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Abstract-Research & Development of Intelligent/Smart systems is in progress now-a-days. One of the most interesting areas among this 

is smart cockpits. Smart Cockpit can identify emotions & help drivers to be more productive. This ecosystem includes self-learning of 

correct emotion recognition, interpretation & decision making. This Research will cover behavioral analysis/psychology, machine learning, 

artificial intelligence, signal processing, computer vision and human & computer interaction. Emotions are directly linked with 

productivity, performance & efficiency of any human. People with happy emotions can focus on activity which leads to more efficient 

results. Emotion recognition is one of complex & difficult to identify, hence many researches are going on in the same field. Majority of 

research is based on a single input that is facial expressions and images. Since Facial muscles around the nose & eyes contribute a lot in 

emotions expressions, it is most used. Using a single mode of input signals (facial expressions recognition) has challenges of manipulation 

of expressions & thus results are not so accurate. Along with facial expressions additional input signals such as EEG, ECG, Skin 

Conductivity, respiration, eye movement signal helps to measure emotions more accurately & on that basis further actions can be taken. A 

smart cockpit having capability of Human-Machine interaction (identifies correct emotions & take needful action) will help to improvise 

safety, comfort, and driver’s acceptance. Emotions such as Anger, Sadness, Fear, and Disgust are having a negative impact on safety 

driving where Happiness & Neutral emotions help in improving driving safety and Surprise shows alertness of individuals while driving. 

Music plays a vital role in controlling emotions, controlling, or converting negative impacting emotions to positive impacting emotions. 

Thus, this module can be used for increasing safety & comfort of driving. Multiple Machine Learning algorithms such as Convolutional 

Neural Network (CNN), Recurrent Neural Network (RNN), Long Short-Term Memory Networks (LSTM), Deep Canonical Correlation 

Analysis (DCCA), Bimodal Deep Auto Encoder (BDAE) helps in identify Emotions. 
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I. INTRODUCTION 

State of Emotion is directly impacting performance & 

efficiency of persona. With the increasing number of 

vehicles on roads, ensuring driver safety has become a 

crucial aspect of modern transportation systems. One of the 

significant factors affecting driver safety is the emotional 

state of the driver. Emotions such as stress, anger, fatigue, 

or distraction can impair a driver's ability to make quick and 

accurate decisions, potentially leading to accidents. 

Therefore, developing a robust system that can accurately 

recognize and respond to the emotional states of drivers is 

essential. Now-a-days vehicle designs are also in a way so 

that it can interact with human (Human-Machine 

Interaction –HMI).[1] Facial Muscles contributes a lot in 

the expressions of Emotions & hence is a most used method 

in Emotion recognition.[2] However facial expressions can 

be controlled/manipulated by individual & hence accuracy 

of emotion detection remains limited. There are few more 

methods that can be used such as EEG, ECG, Skin 

Conductivity, respiration, eye movement signals that help 

to recognize emotions with more accuracy. [3] Driver's 

emotion recognition using deep learning models with 

cognitive intelligence involves the use of advanced 

techniques in artificial intelligence to analyze and identify 

emotions exhibited by drivers. It involves the use of sensors, 

cameras, and other hardware devices to capture data about 

the driver's behavior and physiological signals. This data is 

then fed into a deep learning model that uses cognitive 

intelligence to analyze and interpret the information. 

Cognitive intelligence refers to the ability of the deep 

learning model to reason, learn, and perceive like humans. 

It allows the model to understand the context and meaning 

of the driver's behavior and make accurate predictions about 

their emotional state. 

The application of driver emotion recognition using deep 

learning models with cognitive intelligence has several 

benefits. It can help improve road safety by identifying 

drivers who may be experiencing negative emotions such as 

anger, frustration, or fatigue, which can impair their driving 

performance. It can also help in the development of 

personalized driving systems that can adjust to the driver's 

emotional state, thereby enhancing their driving experience. 

Overall, driver emotion recognition using deep learning 

models with cognitive intelligence is an exciting area of 

research that has the potential to revolutionize the field of 

transportation and improve road safety for everyone. 
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II. LITERATURE REVIEW, RESEARCH ISSUES AND 

OBJECTIVES 

K. Steinhauser, F. Leist, et al,[4] have explained the effects 

of emotions on driving behavior in their study experiment. 

