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Abstract- Financial trading continues to serve as a 

cornerstone of the global economy, yet traditional trading 

systems remain largely optimized for skilled professionals and 

rely heavily on manual interfaces such as keyboards and 

touch-based inputs. These interfaces impose accessibility 

barriers for novice traders, elderly individuals, and persons 

with disabilities, limiting their active participation in financial 

markets. Recent advancements in Artificial Intelligence (AI), 

Automatic Speech Recognition (ASR), and Natural Language 

Processing (NLP) have opened new opportunities for human-

computer interaction through natural speech. Leveraging 

these technologies, this paper presents Smart Voice Trade 

(SVT) — an intelligent voice-driven trading platform designed 

to execute financial transactions through spoken commands in 

real time. 

 

The proposed system integrates a multi-layered 

architecture combining ASR for speech transcription, NLP for 

intent and entity extraction, and a secure broker API interface 

for order placement and validation. A built-in risk verification 

module ensures trade integrity by screening for abnormal 

parameters, market anomalies, and execution inconsistencies. 

The platform also features adaptive speech models capable of 

handling diverse accents, background noise, and variable 

speech rates, enabling robust performance across 

heterogeneous user environments. 

 

Experimental evaluation using a dataset of over 

5,000 voice samples demonstrates an average intent 

recognition accuracy of 95.8%, precision of 94.9%, and 

average latency below 220 milliseconds, confirming its 

suitability for real-time trading contexts. The system not only 

enhances efficiency and inclusivity in trading but also 

introduces a scalable foundation for AI-assisted financial 

decision-making. By bridging the gap between voice 

interaction and secure trading infrastructure, SVT contributes 

to the democratization of fintech accessibility and sets the 

groundwork for future research on autonomous, 

conversational trading assistants. 

 

I. INTRODUCTION 

 

Financial trading has become one of the most 

dynamic sectors in the digital economy, where execution 

speed and decision accuracy directly impact trading outcomes. 

With the increasing adoption of online brokerage platforms 

and algorithmic trading, users are expected to navigate 

complex interfaces, monitor live price movements, and 

manually input multiple parameters before executing a trade. 

While this workflow . 

 

The growing advancements in Artificial Intelligence 

(AI), Automatic Speech Recognition (ASR), and Natural 

Language Processing (NLP) have demonstrated significant 

potential in enabling natural language-based interaction across 

various domains such as healthcare systems, personal voice 

assistants, smart home automation, and customer support 

frameworks. These technologies reduce user effort by 

enabling context-aware, conversational, and intuitive 

command processing, allowing even non-technical users to 

interact with digital systems using simple voice instructions. 

 

However, the integration of voice recognition into 

trading systems remains limited due to the absence of real-

time risk validation, multi-parameter trade extraction, broker 

API-level verification, and confirmation mechanisms. Existing 

voice-activated systems lack the intelligence required to 

differentiate between intent commands (“Buy”), asset 

identification (“Tesla stock”), trade quantity (“10 units”), and 

order conditions (“at market price”) in a single spoken 

statement. 

 

To address these limitations, the proposed Smart 

Voice Trade (SVT) system introduces an intelligent, voice-

driven trading architecture that extracts action, asset, quantity, 

and order type from user speech, validates trade conditions 

through integrated risk-checking logic, and communicates 

with brokerage APIs for secure execution. By processing 

natural speech commands such as “Sell 5 Bitcoin at current 

price” or “Check my portfolio status”, the system reduces 

user interaction complexity and makes trading more accessible 

to a broader user base. 

 

II. LITERATURE SURVEY 

 

Voice recognition and natural language processing 

(NLP) have been extensively researched within artificial 

intelligence and human-computer interaction over the last 
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decade. Early approaches to speech-based automation 

primarily used rule-based systems and statistical models. 

Researchers developed handcrafted features such as pitch, 

phoneme frequency, and acoustic patterns, combined with 

classifiers like Hidden Markov Models (HMMs), Support 

Vector Machines (SVM), and k-Nearest Neighbors (k-NN) for 

intent recognition. Though moderately accurate, these 

methods were limited by reliance on handcrafted features and 

struggled with diverse accents, noisy environments, and 

domain-specific commands.The advent of deep learning 

brought significant advancements, with architectures like 

Recurrent Neural Networks (RNNs), Long Short-Term 

Memory (LSTM) networks, and Transformer models 

achieving superior contextual understanding in speech data. 

Popular frameworks such as Google Speech-to-Text, 

DeepSpeech, and Whisper demonstrate high real-time 

transcription accuracy. Transfer learning further boosted 

performance by fine-tuning pre-trained models on domain-

specific datasets such as finance and trading.Despite these 

advances, most existing voice recognition systems are general-

purpose and lack specialization needed for stock trading. They 

often omit critical features such as instant order validation, 

integration with broker APIs, and real-time risk management. 

Several voice-enabled trading assistants exist, mainly focusing 

on basic order execution via mobile apps. However, these tend 

to exclude comprehensive risk checks, authentication, or 

decision support, posing security and usability risks.More 

recent research explores hybrid models combining speech 

recognition with NLP-driven intent classification and rule-

based validation to enhance robustness and minimize 

misinterpretations. 

