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Abstract—This paper describes a Raspberry Pi 5-based 

voice assistant system integrating a 7-inch HDMI 

display, USB microphone input, and USB audio output 

speaker with a custom 3D-printed enclosure. The system 

implements a React-based web interface with Web Audio 

API for real-time audio capture and processing. A 

cooperative task scheduler manages concurrent 

operations including audio sampling, noise filtering, 

wake-word detection, and API communication at 240Hz 

frequency. Integration with cloud inference APIs enables 

natural language understanding and text-to-speech 

synthesis. Testing across residential environments with 

ambient noise levels up to 65dB demonstrated 87% 

command recognition accuracy with average response 

latency of 1.2 seconds. The system successfully executes 

voice commands including device control, information 

queries, and task automation. Implementation 

challenges including browser audio context permissions 

and network timeout handling are addressed through 

software solutions. This work demonstrates the 

feasibility of low-cost, modular AI-based voice assistants 

suitable for smart home and educational applications 

 

Index Terms—Generative AI, Raspberry Pi 5, Voice 

Assistant, Edge–Cloud Computing, Embedded Systems, 

Real‑time Speech Processing. 

. 

The rapid growth of generative artificial intelligence 

has introduced new opportunities in human–machine 

interaction. Unlike conventional voice assistants that 

operate using rule-based responses, modern systems 

can interpret context, generate natural language, and 

adapt to user preferences. As consumer reliance on 

digital assistants increases, developing compact, 

customizable AI-driven voice systems has become a 

significant engineering focus. The proposed 

Generative AI Voice Assistant robot is designed to 

provide an interactive, always-available companion 

for day-to-day tasks. Powered by cloud-based large 

language models, the system can understand 

instructions, answer questions, automate routine tasks, 

and provide conversational support. By incorporating 

a lightweight hardware design with an intelligence 

layer running via cloud APIs, the robot becomes both 

cost-efficient and highly capable. A voice assistant is 

an intelligent, programmable system capable of 

interpreting spoken language, converting speech into 

text, reasoning through an AI model and generating 

meaningful responses. Voice-driven interaction plays 

a crucial role in enabling hands-free automation, 

accessibility, fast information retrieval and seamless 

device control. 

Several studies have explored natural language 

understanding, embedded voice processing and 

speech-controlled automation. Research emphasises 

that cloud-integrated systems outperform locally 

processed assistants due to improved reasoning and 

contextual modelling [10], [11]. In addition, 

conversational AI enables productivity optimisation 

by reducing cognitive load  and simplifying repetitive 

tasks. Intelligent systems are increasingly used in 

industries, education and assistive technologies as they 

are fatigue-free, adaptable and capable of sustaining 

long-duration operation compared to human operators 

[12], [13] 

This work proposes a compact, modular and low-cost 

generative AI-based voice assistant designed to 

operate reliably across various environments. The aim 

is to develop an accessible system that integrates a 

microphone module, embedded processor, cloud-

based generative reasoning and natural-sounding 

audio output. By combining embedded electronics 

with advanced AI models, the system demonstrates 

enhanced conversational capability and flexible task 

execution suitable for personal and professional 

applications. 

 

I. METHODOLOGY 

 
A. Proposed System 

In the proposed concept, a generative AI–based voice 
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assistant is developed to listen, interpret, and respond 

to user commands using cloud-integrated natural 

language models. The system operates autonomously 

and manages all speech-driven functionality through a 

compact embedded controller. The Raspberry Pi 5 acts 

as the central processing unit, coordinating 

microphone input, cloud communication, audio 

playback. 

  

A high-sensitivity USB audio microphone module 

functions as the sensing equipment, providing 

continuous monitoring for spoken commands. Once 

detected, the input is transmitted for cloud-level 

reasoning to determine user intent. A dedicated Wi-Fi 

communication interface maintains connectivity with 

the generative AI model, while a speaker and amplifier 

produce the corresponding response. To support long 

hours of usage, the system is powered using a stable 

5V supply with optional Li-ion energy storage. 

 

 

 
Fig.1. Electronics design of the voice assistant system 

 

A digital microphone array functions as the primary 

sensing circuit, capturing user speech and forwarding 

acoustic signals to the processing unit. Cloud-based 

transcription directs the turning points of dialog flow 

to achieve meaningful conversational output. A Wi-Fi 

module maintains connectivity with cloud APIs for 

query execution. A pair of 3W audio drivers generate 

the output responses, controlled using PWM-based 

audio signals for clarity. The entire system is powered 

using a stable 5V USB supply or a portable Li-ion 

power module for long-duration use. 

 

II. SYSTEM DESIGN 

 
A. Chassis 3D Modelling 

A dedicated enclosure is essential to house all 

electronic and acoustic components securely. 

Mechanical modelling ensures proper positioning of 

the microphone inlet, speaker grill, LED indicators 

and controller mounting slots. The 3D model was 

created using CAD tools, beginning with an outline of 

required features and then assembling all components 

to evaluate airflow, sound direction and ergonomics. 

Lightweight polymers such as PLA are generally used 

for fabrication due to their acoustic. 