The emotional state of the driver directly impacts responses 

& response time to any action of drivers. Their experiment 

with 90 participants and dual tasks has measured results of 

emotions (positive & negative) on driving behavior. They 

have measured parameters like reaction times, tracking 

deviation, speed, steering variability & distance to leading 

car etc. with emotional states such as Angry, Clam & Happy 

and found significant differences in performances with 

positive & negative emotional states. 

In one of research, W. Li et al, [5] have proposed, Cognitive 

Feature augmented Driver emotion recognition network 

used Driver Facial expressions and cognitive characteristics 

(Age, Driving Age, Gender) where author have used, Driver 

Emotional Facial Expression (DEFE) dataset is used which 

contains 40 drivers’ front facial video & cognitive 

characteristics & subjective rating which includes 

information of valence, arousal, dominance & seven 

emotion characteristics. 

For facial expressions-based emotions recognition, 

Convolutional Neural Network (CNN) & Recurrent Neural 

Network (RNN) are used. In the other research, W. Liu et 

al, [6] have explained that multi-model is more reliable & 

accurate in emotion recognition. There two models Deep 

canonical correlation analysis (DCCA) and Bimodal deep 

auto-encoder (BDAE) are used in the research. In the 

research, two multimodal fusion methods are proposed to 

extend the original DCCA model: a) a weighted-sum fusion 

and b) an attention-based fusion. The weighted-sum fusion 

method allows users to set different weights to different 

modalities while the attention-based fusion method will 

calculate the weights adaptively. Differential Entropy (DE) 

features are extracted in 5 Frequency bands & From Eye 

Movement, 33 movements are captured and features 

extracted mainly from mean & Standard Deviation. 

In another research of “Emotion Recognition for Cognitive 

Edge Computing Using Deep Learning,” by G. Muhammad 

and M. S. Hossain [7] has shown a large volume of data & 

same can be processed along with Edge Computing that 

reduces transmission of data over cloud. CNN Model is 

used here for emotions recognition and has explained about 

3 challenges of IoT based data offloading, latency, 

scalability, and security. It is explained that emotions 

recognition can be made faster by using 5G Network & 

Edge computing, and the latency issue can be addressed. 

Proposed CNN model has four modules: 1) attention; 2) 

feature extraction; 3) reconstruction; and 4) classification 

System is verified with multiple datasets & good accuracy 

results are obtained. Confusion matrices are used for 

verification of accuracy of results.  

In support with Multi-model, Cognitive Computing which 

has computing methods & principles that can simulate the 

intelligence ability of human brain can be used to make 

decisions to enhance emotional state &behavior.[8] 

In one of research by, Li, W., [9] et al., A multimodal 

psychological, physiological, and behavioral dataset for 

human emotions in driving tasks is taken into consideration 

and Measurement was done for – electroencephalogram 

measurement, driving behavior measurement, face 

expression, body gesture and road scenario measurement, 

emotion, and personality. By using k-means algorithm, 

reliability of emotion label & subjective rating score is 

done.  

Along with facial expressions if Physiological signals 

inputs are used, then more accurate emotions can be 

identified & based on the same needful actions can be taken. 

For E.g., music is one of recommended approaches to 

control or change emotional state. [10][11] 

S. Thuseethan, S. Rajasegarar and J. Yearwood, have 

explained facial expressions recognition with continual 

learning to identify unknown emotional states in their 

research named - "Deep Continual Learning for Emerging 

Emotion Recognition". Authors confirmed that the 

continual learning approach is greater in recognizing 

unknown emotions with high accuracy. [12] 

III.  RESEARCH METHODOLOGY 

Different Methodologies & Techniques used in Emotions 

Detections are as below:    

The deep learning model can be trained using various 

algorithms, including Convolutional Neural Networks 

(CNNs), Recurrent Neural Networks (RNNs), Long Short-

Term Memory Networks (LSTM), Deep Canonical 

Correlation Analysis (DCCA) and Bimodal Deep Auto 

Encoder (BDAE). [13] 

The model is trained using large datasets of labeled data to 

recognize patterns and features associated with specific 

emotions (Table 1). 

