uncertainty and increases 
robustness over singlemodality methods, but it makes the 
model more dependable in the various real-life contexts. 

The classification process is mathematically modeled 
using a softmax function defined as: 

𝑃(𝑦௜) =
௘೥೔

෍ ௘
೥ೕ

೙

ೕసభ

, 

where 𝑧௜represents the fused feature vector output of the 
Hybrid Neural Network. The fusion process is expressed 
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as: 
𝐹 = 𝛼𝐴 + 𝛽𝑉, 
where 𝐴and 𝑉denote audio and visual feature vectors, 
respectively, and 𝛼, 𝛽are weighting coefficients. 

E. Emotion Classification 
After the transformation of the fused feature presentation, 
the system carries out an emotion classification task to 
determine a current emotional state of the user. The Hybrid 
Neural Network provides the probability of the 
predetermined emotional indicators, stress, anger, sadness, 
happiness, and calmness. The last layer includes a softmax 
activation function that defines the most probable emotion 
class. Training on various datasets also is an optimization 
of the classification process, making the accuracy and 
generalization high. The emotional changes can be 
monitored by the system in real-time because it has the 
capability to monitor emotional changes. This phase is the 
heart of the decision-making process and it will convert 
the multimodal and complex data into understandable 
emotional terms that can be utilized to take subsequent 
actions and feedback. Hybrid Neural Network architecture 
is an adjustment of the Neural Networks architecture; here, 
audio and visual features extraction are being carried out 
in parallel and a fusion layer with learned representations 
is then bound together. Fully connected layers also use the 
refined fused features to be classified. The architecture 
facilitates learning of cross-modes relationship effectively 
and robustly to modality specific noise. 

F. Feedback and Hardware Integration 
The last step entails the input of classification output into 
an Arduino hardware system to give real time feedback. 
The emotional condition that is identified is passed to the 
microcontroller which drives different output elements. 
LCD display presents the emotion detected, which gives 
the user a visual input. An alert mechanism is found in the 
buying of a buzzer that is triggered in reaction to critical 
emotional issues like stress or anger. Also, a vibration 
engine is applied to provide relaxing tactile stimulation to 
the user and alleviate stress. This looped system means 
that there is immediate intervention and the solution is 
proactive instead of the purely diagnostic kind. 
Combination of hardware implements makes the system 
more practical and it can be applied in real life settings. 

RESULT AND DISCUSSION 
The proposed multimodal emotion recognition system was 
tested through a complex experimental system, which was 
intended to determine the performance, accuracy and 
reliability of the system in a real time context. The system 
was evaluated using a high population of data that 
included speech as well as facial expression that was taken 
using different individuals in the environment and at 
different times. There are various emotional states of 
ranged stress, anger, sadness, happiness, and calmness as 
well in the dataset, which ensures a proper balanced 
representation to train and evaluate the model. 
Preprocessing method was used to normalize the data such 
as reduction of noise in speech signals and normalization 
of facial features. Key evaluation metrics that were used to 
evaluate the performance of the system include accuracy, 
precision, recall, and F1-score. The Adam optimizer with 
50 epochs, batch size 32 and learning rate 0.001 were used 
to train the model. Python libraries along with open CV 
were used to implement the system. The training was 
conducted on a platform that had a standard GPU support. 
These parameters were chosen through trial and error 
tuning in order to achieve a good convergence and 
generalization. 

In order to confirm the strength of the model, cross-
validation, k-fold was used, because it means that the 
system would be tested on various subsets of data. This 
method reduced overfitting as well as gave a sound 
estimate of the overall generalization potential of the 
model. The Hybrid Neural Network revealed very high 
success in the combination of speech and facial features 
which was many folds higher as compared to the single-
modality systems. A combination of MFCC-based features 
of speech and facial landmark-based features of the face 
enabled the model to retrieve complementary emotional 
cues making it successful in making highly accurate 
predictions even in tricky situations when one modality 
fails to do so. 

Table 1 summarises the dataset to be used in the 
evaluation, showing the representation of samples in the 
various emotional categories. The balanced dataset helped 
in training without prejudice and also helped in the high 
classification accuracy of the system. 

Table 1: Dataset Distribution 
Emotion Number of Samples Percentage (%) 

Stress 2000 20% 
Anger 2000 20% 

Sadness 2000 20% 
Happiness 2000 20% 
Calmness 2000 20% 

Total 10000 100% 
The results attained by the proposed system were 
compared to unimodal strategies, among which Speech 
Emotion Recognition and Facial Emotion Recognition. 
Individual results as summarized in Table 2 show clearly 
that the multimodal approach has a greater level of 

accuracy failure to feature fusion. The Hybrid Neural 
Network had a total accuracy of nearly 99.90 and this 
shows its ability in dealing with sophisticated emotional 
patterns.
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Table 2: Comparison of Performance. 
Method Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Speech Only (SER) 94.50 94.20 94.00 94.10 
Facial Only (FER) 96.20 96.00 95.80 95.90 

Proposed Multimodal (HNN) 99.90 99.85 99.80 99.82 
The comparison of the overall accuracy of various 
approaches is reflected in figure 2. As can be seen, the 
multimodal system performs much more effectively than 

the single modalities, which shows efficiency of the fusion 
of features. 