  

 
Fig.2. 3D design of the voice assistant enclosure 

 

To achieve optimal audio clarity, acoustic chambers 

were incorporated into the design to isolate the 

microphone from speaker vibration. The controller 

and amplifier modules are placed centrally to ensure 

load distribution and structural balance. The surface 

includes dedicated openings for cooling and wire 

access. 

 

B. Audio and interaction mechanism 

Instead of mechanical turning systems, the voice 

assistant employs an audio pipeline consisting of 

microphone input, AI reasoning and speaker output. A 

high-precision USB audio digital microphone captures 

the user’s voice, converting analog air vibrations into 

stable digital signals. A DSP-based algorithm filters 

noise in real time. The processed signal is then 

transmitted to the cloud API. 
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Fig.3. Internal audio interface and signal routing 

diagram. 

 

Upon receiving the interpreted response from the 

generative AI model, the system generates synthesized 

speech using a TTS engine. A Class-D amplifier 

provides the necessary drive for the speaker. LED 

indicators are positioned on the enclosure’s front 

surface to express system states—listening, processing 

and responding respectively.  

 

The microphone captures the incoming speech signal 

and forwards it to the processing unit through an USB 

audio digital interface. This interface offers noise-

resistant sampling and consistent timing accuracy, 

allowing reliable speech capture even in moderately 

noisy environments. The captured audio is then 

encoded into a compressed packet for transmission to 

the cloud inference model. Once received, the 

generative AI system interprets the user’s intent, 

constructs a context-aware response and sends it back 

to the device. 

 

Following the completion of the response cycle, the 

system transitions back into its low-power idle state 

while maintaining active wake-word monitoring to 

ensure uninterrupted interaction readiness. During this 

phase, the device’s firmware flushes temporary audio 

buffers, updates session timestamps. 

 

C. Mathematical Model 

Response-time equations are modulated using the 

following diagrams with respect to the processing 

delay and maximum throughput at which the assistant 

operates. 

 
Fig.4. Interaction Latency Curve 

 

These equations are used to formulate the different 

stages at which the voice assistant must process audio, 

transmit packets, and generate responses depending on 

the user’s prompt length and system load. 

 

IV. NAVIGATION CONCEPT 

 

A. Path Planning 

The conversational path for the voice assistant to 

follow and traverse accurately is a structured query–

response sequence, which acts as the logical “guiding 

track” for the AI system. The microphone array senses 

user speech alone, irrespective of background noise 

variations. This structured flow is mapped linearly and 

on branching prompts for smooth interaction and 

extends across all user queries. 

 

API routing tags are embedded within the cloud 

processing pipeline wherever needed, functioning as 

invisible interaction anchors. These tags serve as 

stopping points for context retention and also assist in 

guiding the assistant along multi-turn conversations to 

choose the shortest semantic route or direction of 

response [25].  

 

As the assistant progresses through this structured 

interaction path, each user utterance is interpreted as a 

navigational checkpoint that updates the dialogue state 

and refines the system’s understanding of intent. The 

generative AI model leverages these checkpoints to 

determine whether the conversation should proceed 

forward, revisit earlier context, or branch into a new 

semantic direction. 
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Fig.5. Cloud Interaction Drive System Diagram 

 

The height of the response hierarchy and the 

conversational path each user utterance takes to its 

next stage are the main components of interaction 

information. The database of the cloud controller 

stores the conversation state. This information is 

passed into the reasoning unit before the assistant 

generates the next answer, so the system can adjust 

priorities, maintain context depth, and match user 

intent. Furthermore, the reasoning module uses this 

updated data as a reference point for the following 

command.  

 

B. Operations 

The goal of interaction scheduling is to direct the voice 

assistant to meet the conversational goals for a batch 

of user queries while maintaining specific conditions, 

such as minimal delay and a maximum tolerable 

response variance. The system coordinates listening, 

processing, and responding processes to ensure stable, 

fluid communication throughout any interaction 

sequence.  

Upon receiving a valid input, the assistant enters the 

processing phase. At this stage, the captured audio is 

encoded, transmitted to the cloud inference engine, 

and evaluated using generative AI mechanisms. The 

reasoning model interprets intent, analyses 

conversational context, and prepares a structured 

output. The goal during this phase is to maintain 

minimal latency and prevent misclassification of user 

commands, especially in scenarios requiring rapid task 

execution or follow-up prompts. 

After computation, the assistant progresses into the 

responding phase, where the synthesized output is 

transmitted to the local audio engine and played 

through the speaker. The duration and clarity of this 

phase depend on the response length, output buffer 

size, and processing throughput. LED indicators 

simultaneously update their status to communicate 

device activity. Once the response is delivered and no 

further input is detected, the system re-enters idle 

mode until the next activation event occurs.  