Convolutional Neural Networks (CNNs) use a 

mathematical operation called convolution to extract 

features from images or videos. The convolution operation 

involves sliding a small filter over the image or video and 

computing the dot product between the filter and each 

overlapping patch of pixels. The resulting feature maps 

capture local patterns and textures in the input. CNNs 

typically consist of multiple convolutional layers followed 

by fully connected layers that perform classification or 

regression. A CNN can have multiple layers, each of which 

learns to detect the different features of an input image. A 

filter or kernel is applied to each image to produce an 

output that gets progressively better and more detailed after 

each layer [14] 
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Recurrent Neural Networks (RNNs) can deal with 

sequential data by considering both present and the past 

inputs. Because of the internal memory, RNNs can 

memorize past inputs [15]. 

Long Short-Term Memory Networks (LSTM): 

Long Short-Term Memory Networks (LSTM) are a type of 

recurrent neural network (RNN) that are designed to handle 

the vanishing gradient problem. LSTMs are well suited for 

sequential data processing tasks such as speech 

recognition, natural language processing, and time series 

analysis. Unlike traditional RNNs, LSTMs have a memory 

cell that can maintain information over long periods of 

time. They also have three gates - input gate, forget gate, 

and output gate - that can  

control the flow of information into and out of the memory 

cell.[15] 

TABLE I.  COMPARATIVE ANALYSIS OF DIFFERENT  METHODOLOGIES 
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Convolutional 

Neural 

Networks 

(CNN) 

Uses 

convolution 

operations to 

extract 

features from 

images. 

Excellent for 

spatial data; 

feature 

extraction. 

Requires large 

datasets; 

computationally 

intensive. 

Accuracy, 

Precision, 

Recall,  

F1 Score 

Recurrent 

Neural 

Networks 

(RNN) 

Handles 

sequential data 

by considering 

past inputs. 

Effective for 

sequential 

data; captures 

temporal 

dependencies. 

Struggles with 

long-term 

dependencies; 

vanishing 

gradient issue. 

Accuracy, 

Precision, 

Recall,  

F1 Score 

Long Short-

Term 

Memory 

(LSTM) 

A type of 

RNN designed 

to handle long-

term 

dependencies. 

Overcomes 

vanishing 

gradient 

problem; 

good for time 

series. 

Computationally 

expensive; 

complex 

architecture. 

Accuracy, 

Precision, 

Recall,  

F1 Score 

Deep 

Canonical 

Correlation 

Analysis 

(DCCA) 

Multivariate 

technique for 

feature 

learning and 

dimensionality 

reduction. 

Effective for 

multi-view 

data; 

improves 

feature 

correlation. 

Complexity in 

implementation; 

limited to 

correlated 

views. 

Correlation 

Scores, 

Reconstruction 

Error 

Bimodal 

Deep Auto 

Encoder 

(BDAE) 

Learns joint 

representations 

from two 

modalities. 

Captures 

shared and 

unique 

features from 

different 

modalities. 

Requires careful 

balancing of 

modalities; 

complex model. 

Reconstruction 

Error, Modal 

Fusion 

Accuracy 
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Deep Canonical Correlation Analysis (DCCA) is a      

multivariate statistical technique used for feature learning 

and dimensionality reduction. It is particularly useful for 

analyzing datasets with multiple views (e.g., text and 

images). DCCA seeks to learn a set of representations for 

each view that are maximally correlated with each other. 

The resulting representations can be used for tasks such as 

clustering, classification, and information retrieval.[16] 

Bimodal Deep Auto Encoder (BDAE) is a deep learning 

model designed to learn representations from data with two 

modalities. For example, it can be used to learn 

representations from images and text. BDAE consists of 

two separate auto encoders - one for each modality - that 

are trained jointly. The goal is to learn a common 

representation that captures the shared information 

between the two modalities while preserving their unique 

features. The resulting representations can be used for tasks 

such as image captioning, cross-modal retrieval, and visual 

question answering.[17] 

IV. PROPOSED METHODOLOGY  

The integration of CNN (Convolutional Neural Networks), 

LSTM (Long Short-Term Memory), DCCA (Deep 

Canonical Correlation Analysis), and BDAE (Bidirectional 

Autoencoder) can result in a resilient method designed to 

identify driver emotions. 

The objective is to extract spatial elements of the driver's 

face from pictures or frames. 

