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Abstract: This research article investigates the application of human speech recognition using Raspberry Pi (RPI) platform. 

Emotional intelligence is an important part of human-computer interaction and has many applications such as in medicine, 

entertainment, human-machine interface, etc. Raspberry Pi is an ideal platform for implementing these systems due to its low cost, 

portability, and versatility. This article discusses the importance of cognitive reasoning, the language of cognitive reasoning using 

Raspberry Pi, and experimental results. It also highlights the challenges encountered during implementation and suggests possible 

avenues for future research in this area. Overall, this research helps improve human-machine interaction by raising awareness about 

the use of such a simple and inexpensive technology as Raspberry Pi. 
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I. INTRODUCTION 

Human speech recognition has received significant 

attention in many fields, including human-computer interaction, 

psychological assessment, and customer service. Using machine 

learning techniques to accomplish this task offers a better way to 

better understand and respond to human emotions. However, 

traditional machine learning methods often face difficulties in 

capturing the complexity of emotions in speech. We aim to 

increase the accuracy, power and potential of emotional 

intelligence by leveraging the power of information technology. 

The main objectives of this study are the following points: 

Preliminary data and construction work: The first step 

should be taken before raw speech data to extract useful 

information. Techniques such as signal filtering, windowing, and 

removal devices (such as MFCC, audio, power) will be used to 

transform the noise into a machine learning algorithm friendly 

representation of our results used -437.250061114.6786194, 

16.25071335,-0.457643032, 0, 1, and 2 for emotions like happy, 

sad and angry. It will display this in the result. 

Model selection and optimization: Various learning models 

including support vector machines (SVM), random forests, and 

gradient boosting machines, among others, are evaluated for their 

suitability to elucidate reflection. The focus of this project is on 

optimizing model hyperparameters, feature representation, and 

training techniques to improve overall system performance. 

Improve the distribution of the right people. 

Additionally, fusion techniques will be explored to 

combine information from various variables (e.g., acoustic 

features, linguistic cues) to obtain a more intuitive meaning. 

Evaluate the performance of the design. Particular attention will 

be paid to solving the previous problem and ensuring that the 

algorithm performs well on invisible data, thereby improving its 

actual use. Instant application and mass distribution. Model 

pruning, feature selection and similar techniques will be explored 

effectively without sacrificing accuracy. 

II. LITERATURE SURVEY 

Rajesh Kannan Megalingam, Avinash Hegde Kota 

Methods to Control Robots Voice control is one of the best ways 

to give commands in the system. Voice plays an important role 

in voice control. The main objective of this research project is to 

provide the best conversations and responses to the users. As the 

use of automated systems has increased in recent years, users are 

looking for more efficient ways to interact with humans and 

machines. This research is due to the fact that ROS is open 

source and many autonomous systems have been developed on 

this platform.  

Shantanu Pal, Subhas Mukhopadhyay, Nagender 

Suryadevara Sensors 21 (16), 5554, 2021. With the development 

of humanoid robots with methods to develop human-machine 

interaction, robots and especially technological advances, 

communication between humans through online platforms (such 

as Zoom) has become clear. The increasing use of online 

communication requires the creation of a more effective and 
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efficient way for humans to find information. In the human 

emotion recognition system, special learning technologies and 

algorithms are used to collect, analyze and process human 

physiological signals. The Internet of the Future and artificial 

intelligence, it is becoming increasingly important to create a 

solid, powerful and efficient structure and trust in human 

identity. In this article, we describe the development and 

evolution of human emotion sensors and technologies. We will 

explore next-generation sensors for human perception and 

monitoring of various types of activities. We will present design 

challenges and provide practical information for people 

interested in real-world systems. Finally, we will analyze current 

practices and explore future research directions to address 

scalability, security, reliability, privacy, transparency, and 

distribution issues. 

Use the RekEmozio file as a test file. Classification theory 

makes use of different types of machine learning. The 

experiment was conducted in three phases, using a different 

technique as a categorical variable in each phase. In addition, at 

each step, feature subset selection is used to find the most 

important feature subsets. To test the effectiveness of the plan, a 

three-step method was chosen which uses the process selection 

method based on adaptive learning, is the automatic emotion 

recognition in each of the different segments in Basque and 

English. It obtained an average interest rate of 80.05%. Review 

of existing systems: Previous studies have identified systems 

similar to those proposed in this project. These studies examine 

the effectiveness of different in determining the need for 

language products. The impact of these systems importance of 

emotional intelligence in various applications has been 

highlighted. 