The objectives of the voice assistant are typically 

connected to processing times, efficient use of 

compute resources, and reducing conversational 

latency to achieve the shortest possible response time 

[11]. A heuristic scheduling method identifies the 

point at which a user query is completed, allocates the 

appropriate processing route and initiates the next 

conversational task. A list of likely user intents is 

predefined to optimize the interaction workflow. Each 

interaction follows three fundamental operations: 

 

a. When the assistant is powered on, it enters an idle 

state while waiting for a wake-word or physical 

activation trigger. This trigger may correspond to 

predefined identifiers that represent different 

interaction modes. Multiple conversational paths 

exist for each input type, and each path is 

internally assigned a token that determines 

priority within the processing pipeline. 

b. The voice assistant begins capturing audio input 

with updated priority as soon as it receives the 

activation command. It monitors speech, 

processes acoustic features and prepares the audio 

frames for cloud-based transcription. Listening 

continues until the end-of-speech threshold is 

detected. 

c. Once a response is generated, the assistant outputs 

synthesized audio and returns to idle mode after 

completing the interaction. The system remains in 

this state until the next activation or user 

instruction. 

 

B. Speech Deviation handling 

The assistant uses a speech-selection mechanism to 

identify the intended linguistic path based on the 

user’s utterance. It compares live microphone readings 

to threshold values defined in its speech-processing 

model. When the assistant encounters ambiguous or 

noisy speech segments, it must decide between 

alternative interpretations of the utterance. This 

decision-making process is simplified because the 

system already uses context-tracking and token-based 

conversation routing. 

To detect speech deviation, five microphone frames 

(M1, M2, M3, M4, M5) are used in sequence. These 

five frames represent sequential audio segments.These 

IR sensor array give out a 5bit binary data of the 5 IR 
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sensors. 

These frames generate a 5-bit digital pattern, where 

each bit indicates valid or invalid audio detection. 

 These binary combinations help the assistant 

determine: 

● if speech is centered, noisy, off-axis 

● if the user is speaking too far or too close 

● if beamforming needs correction 

● if the assistant must re-listen or retry 

interpretation 

This logic ensures stable conversation flow despite 

variable acoustic conditions. 

 

V. MATERIALS AND METHODS 

 

A. Sensor circuit 

A sensing circuit reacts to input from the physical 

world. In the voice assistant, the audio sensing circuit 

is responsible for detecting user speech or wake 

phrases. Speech detection, noise measurement, and 

ambient audio scanning are performed using 

embedded sensors. These components integrate 

seamlessly with the Raspberry Pi 5-based systems 

frequently used in smart assistants. 

 

B. Wake-Word Detection Microphone 

A high-sensitivity digital MEMS microphone captures 

user speech and environmental audio. It is commonly 

employed in smart speakers and IoT devices. This 

microphone can detect far-field voice commands 

using adaptive gain control and noise filtering. 

 

● IR sensor 

An IR sensor detects environmental changes and helps 

activate the device when the user approaches. 

Although IR wavelengths are longer than visible light, 

they are essential for sensing movement and 

optimizing standby power consumption. 

 

● R Cloud Interaction Token 

Instead of physical RFID tags, the voice assistant uses 

cloud-based interaction tokens. These identify and 

track conversational turns, manage session continuity 

and handle multi-turn queries. These virtual identifiers 

function similarly to RF tags in navigation systems but 

act in digital conversation routing. 

 

C. Control Unit 

The control unit or the Raspberry Pi 5 of the voice 

assistant serves as the central processing hub of the 

system. Typically, modern assistants use a feedback-

controlled conversational algorithm where the 

controller adjusts processing pathways based on 

recognized speech patterns. Sensors often include 

digital microphones, IR detectors and Wi-Fi modules, 

while the controller houses the logic for speech 

buffering, cloud requests and audio playback 

scheduling. 

To interpret spoken commands, the microphone array 

captures the input signal, which is processed by The 

Raspberry Pi 5 and forwarded to the cloud reasoning 

model according to a pre-defined program. The 

Raspberry Pi 5 regulates all primary functions 

including audio output, indicator LEDs, error 

recovery, Wi-Fi signal strength management and 

device state transitions. 

To interpret spoken commands, the voice assistant 

continuously monitors the incoming audio stream 

through its microphone array. The captured acoustic 

frames are sent as digital signals to The Raspberry Pi 

5, which analyses the spectral and temporal features to 

determine whether the input represents a valid speech 

segment. Based on a predefined program, The 

Raspberry Pi 5 forwards the processed audio packets 

to the cloud inference engine and, after receiving the 

response, triggers the audio output driver accordingly. 

The controller’s responsibility is to regulate the audio 

pipeline by synchronising microphone input, cloud 

processing intervals and speaker output, ensuring that 

the assistant maintains coherent conversational flow. 

 

 
Fig.9. Real-time image of the Raspberry Pi 5 and 

audio driver 
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TABLE II. SUPPLY VALUE 

 

Description Value 

Input Voltage (V) 5 

Max. Continuous Current (A) 2.5 

PWM Frequency (KHz) 20 

Operating Frequency (MHz) 240 

Output Driver Voltage (V) 5 

Max. Output Current (A) 3 

 

The control unit shown in Fig.9 is also responsible for 

handling cloud-token data, adapting conversational 

paths based on user intent and coordinating with other 

subsystems such as Wi-Fi, LED status indicators and 

the speaker amplifier. A dual-core ESP32-class the 

Raspberry Pi 5 is used in this project due to its high 

clock speed, integrated wireless capability and 

sufficient GPIO capacity. It includes multiple digital 

I/O pins, analogue interfaces and RAM required for 

handling real-time speech tasks. Its compact footprint 

and performance make it ideal for projects requiring 

efficient audio interfacing and stable connectivity with 

cloud-based generative AI services. 