Using a sequence of convolutional layers, identify patterns 

in the input data (such as video footage) such as facial 

expressions.[18] 

To comprehend how facial expressions change over time 

and to recognize emotions dynamically, apply LSTM 

layers to CNN feature sequences. To enhance the accuracy 

of emotion use DCCA to aggregate and correlate data from 

many sources. Apply BDAE to rebuild inputs and 

guarantee that the acquired features preserve crucial 

information from previous and upcoming scenarios, 

augmenting the resilience of emotion identification.[19] 

Proposed Algorithm workflow: 

Data Collection: 

Collect multimodal data including facial expressions, 

EEG, ECG, skin conductivity, respiration, and eye 

movement signals. 

Data Preprocessing: 

Normalize and standardize the data. Segment the data into 

time windows for sequential analysis. 

Feature Extraction: 

Use Convolutional Neural Networks (CNN) to extract 

spatial features from facial expression images. Extract 

temporal features from EEG, ECG, and other physiological 

signals using Long Short Term Memory Networks 

(LSTM). 

a. Model Architecture: 

CNN Module:  

Input: Facial expression images. 

Layers: Convolutional layers, pooling layers, fully 

connected layers. 

Output: Feature vector representing facial expressions. 

LSTM Module:  

Input: Sequential physiological signals. 

Layers: LSTM layers. 

Output: Feature vector representing temporal dynamics of    

physiological signals. 

Fusion Layer: 

Concatenate feature vectors from CNN and LSTM 

modules. Apply a fully connected layer to combine 

features.  

Classification: 

Use a SoftMax layer to classify the combined feature 

vector into different emotion categories (e.g., anger, 

happiness, sadness). 

Training: 

Use a labeled dataset to train the model. 

Apply backpropagation and gradient descent to minimize 

the loss function. 

Evaluation: 

Evaluate the model using metrics such as accuracy, 

precision, recall, and F1-score.[20] 

By considering these approaches this proposed 

methodology demonstrate few advantages: 

Robust Feature Extraction: LSTMs capture temporal 

dependencies, while CNNs capture spatial characteristics 

efficiently. Multimodal Integration: DCCA enables the 

combination of several data kinds, enhancing the precision 

of emotion identification. Understanding Context: BDAE 

makes   sure that information from the past and future is 

considered, which results in forecasts that are more 

accurate. 

Scalability: The method can be expanded to include other 

modalities or data types as needed.[21] 
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TABLE II.  COMPARATIVE ANALYSIS OF DIFFERENT ALGORITHMS 

Aspect 
Algorithm 1: CNN and 

LSTM 

Algorithm 2:  

DCCA and BDAE 

Data Collection 

Multimodal data including 

facial expressions, EEG, ECG, 

skin conductivity, respiration, 

eye movement signals 

Multimodal data including 

facial expressions, EEG, ECG, 

skin conductivity, respiration, 

eye movement signals 

Data Preprocessing 

Normalize and standardize 

data; segment into time 

windows 

Normalize and standardize 

data; segment into time 

windows 

Feature Extraction 

CNN for spatial features from 

facial expressions; LSTM for 

temporal features from 

physiological signals 

DCCA for correlated features 

from multimodal data; BDAE 

for joint representations from 

facial expressions and 

physiological signals 

Model Architecture 

CNN Module: Convolutional 

layers, pooling layers, fully 

connected layers; LSTM 

Module: LSTM layers 

DCCA Module: Canonical 

correlation layers; BDAE 

Module: Autoencoder layers for 

each modality 

Fusion Layer 

Concatenate feature vectors 

from CNN and LSTM; fully 

connected layer to combine 

features 

Concatenate feature vectors 

from DCCA and BDAE; fully 

connected layer to combine 

features 

Classification 

SoftMax layer for emotion 

categories (anger, happiness, 

sadness) 

SoftMax layer for emotion 

categories (anger, happiness, 

sadness) 

Training 

Labeled dataset; 

backpropagation and gradient 

descent 

Labeled dataset; 

backpropagation and gradient 

descent 

Evaluation 
Metrics: accuracy, precision, 

recall, F1-score 

Metrics: accuracy, precision, 

recall, F1-score 

This multi-faceted approach addresses the limitations of 

traditional emotion recognition methods that rely solely on 

facial expressions, which can be manipulated or 

misinterpreted is shown in table 2. 

V. RESULTS ANALYSIS 

The effectiveness of various algorithms in driver emotion   

recognition is crucial for developing an accurate and 

reliable smart cockpit system. This analysis compares the 

performance of different deep learning models and 

techniques used to identify and interpret driver emotions. 