Voice system developed by researchers at the University of 

Passau uses a combination of technology and machine learning 

algorithms to classify emotions in speech. The system yielded 

great results in real-world situations, demonstrating the ability of 

cognitive systems to improve communication and user 

experience. 

Emotion analysis is important part of speech recognition 

and people are exploring various technologies. These methods 

include traditional methods such as dictionary as well as more 

advanced methods. A case study conducted in this field provides 

a better understanding of the state-of-the-art process and speech 

recognition problems. These findings identify important areas for 

further research, such as awareness of different perspectives, 

integration of multiple perspectives, and environmental 

resilience. They also emphasize the need for benchmark data and 

benchmark models to make fair comparisons between different 

systems and algorithms. Projects are planned that will contribute 

to the advancement of this exciting field by utilizing past 

research results and generating solutions to current problems. 

Genre provides a wealth of emotional information: voice, voice, 

rhythm, and other acoustic properties. Voice recognition 

technology has the potential to revolutionize human-machine 

interaction by enabling machines to instantly recognize, interpret 

and respond to human emotions intuitive and empathetic 

interaction. By creating systems that can clearly recognize 

emotions in speech, we aim to have a variety of applications and 

brands that can understand and respond to users' needs and 

interests. Identify the most advanced technologies in the field 

and explore new algorithms, methods, and applications to create 

more intuitive and possible futures. 

III. PROPOSED SYSTEM & METHODOLOGY 

Goal Description and Scope: Start by clarifying the goal of 

the project, including the thoughts you want to know from the 

conversation and whether the focus is immediate. 

Data collection: Collect data on speech patterns that 

include emotional descriptions. For this purpose, many libraries 

such as RAVDESS or TESS can be used to enable different 

speakers, emotions and environments. 

Preprocessing: Prepare audio data using noise reduction, 

resampling, and feature extraction techniques. Features such as 

MFCC, pitch, power, and spectral features were extracted for 

analysis. 

 

Figure 1: Proposed system design flow diagram 
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Model selection: Consider the hardware limitations of the 

Raspberry Pi and choose a suitable machine learning model for 

cognitive learning.  

Training: Split the training data to train the selected 

models. Adjust hyperparameters to ensure consistency and check 

model performance in test configurations. 

Model optimization: Improving model performance 

through techniques such as regularization, release, or data 

augmentation. Optimized architectural design to reduce size and 

computational complexity for deployment on Raspberry Pi. 

Plug in Raspberry Pi: Convert the training model to a 

Raspberry Pi-compatible format such as TensorFlow Lite to 

optimizethe time of the equipment. 

Evaluation and evaluation: Assess the accuracy, latency, 

and robustness of deployed systems using real-world analytics. 

Collect feedback and iterate the design to improve performance 

and user experience when necessary. 

Delivery and maintenance: Use the final system, monitor 

its performance and solve any problems that arise. Maintain an 

accurate model by updating the model with new data and 

reworking it regularly. 

IV. DESIGN IMPLEMENTATION 

A) Basic System Architecture: 

Data acquisition: The system captures the user's voice data 

from the microphone input. 

 

Figure 2: Applied Frequency 

Preprocessing: Please clean and modify this stage to ensure 

that the original data is suitable for training the learning model. 

This includes scaling numeric features, coding categorical 

variables, handling outliers, and handling missing values. The 

goal is to prepare clean data and methods that can be used for 

training and testing. 

Feature extraction: Extract acoustic features of speech 

signal, including MFCC (Mel Cepstrum Coefficient), prosodic 

features and spectral features. 

Data set segmentation: Training data and testing data are 

two groups created from previous data. An example is 80-20; the 

larger part is used for model training and the smaller part is used 

for performance evaluation. Training data is used to teach the 

regression model how to make predictions. In training, the model 

learns basic patterns and relationships in the data. For example, 

in linear regression the model learns the coefficients of each 

feature, while in decision trees or neural networks it learns good 

boundary conditions. Test data is separate from training data and 

is not used during demonstration. Models are tested on 

benchmark data to determine how well they perform after 

training. This step helps predict new, unseen elements. 

 

Figure 3: Speech Recognition Model 

Emotion expression: Use machine learning algorithms or 

deep learning models to classify emotions based on extracted 

features. 

B) Technology & Tools: 

Programming Language: Python is used for the application 

due to its rich signal processing ecosystem, machine learning and 

deep learning libraries educational models and audio projects. Its 

low power consumption and versatility make it a platform for 

systems deployment. 