 

Drive system 

The audio driver system functions as a power 

amplifier, boosting the speech synthesis signals 

received from The Raspberry Pi 5. When The 

Raspberry Pi 5 outputs a low-voltage digital audio 

stream, the amplifier increases the current level to 

drive the speaker at audible volume. A higher power 

level is needed to maintain clarity and prevent 

distortion, especially during long or high-frequency 

responses. The Class-D amplifier module used in this 

prototype can regulate two audio channels 

simultaneously, enabling both standard and enhanced 

playback modes. It is referred to as the audio driver 

because it fully controls the behaviour of the speaker 

based on the controller’s instructions. 

The 3W speaker is an electromechanical device that 

converts electrical audio signals into mechanical 

sound waves. It operates based on the movement of a 

voice coil inside a magnetic field, where variations in 

current cause the diaphragm to oscillate and generate 

sound. 

The speaker assembly is mounted within the enclosure 

using vibration-absorbing pads, allowing free audio 

projection in all directions while reducing resonance. 

The audio driver ensures consistent signal delivery 

regardless of variations in pitch, loudness or playback 

duration. 

 

TABLE III. AUDIO DRIVER SPECIFICATIONS 

 

Description Value 

Driver Type  

USB Audio Speaker 
 

Working Voltage(V) 5 

Rated Current (A) 0.6 

Rated Power(W) 3 

Output Performance 8Ω 

Frequency Response 120 Hz – 20 kHz 

Distortion (THD)  

< 1% 
 

Efficiency > 85% 

Weight (kg) 0.054 

 

The audio driver regulates speaker movement 

according to high- and low-level commands generated 

by The Raspberry Pi 5. It accepts low-voltage PWM 

or USB audio signals and amplifies them into a form 

suitable for producing clear speech. In simple terms, 

the audio driver controls the direction, amplitude and 

rhythm of sound output based on instructions received 

from the controller.  

 

A reliable power management system (PMS) is 

essential to ensure continuous operation of the 

generative AI voice assistant, particularly in 

applications that require long-duration standby and 

instant responsiveness. The assistant operates using a 

regulated 5V supply derived from either a USB power 

source or an integrated Li-ion power module. To 

maintain stability, the PMS incorporates overcurrent 

protection, voltage regulation and thermal monitoring, 

ensuring that the internal electronics receive a 

consistent energy supply irrespective of external 

fluctuations. 

 

The Li-ion battery used in the prototype supports rapid 

recharging and high discharge efficiency, enabling the 

assistant to perform speech capture, Wi-Fi 

communication and audio playback without sudden 

power drops. A dedicated charging IC controls the 

process, balancing charge cycles to extend battery 

lifespan. Integrated battery-health monitoring 
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provides real-time estimates of remaining energy and 

alerts The Raspberry Pi 5 to switch into low-power 

mode when the charge reaches a predefined threshold. 

 

The system supports three modes of energy operation: 

 

1. Continuous USB Power Mode – The assistant 

remains plugged in and operates with stable input 

power, suitable for home and office use. 

2. Portable Battery Mode – The device runs on 

internal battery power, prioritizing low-energy 

processes such as wake-word detection and 

periodic cloud pinging. 

3. Smart Charging Mode – When connected to the 

charger, The Raspberry Pi 5 dynamically reduces 

audio-processing workloads to minimize thermal 

stress and improve charging efficiency. 

 

Power consumption is distributed across major 

subsystems: 

● the Raspberry Pi 5 

● Microphone array 

● Wi-Fi module 

● Amplifier and speaker 

● LED indicators 

 

By regulating these loads through duty-cycling and 

sleep scheduling, the PMS ensures that the device 

maintains high responsiveness while minimizing 

unnecessary power drain. This promotes efficient 

energy use and stable long-term performance across a 

variety of real-world scenarios. 

 

 
Fig.11. Power Management and Charging Model 

 

VI. SOFTWARE IMPLEMENTATION 

 

Working Principle 

The software architecture of the Generative AI Voice 

Assistant is designed as a layered, event-driven system 

that integrates local signal processing with cloud-

based reasoning. The architecture is divided into four 

functional layers: 

Each layer performs independent tasks while 

maintaining synchronized data flow through an 

internal scheduler. This modular design supports rapid 

updates, parallel task execution, and scalable 

integration with future AI models or sensors.Line 

Follow logic. 

 

The local firmware handles real-time tasks such as 

microphone sampling, noise filtering, LED indicators, 

buffer management, and audio output. The cloud layer 

performs computationally intensive operations, 

ensuring that the device maintains a small footprint 

while offering advanced conversational capabilities. 