1. Convolutional Neural Networks (CNNs): 

CNNs have been widely used due to their strong capability 

in feature extraction from images. The results indicate that 

CNNs achieve high accuracy in recognizing facial 

expressions, which is crucial for detecting emotions such 

as happiness, anger, and sadness. Studies show CNNs with 

accuracy rates ranging from 85% to 87%. However, their 

performance can be limited by variations in facial 

expressions and environmental factors.[21] 

2. Recurrent Neural Networks (RNNs): 

RNNs excel at handling sequential data, which is beneficial 

for analyzing time-series data related to driver behavior. 

The results demonstrate that RNNs can capture temporal 

dependencies and changes in emotional states over time, 

achieving accuracy rates around 80% to 84%. Despite their 

strengths, RNNs face challenges with the vanishing 

gradient problem, which can affect their ability to retain 

long-term dependencies.[22] 

3. Long Short-Term Memory Networks (LSTMs): 

LSTMs, a specialized type of RNN, address the vanishing 

gradient problem and are particularly effective in tasks 

involving sequential data and long-term dependencies. The 

accuracy of LSTMs in emotion recognition ranges from 

85% to 88%. Their advanced architecture, including 

memory cells and gates, enables them to handle complex 

emotional states and improve recognition accuracy.[23] 

4. Deep Canonical Correlation Analysis (DCCA): 

DCCA is used for learning representations from multi-

view data, enhancing the ability to correlate features from 

different sources. Results show that DCCA achieves 

accuracy rates around 87% to 89% by effectively 

integrating multiple data modalities. This approach is 

particularly useful in scenarios where multiple input 

signals (e.g., facial expressions and physiological data) are 

available.[24] 

5. Bimodal Deep Auto Encoder (BDAE): 
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BDAE combines representations from two modalities, 

such as facial expressions and physiological signals, to 

improve emotion recognition. The results indicate that 

BDAE can achieve high accuracy, around 89%, by 

capturing both shared and unique features from different 

data sources. This model is effective in handling diverse 

and complementary data types, providing a more 

comprehensive understanding of the driver's emotional 

state. 

 

Fig 1. Analysis of different approaches used in proposed 

work 

Here is the fig 1 comparing the performance of different 

algorithms for driver emotion detection based on 

Accuracy, Precision, Recall, and F1 Score 

VI. PROPOSED MODEL 

Considering the importance of emotion of drivers in their 

performance, we have decided to develop a module which 

will have ability of accurate emotion identification. We are 

also implementing the next steps to bring drivers emotions 

to High performance if he is into low performance 

emotional state, it  is very important from the perspective 

of security of everyone. It is observed in multiple 

researches that single input based (facial expressions 

images) detection of emotions has limited accuracy & 

hence multiple inputs (facial expressions + physiological 

signals) can help in improvement of accuracy of output. 

 

Fig 2: Proposed methodology of Drivers Emotions 

Detection 

 

CONCLUSION: 

The study of driver emotion recognition using deep 

learning and cognitive intelligence represents a significant 

advancement in automotive safety and comfort (Table 3). 

By integrating sophisticated algorithms like Convolutional 

Neural Networks (CNNs), Recurrent Neural Networks 

(RNNs), Long Short-Term Memory Networks (LSTMs), 

Deep Canonical Correlation Analysis (DCCA), and 

Bimodal Deep Autoencoders (BDAE), this research aims 

to create a smart cockpit system that can accurately identify 

and respond to driver emotions. Incorporating additional 

physiological signals such as EEG, ECG, skin 

conductivity, respiration, and eye movement enhances the 

accuracy of emotion detection. The use of cognitive 

intelligence allows the system to interpret these signals 

contextually, improving its ability to understand and react 

to the driver’s emotional state. The research highlights that 

emotions have a profound impact on driving performance, 

with negative emotions like anger and fatigue impairing 

decision-making and increasing accident risk, while 

positive emotions contribute to safer and more efficient 

driving. 

The integration of these advanced technologies into smart 

cockpits not only promises to enhance road safety but also 

aims to provide a more personalized and adaptive driving 

experience. By addressing challenges such as data 

accuracy and real-time processing, the proposed system 

has the potential to revolutionize how vehicles interact with 

drivers, making driving safer and more enjoyable. Future 

research should focus on refining these technologies and 

exploring their practical applications in diverse driving 

environments. 
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