Libraries: Use libraries such as TensorFlow, Keras, Scikit-

learn and Librosa to create and train learning models and data 

processing. 
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Figure 4: Flowchart of our proposed model 

Hardware used: Raspberry Pi (Rpi) is a platform for 

hardware applications due to its size, low power consumption 

and versatility. 

C) Datasets: 

Self generated data set: These data are collected by 

collecting speech samples of many speakers under control. 

Annotation: All speech examples are written with real 

emotions (e.g. angry, sad, happy) from a notebook or from the 

crowd. 

Data augmentation: Use techniques such as audio 

manipulation, time dilation, and noise injection to enhance 

recorded data and refine the details of the model. 

D) Algorithms & Concepts: 

Data processing: Here we are converting the original signal 

to a suitable format for analysis. This may include resampling, 

noise reduction, and normalization. 

Model selection: Consider using deep learning variants 

such as LSTM or GRU. This model can learn the hierarchical 

representation of speech data. 

Training model: Refine the training data using techniques 

such as time dilation, audio manipulation and background noise 

to increase the diversity of the dataset. 

Model refinement: Reduce the model parameters and initial 

accuracy to reduce memory usage and speed up the process. 

 

Figure 5: Sound feature extraction process using MFCC 

Test and measure: Perform k-fold cross validation to test 

the model performance. 

Delivery: Add a model optimized for on-time delivery of 

unlimited equipment or processes. Combine training models with 

a purpose-built delivery platform to ensure consistency and 

efficiency. 

V. RESULT ANALYSIS AND DISCUSSION 

The cognitive model achieves an accuracy of 70% with 

support vector machines, which work best in neural networks. 

Important features such as MFCC and prosodic features help 

distinguish emotions.  

 

Figure 6: Variation in Energy across Emotions 
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Although slight overfitting was observed in the neural 

network architectures, cross-validation confirmed the overall 

ability of the model. Challenges include dataset variability and 

computational complexity. Despite its limitations, the proposed 

system has promising applications in human-computer 

interaction and mental health care. Future work will focus on 

integrating multiple elements and addressing cultural differences 

in perspective. 

 

Figure 7: Representation of selected 12 features 

Training data and testing data are two groups created from 

previous data. An example is 80-20; the larger part is used for 

model training and the smaller part is used for performance 

evaluation. Training data is used to teach the regression model 

how to make predictions. For example, in linear regression the 

model learns the coefficients of each feature, while in decision 

trees or neural networks it learns good boundary conditions. 

VI. CONCLUSION 

In this research article, we have explored the fascinating 

field of human speech recognition by leveraging the power of the 

Raspberry Pi (Rpi) platform and using different algorithms to 

analyze emotions. Through extensive research and testing, we 

have tried to create a system that can identify and categorize 

needs based on language, focusing on three main themes: fire of 

anger, sadness, and happiness. For this, we will use the values 

for emotions like happy, sad, and angry. This is what we will get 

as a result. 

Our journey begins with a current systems and processes in 

the advances and challenges faced by researchers and 

practitioners. By studying the impact of these systems and 

analyzing their performance, we can better understand the 

complexity of cognitive theory and its applications. By enabling 

machines to recognize and respond to human emotions, we are 

paving the way for improving relationships built between people, 

increasing user self-awareness, and supporting mental health. 

The ability to analyze emotions such as anger, sadness, and 

happiness opens up new avenues of communication, insight, and 

understanding in areas as diverse as therapy, education, and 

entertainment. 

VII. FUTURE EXTENSION 

Real-time emotion recognition: Developing a system to 

capture emotions in real-time can lead to applications for use in 

real-time interactions, assisted virtual reality, and computer-

aided imagination. Optimizing algorithms to increase efficiency 

and reduce latency is important for seamless integration into 

interactive systems. 

Personalized emotional awareness: Personalizing the 

system based on user preferences, behaviors, and emotions can 

improve user experience and engagement. By integrating user 

input and an adaptive learning process, the system can adapt and 

evolve over time to suit personal preferences and situations. 

Cognitive human-computer interaction: Exploring the 

integration of cognitive-behavioral insights into human-machine 

interaction to create more insightful and effective interaction. 

Developing apps that personalize content, responses, and 

interactions based on needs ensure user satisfaction and 

engagement. 

Long-term analysis and analytics: Extending to long-term 

analysis of emotional patterns and patterns over time can provide 

insights into the user's emotional state, mental health, and 

personality. Using machine learning techniques to analyze and 

detect anomalies can help identify potential problems or changes 

in emotional state. 
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