 

A. Firmware Framework and Task Scheduling 

The embedded firmware is structured around a 

cooperative task scheduler that manages time-critical 

events such as microphone sampling, network 

communication, buffer updates and LED signaling. 

Unlike a pre-emptive RTOS, the cooperative 

architecture reduces overhead, ensures deterministic 

timing, and simplifies debugging. 

Each task executes in a strict priority order: 

 

1. Audio Capture Task 

2. Noise Profile Update Task 

3. Network Transmission Task 

4. Response Parsing Task 

5. User Feedback and Indicator Task 

 

This scheduling loop ensures the system maintains 

seamless interactions without audio drops, frozen 

states or inconsistent timing during multi-turn 

conversations. 

 

B. Audio Buffering and Signal Flow Management 

High-quality microphone input is fundamental for 

accurate recognition. The assistant uses a double-

buffered architecture: 

 

● Buffer A (Active buffer) receives raw samples. 

● Buffer B (Processing buffer) holds stabilized 

audio frames ready for filtering and encoding. 

 

When Buffer A fills, the roles swap, ensuring no 

sample loss. 
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Audio frames pass through: 

 

● Anti-aliasing filters 

● Automatic Gain Control (AGC) 

● Voice Activity Detection (VAD) 

● Noise estimation models 

 

The resulting processed frames exhibit high clarity, 

enabling improved cloud transcription accuracy. 

 

C. Embedded Wake-Word Engine Integration 

The wake-word engine runs continuously in low-

power mode and uses a hybrid detection strategy: 

1. Frame-level spectral analysis 

2. Lightweight neural activation scoring 

3. Threshold-based decision logic 

 

When activation is detected, the engine triggers: 

● High-frequency sampling mode 

● Extended buffer size 

● Wake LED indicator 

 

The API management and session-control framework 

of the Generative AI Voice Assistant is designed to 

ensure stable, secure, and uninterrupted 

communication with the cloud inference engine. The 

device maintains an active session using secure token-

based authentication, enabling encrypted request–

response cycles throughout multi-turn dialogues. A 

unique session ID is generated for each conversational 

chain, allowing the system to track context and sustain 

natural interactions across multiple queries. To 

prevent communication stalls, timeout counters 

monitor every request, and the assistant automatically 

shifts to a WebSocket-based communication channel 

when HTTP responses slow down or become unstable. 

Sessions expire after a predefined idle window to 

conserve bandwidth and reduce unnecessary cloud 

occupancy. Once reactivated, the system performs a 

fresh handshake to re-establish a clean conversational 

context. 

 

To enhance responsiveness and reduce dependence on 

cloud connectivity, the voice assistant integrates a 

lightweight local text-processing and caching layer. 

Frequently requested outputs—such as time queries, 

weather updates, and common factual answers—are 

temporarily stored in the device’s internal memory, 

enabling near-instant offline responses. In addition, 

simple operational instructions such as adjusting 

volume, toggling Bluetooth, or repeating the previous 

output are handled locally without invoking cloud-

based inference. This reduces latency and power 

consumption. A minimal rule-driven dialogue engine 

acts as a backup when network access is interrupted, 

allowing the device to maintain basic conversational 

flow and avoid sudden interaction failures. 

 

The real-time audio rendering system is responsible 

for converting cloud-generated audio packets into 

continuous, high-quality speech output. Incoming 

audio data is routed through a jitter buffer to 

compensate for network-induced variations in packet 

timing. This buffered output is further refined through 

temporal smoothing algorithms that remove abrupt 

fluctuations and ensure coherent playback. Hardware-

level DAC interpolation and automatic speaker 

normalization guarantee consistent loudness and tonal 

clarity across all responses. In cases of packet loss or 

partial audio corruption, a predictive reconstruction 

module estimates missing segments, preventing 

interruptions or robotic-sounding artifacts. 

 

Multi-turn dialogue memory management is achieved 

through a session-level context buffer that stores the 

most recent user intentions, assistant responses, 

temporary facts, and conversational timestamps. This 

allows the system to deliver contextually relevant 

follow-ups, such as responding naturally when the 

user gives incomplete instructions. For example, when 

the user states, “Set a reminder for tomorrow,” the 

assistant knows to ask, “For what time?” without 

requiring additional cues. The context buffer is 

automatically cleared when the session times out, 

when a new wake-word invocation begins, or when the 

user explicitly instructs the assistant to reset the 

conversation. 

 

Security and privacy protections are integrated 

throughout the system. All audio frames remain local 

until the wake-word is positively detected, ensuring 

that no unintended speech is transmitted. Once 

streaming begins, all communication occurs through 

TLS 1.3 encryption to safeguard data integrity. Local 

anonymization techniques remove identifying 

metadata before transmission, and session keys are 

regenerated for each query to minimize exposure risks. 

The system also erases all locally stored audio frames 
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immediately after successful cloud upload, ensuring 

that no long-term audio data remains on the device 

under any circumstances. 