 
Fig 2: Comparison of Accuracy of Models. 

In the graph, three bars positively depict SER, FER and 
the proposed HNN model with the highest accuracy at a 
point of 99.90 and the others being relatively low. A 
comparative analysis of unimodal and multimodal 
methods is given to outline the enhancement of 

performance. As the graphical representation shows, the 
suggested system is always the most functional in 
comparison to independent modalities, which is why the 
feature fusion is proven to be efficient in terms of 
supplementary emotional information. 

Table 3: 5-fold Cross-Validation Results. 
Fold Accuracy (%) 

1 99.85 
2 99.90 
3 99.88 
4 99.92 
5 99.90 

Average 99.89 
Confusion matrices were employed to further analyze the 
result and determine the performance of the classification 
in various emotional states. The findings revealed that the 
model was relative perfect at classification and low 
misclassification rate between close feelings like stress 
and anger among others. This shows that speech and facial 
features combination is a good way to differentiate the 
nuances of emotional differences. Table 3 shows the 
results of cross-validation that prove that the model 
performance is consistent across different folds. The 
stability and robustness of the system is validated by the 
fact that the accuracy variation on different folds was low. 

The confusion matrix of the proposed model is indicated 
in figure 3 and reflects how accurately all the emotional 
categories are classified in every instance. The values fall 
mostly along the diagonal carton which contains correct 
predictions whereas, off-diagonal values are minute. 
Despite the high accuracy of the proposed model, the 
careful analysis shows that there are minor deviations 
among folds and thus realistic model behavior is obtained. 
The performance audit also involves standard deviation 
and comparison with baseline models to provide statistical 
validity. The findings reveal that multimodal fusion 
enhances performance but the model does not overfit.
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Fig 3: Multimodal Model Multimodal Model Confusion Matrix. 

The error of few and high classification accuracy are 
verified by the strong diagonal dominance of the predicted 
and actual emotions presented in the matrix. Figure 4 
illustrates the loss and accuracy curves in the course of 
training. The graph illustrates that the loss earlier has 

reduced steadily as well as the accuracy and then it has 
stabilized at a high point. This shows that the Hybrid 
Neural Network learning and convergence is effective and 
without too much overfitting. 

 

 
Fig 4: Accuracy and Loss Curve of Training. 

The curve also shows that it takes the model very little 
time to converge and has minimal oscillations, which 
implies that the model learns effectively with the dataset 
and it is stationary when undergoing training. 

Though quantitative analysis was used, qualitative analysis 
was conducted to determine the real time performance of 
the system. The operability with the feedback system of 
Arduino was tried on various emotional conditions. The 
system managed to generate the relevant reactions, 
including acting the buzzer when stress was detected or 
devising relaxation feedback with relaxation being 
provided through vibration. The LCD screen was very 
precise in the reflection of the perceived emotional 
condition and transparency and usability by the user. 

The findings justify the fact that the proposed system is 
not only highly accurate but also, is functional within real 
time settings. The multimodal data, high-order neural 
network design, and integrated hardware ensure the 
system to be very reliable and can be applicable with 
continuous monitoring of mental health. Immediate 
feedback capability also increases its usability accelerating 
it to the level of a proactive solution to emotional health. 

In general, the results show that speech and facial emotion 
recognition integrated plays a vital role in enhancing 
performance as compared to the conventional ones. The 
system has great accuracy, strength and real-time which 
underscores its suitability in real world application in 
programs in the sphere of healthcare monitoring, stress 
management in the work but more importantly the 
personal well-being. In spite of positive outcomes of the 
proposed system, there are a few limitations. The 
performance is contingent on the quality of dataset and can 
be influenced by changes in light conditions, background 
noise and user activities. Moreover, low-resource 
computing can also be subject to an added latency due to 
real-time processing. The following work will be done to 
enhance the robustness, increase datasets, and enhance the 
computational efficiency. 

CONCLUSION 
In this paper, the author has demonstrated a multimodal 
emotion recognition system which is a real-time system 
and combines both speech and facial data in order to 
monitor mental health continuously. Using 
Complementary Emotional Cues via Hybrid Neural 
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Network, the system improves the reliability and 
usefulness of emotion classification as compared to single-
modality mechanism. This is enhanced by the inclusion of 
an inbuilt feedback mechanism that also makes it highly 
practical since it allows prompt action and awareness to 
the user. The suggested framework illustrates the 
perspectives of intelligent systems in facilitating proactive 
mental health and enhancing the general well-being within 
the daily setting. 

Future research can be dedicated to the development of the 
system to accommodate more modalities like 
physiological signals to get a more in-depth understanding 
of emotions. Robustness may also be increased by 
enhancing the flexibility of models in different populations 
and in practice. Mobile and cloud integration could also 
allow massive deployment and remote mental health 
assistance. 
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