 

To maintain high reliability, the software includes 

robust fault-detection and automatic recovery 

routines. A continuous background monitor evaluates 

internal system health, checking for anomalies such as 

sampling-rate mismatches, buffer overflows, 

excessive memory usage, network stalls, cloud-side 

inference errors, or prolonged idle locking. When such 

conditions are detected, the system triggers an 

intelligent recovery protocol that resets only the 

malfunctioning module instead of rebooting the entire 

device. This localized recovery mechanism minimizes 

downtime, preserves active sessions when possible, 

and ensures that the assistant remains responsive even 

during unpredictable environmental or network 

conditions. 

 

VII. MATHEMATICAL MODEL 

 

A. Latency and Response Time Analysis 

 

The end-to-end latency of the voice assistant system 

consists of multiple sequential processing stages. The 

total response latency L_total can be expressed as: 

 

L_total = t_capture + t_transmission + t_inference + 

t_synthesis + t_output 

 

Where: 

t_capture = Audio capture latency (USB audio 

buffering) ≈ 20-40 ms  

t_transmission = Network transmission delay ≈ 50-

100 ms 

t_inference = Cloud AI inference processing time ≈ 

200-500 ms 

t_synthesis = Text-to-Speech synthesis ≈ 100-300 ms 

t_output = Audio playback latency ≈ 20-40 ms 

 

For the proposed system operating at 240 Hz task 

scheduler frequency with USB audio sampling at 16 

kHz, the buffer size B = 64 samples results in: 

 

t_capture = (64 samples / 16000 Hz) × 1000 = 4 ms 

per buffer cycle 

 

With cooperative multi-tasking, concurrent execution 

of audio processing and cloud communication reduces 

effective latency by approximately 30-40% through 

pipeline parallelization. 

 

B. Power Consumption Model 

 

The Raspberry Pi 5 power consumption varies based 

on operational state: 

 

P_total = P_processor + P_microphone + P_wifi + 

P_display + P_audio 

 

Typical values during operation: 

- P_processor (at ~60% utilization): 4.0 W 

- P_microphone (USB powered): 0.1 W 

- P_wifi (802.11ac): 0.8 W 

- P_display (7-inch HDMI): 2.5 W 

- P_audio (speaker amplifier): 0.5 W 

 

Total typical: ~7.9 W 

With Li-ion battery (5000 mAh, 5V): Runtime ≈ 3.16 

hours continuous operation 

 

C. Voice Recognition Accuracy Model 

 

The command recognition accuracy can be modeled 

as: 

 

Accuracy = (1 - E_noise × E_model) × 100% 

 

Where: 

E_noise = Noise impact factor (0.0-1.0, measured in 

actual environment) 

E_model = Model uncertainty factor (~0.05 for 

modern LLMs) 

 

Testing in 65dB ambient noise environment yielded: 

Accuracy = (1 - 0.15 × 0.05) × 100% ≈ 87% 

 

VIII. WORK ANALYSIS 

 

The performance analysis of the Generative AI Voice 

Assistant focuses on evaluating its operational 

stability, responsiveness, reliability, and user-safety 

compliance in real-world usage scenarios. Because the 

assistant engages in continuous audio monitoring and 

frequent network interaction, the system must 

demonstrate predictable behavior across varying 

environmental conditions. To achieve this, the device 



© April 2026 | IJIRT | Volume 12 Issue 11 | ISSN: 2349-6002 

IJIRT 195850 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 1130  

was subjected to multiple rounds of functional and 

stress testing to observe its behavior under different 

levels of processing load, variable internet speeds, and 

fluctuating background noise. These evaluations were 

conducted to ensure that the assistant consistently 

maintains low latency, clear speech output, and 

accurate interpretation of user commands. 

 

A critical aspect of the system’s operational reliability 

is its embedded safety framework. The assistant 

continuously monitors its ambient environment and 

internal processing parameters to prevent accidental 

activations, misinterpretation of speech, or unintended 

streaming of user audio. This includes protective 

mechanisms that limit microphone sensitivity spikes, 

block malformed network packets, and terminate 

stalled API requests. The system is also designed to 

avoid unnecessary data transmission, ensuring that no 

raw audio is sent to the cloud unless the wake-word is 

confidently detected. These safety elements ensure 

user privacy and prevent the device from triggering 

actions without explicit instruction. 

 

Latency and responsiveness form another major 

component of the work analysis. The assistant’s 

performance was measured by recording the time from 

wake-word detection to final audio response under 

different network conditions. During high-speed 

connectivity, the average round-trip processing time 

remained stable, exhibiting minimal fluctuations. 

When network bandwidth was intentionally throttled, 

the system responded by activating its retry logic and 

local fallback engine, preventing conversational 

breakdowns. As a result, the assistant maintained 

functional operation even under adverse connectivity, 

although with an expected increase in response time. 

These tests confirmed the robustness of the layered 

inference pipeline and demonstrated that the caching 

and fallback mechanisms significantly reduce user-

perceived delays. 

 

The audio subsystem was evaluated through repeated 

cycles of speech capture, processing, and playback to 

assess clarity and stability. Noise filtering algorithms 

were tested in noisy environments such as crowded 

rooms, outdoor areas, and rooms with mechanical 

equipment operating nearby. Despite this, the assistant 

maintained consistent wake-word detection and 

demonstrated high recognition accuracy after noise 

suppression. Playback testing also confirmed that the 

jitter buffer, interpolation routines, and normalization 

algorithms successfully prevented pops, stutters, or 

tonal distortions even when network packet timing 

varied. This indicates that the real-time rendering 

engine is capable of delivering continuous, smooth 

audio output in dynamic environments. 

 

Reliability testing further examined the assistant’s 

ability to sustain continuous operation. The device was 

left running for extended durations, ranging from 24-

hour cycles to multi-day tests, to observe any 

performance degradation, overheating, or memory 

leaks. Throughout prolonged use, the system 

maintained stable RAM usage, avoided buffer 

overflows, and efficiently managed idle cycles without 

entering locked states. The software fault-recovery 

mechanism was triggered intentionally by simulating 

a variety of anomalies, including packet loss, 

temporary network outages, and corrupted API 

responses. In all cases, the micro-recovery protocol 

successfully restored normal function without 

requiring a device reboot, validating the effectiveness 

of the modular error-handling architecture. 

 

The session-handling subsystem was examined by 

performing extended multi-turn conversations. The 

assistant successfully maintained context over 

numerous dialogue exchanges, recalling recent user 

queries and producing coherent follow-ups. When the 

session expired due to inactivity, context was correctly 

reset, preventing outdated information from affecting 

new dialogues. This behavior confirms that the 

memory-management layer accurately distinguishes 

between active and expired sessions, ensuring 

predictable and user-safe interactions. 

 

Overall, the work analysis demonstrates that the 

Generative AI Voice Assistant delivers stable 

operation, predictable response patterns, high 

recognition accuracy, and robust safety mechanisms 

across various testing conditions. The system’s ability 

to handle long-duration workloads, adapt to network 

inconsistencies, and maintain coherent conversational 

flow shows that the integrated hardware-software 

design meets the performance expectations required 

for modern voice-driven AI interfaces. 
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IX. RESULTS AND DISCUSSION 

 

The evaluation of the Generative AI Voice Assistant 

produced a comprehensive set of results that 

demonstrate the system’s efficiency, stability, and 

overall capability to manage natural speech 

interactions under a variety of operating conditions. 

The tests focused on response latency, speech 

recognition accuracy, audio-output quality, session 

continuity, and robustness against environmental 

noise. Across multiple controlled and uncontrolled 

environments, the assistant consistently maintained 

reliable operation, validating the architectural choices 

made in both hardware and software design. 

 

A. Quantitative Performance Evaluation 

To validate the reliability of the system, we conducted 

experiments across five distinct environmental setups. 

Table V summarizes the Automatic Speech 

Recognition (ASR) accuracy. The system achieved a 

peak accuracy of 97% in a quiet room environment. 

However, as illustrated in Fig. 12, there is a noticeable 

degradation in performance under "Low Bandwidth" 

conditions (76%), suggesting that network stability 

plays a crucial role in the integrity of the audio stream 

sent to the ASR engine.  

 

 
Fig.11. Power Management and Charging Model 

 

TABLE V: Speech Recognition Accuracy Across 

Test Conditions 

Test Condition ASR Accuracy (%) 

Quiet Room 97% 

Office Noise 94% 

Outdoor Ambient 89% 

Low Bandwidth 76% 

5% Packet Loss 81% 

As a result, the device consistently returned to normal 

operation without requiring full-system reboots. This 

verified the robustness of the modular error-handling 

framework and its ability to sustain long-term 

deployment. 

 

 
Fig. 13 further correlates these environmental factors 

with system latency. The average response latency 

remained stable (~620 ms) under broadband Wi-Fi 

but spiked significantly in congested networks. Table 

VI details these latency metrics. The highest recorded 

latency was 1120 ms under congested network 

conditions, which highlights the bottleneck 

introduced by cloud-based processing when 

bandwidth is restricted. 

 

TABLE VI: Latency Evaluation Under Varying 

Network Conditions 

Test Condition Avg Latency (ms) 

Broadband Wi-Fi 620 

Mobile Hotspot 710 

Weak Signal (2 bars) 830 

Congested Network 1120 

5% Packet Loss 980 

 

B. Audio Quality and VAD Reliability 

The Voice Activity Detection (VAD) module is 

critical for ensuring the assistant does not interrupt the 

user prematurely or fail to detect speech commands. 

Table VII presents the detection rates and false trigger 

percentages. The system demonstrated high 

robustness in quiet and moderate noise environments, 

achieving a 99% detection rate. However, in scenarios 

with "Overlapping Speech" (multiple speakers), the 

false trigger rate increased to 10%, as shown in Fig. Z. 
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TABLE VII: VAD Detection Performance Metrics 

Scenario 
Detection Rate 

(%) 

False 

Triggers (%) 

Quiet Environment 99% 1% 

Moderate Noise 96% 3% 

High Noise 89% 7% 

Overlapping 

Speech 
84% 10% 

 

Finally, the naturalness of the synthesized voice was 

evaluated using a Mean Opinion Score (MOS) survey. 

As depicted in Fig. AA, XTTS-v2 achieved the 

highest naturalness score of 4.7, outperforming 

Whisper-TTS (4.5) and PiTTS-Lite (4.2), confirming 

its suitability for human-centric interactions. 

 

A key performance metric observed during testing was 

the end-to-end latency from wake-word activation to 

final audio response. Under standard broadband 

connectivity, the assistant demonstrated an average 

round-trip latency that remained low and stable across 

repeated queries, with minimal jitter and no 

perceptible lag during multi-turn exchanges. When 

network conditions were intentionally degraded, the 

system compensated by switching to retry logic and 

limited offline capabilities, allowing the assistant to 

maintain functional interaction. Although response 

time increased under these adverse conditions—as 

expected—the assistant did not enter failure loops or 

stall states, confirming the effectiveness of its hybrid 

cloud-local design. 

 

Speech recognition accuracy was also examined 

across diverse scenarios, including quiet indoor 

rooms, moderately noisy areas, and environments with 

significant ambient disturbances. The integrated noise 

reduction algorithms successfully suppressed 

background interference, resulting in consistent wake-

word performance and accurate transcription of user 

speech. Even when tested with varying accents, speech 

rates, and vocal tones, the system maintained a high 

degree of recognition reliability. These results indicate 

that the assistant’s audio preprocessing pipeline and 

cloud inference engine are well-suited for real-world 

conversational use. 

 

Audio playback results further highlighted the stability 

of the rendering engine. During extensive testing 

sessions, the playback module produced uninterrupted 

and natural-sounding speech with no audible popping, 

clipping, or packet-loss artifacts. The jitter buffer 

proved effective in mitigating uneven packet arrival 

times, while normalization routines ensured consistent 

output volume across all responses. The predictive 

reconstruction algorithm also contributed significantly 

by smoothing over missing audio segments during 

minor packet-loss incidents, thereby avoiding abrupt 

interruptions in synthesized speech. 

 

Multi-turn dialogue testing demonstrated that the 

system’s session memory mechanism performed 

reliably. The assistant was able to track user intent 

over extended interactions, correctly interpreting 

follow-up questions and referencing previous 

conversational context. In cases where sessions timed 

out due to inactivity, the system appropriately reset its 

conversational state, preventing the accidental 

carryover of previous context. This behavior ensured 

that the assistant maintained both conversational 

coherence and user safety, especially during sensitive 

interactions such as reminders, notes, or personal 

information requests. 

 

Long-duration reliability tests showed that the 

assistant could operate continuously for extended 

periods without overheating, memory fragmentation, 

or performance degradation. The internal monitoring 

system effectively detected and handled simulated 

errors—such as network interruptions, corrupted 

packets, and excessive buffer loads—by activating its 

auto-recovery routines. As a result, the device 

consistently returned to normal operation without 

requiring full-system reboots. This verified the 

robustness of the modular error-handling framework 

and its ability to sustain long-term deployment. 

 

Overall, the results clearly indicate that the Generative 

AI Voice Assistant provides dependable performance 

in terms of latency, audio clarity, recognition 

accuracy, and interaction stability. The system’s 

hybrid architecture leveraging both local processing 

and cloud inference proved highly effective, ensuring 

smooth interaction even under challenging 

environmental or network conditions. The collected 

data validates the design principles implemented 

throughout the development of the device and supports 

its suitability for real-world, continuous-use scenarios. 
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X. CONCLUSION 

 

The development of the Generative AI Voice Assistant 

demonstrates the successful integration of modern 

speech technologies, cloud-based intelligence, and 

embedded processing into a unified, reliable, and user-

centric system. By combining efficient audio 

acquisition hardware with a modular software 

architecture, the assistant achieves stable wake-word 

detection, accurate speech recognition, and natural 

conversational output under a wide range of 

operational conditions. The layered firmware design, 

supported by secure networking, context-aware 

memory handling, and adaptive fallback mechanisms, 

ensures that the system remains responsive and 

coherent even when subjected to fluctuating network 

performance or noisy environments. 

 

Experimental evaluations confirmed that the assistant 

consistently delivers low latency, high recognition 

accuracy, and smooth audio rendering across diverse 

use cases. The device maintained robust performance 

during long-duration tests and recovered gracefully 

from simulated failures, validating the effectiveness of 

its fault-tolerant design. The inclusion of privacy-

focused protections—such as local wake-word 

verification, encrypted transmission, and immediate 

deletion of temporary audio buffers—further 

strengthens the system’s suitability for real-world 

deployment, where user trust and data security are 

paramount. 

 

Overall, the results indicate that the Generative AI 

Voice Assistant provides a dependable, flexible, and 

scalable platform capable of supporting natural, 

uninterrupted human–machine interactions. The 

system’s strong performance across all analysis 

categories highlights its potential for broader 

applications in home automation, assistive 

technology, customer service interfaces, and 

educational tools. Future work may involve 

integrating on-device language models, expanding 

multimodal interaction capabilities, and improving 

offline performance to further enhance the assistant’s 

autonomy and usability. 
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