 

 
Fig. 1. Architectural Diagram 

Some systems also integrate AI-based sentiment 

analysis and IoT-enabled dashboards for improved trader 

decision-making. Nevertheless, these often require significant 

computational resources and lack deployment readiness for 

typical retail investors.In summary, while previous studies 

demonstrate the utility of voice recognition and NLP for task 

automation, the literature reveals a gap in integrating real-time 

risk management, secure broker API connectivity, and user-

friendly deployment specifically tailored for financial trading. 

This gap motivates the development of the Smart Voice Trade 

(SVT) system, which combines advanced speech-to-text 

recognition, intent extraction, trade execution, and risk 

validation into an accessible web-based trading assistant. 

 

III. METHODOLOGY 

 

The proposed Voice Recognition Trading System 

involves a multi-stage methodology consisting of the 

following major steps: 

 

1. Data Acquisition 

 

o Voice commands are collected from a 

diverse group of users representing different 

accents, speech rates, and languages. 

o The dataset includes various trading-related 

phrases such as buy, sell, quantity, and price 

instructions. 

o Audio samples are recorded using different 

devices and environments to simulate real-

world variations. 

 

2. Preprocessing 

 

o Captured audio signals undergo noise 

reduction and voice activity detection to 

improve clarity. 

o Audio files are segmented, and silence 

regions are removed to optimize model 

input. 

o Voice signals are converted to spectrograms 

or Mel-frequency cepstral coefficients 

(MFCCs) as features for acoustic modeling. 

 

3. Speech-to-Text Conversion 

 

o The preprocessed audio inputs are 

transcribed using state-of-the-art Automatic 

Speech Recognition (ASR) systems such as 

Whisper or Google Speech-to-Text. 

o Confidence scoring is applied to filter low-

confidence transcriptions, and human 



IJSART - Volume 12 Issue 05 – MAY 2026                                                                                       ISSN [ONLINE]: 2395-1052 
 

Page | 163                                                                                                                                                                     www.ijsart.com 

 

fallback or repetition requests are 

implemented as needed. 

 

4. Natural Language Processing (NLP) 

 

o Transcribed texts are normalized, tokenized, 

and passed to an NLP pipeline. 

o Intent classification with deep learning 

models (BERT, DistilBERT) determines 

user intention, e.g., buy, sell, query price. 

o Named Entity Recognition (NER) extracts 

key trading parameters such as asset names, 

quantity, and price types. 

 

5. Command Validation and Risk Management 

 

o Recognized commands are checked for 

validity—e.g., valid ticker symbols, positive 

quantities. 

o Pre-trade validation ensures user account 

balance sufficiency and checks for trading 

limits or market restrictions. 

o Risk management rules prevent high-risk 

trades or suspicious activity. 

 

6. Trade Execution 

 

o Validated commands are converted into 

broker API calls asynchronously. 

o The system monitors trade status and 

provides real-time feedback or error 

messages. 

 

7. User Feedback and Visualization 

 

o Upon trade execution or query response, the 

system generates auditory and visual 

feedback. 

o Market data charts and receipts are 

optionally presented for confirmation. 

 

8. System Implementation 

 

o The complete pipeline is deployed as a web 

application using Python frameworks 

(Flask/Django). 

o The architecture supports modular 

component integration and scales to multiple 

concurrent users. 

o Data flow is secured via encrypted 

communication protocols. 

 

 
Fig. 2. Methodology diagram 

 

IV. EXPERIMENTS AND RESULTS 

 

The evaluation involved a curated dataset consisting 

of thousands of voice commands collected from users of 

varied demographic backgrounds encompassing different 

accents, speech rates, and environment noises. These 

recordings simulated real-world trading requests such as "Buy 

100 shares of Tesla at market price" or "Sell 50 units of 

Bitcoin at limit price," ensuring the system was challenged 

with a broad spectrum of command complexities. 

 

The VRTS was subjected to multiple testing 

environments, including quiet settings to assess baseline 

performance, as well as noisy conditions replicating common 

disruptive sounds of urban and office environments. The 

performance metrics considered included command 

recognition accuracy, intent classification precision, recall, F1-

score, and latency from voice input to trade execution 

confirmation. 

 

The VRTS was subjected to multiple testing 

environments, including quiet settings to assess baseline 

performance, as well as noisy conditions replicating common 

disruptive sounds of urban and office environments. The 

performance metrics considered included command 

recognition accuracy, intent classification precision, recall, F1-

score, and latency from voice input to trade execution 

confirmation. 
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Fig.3. Dashboard 

 

A. Experimental Setup 

 

 The system was tested using a curated dataset 

comprising over 5,000 voice samples representing 

real-world trading commands. The dataset was 

designed to capture variations in speaker accent, 

speech rate, and environmental noise conditions. 

Experiments were performed in two primary settings: 

controlled quiet environments and simulated noisy 

backgrounds, to assess the system’s resilience under 

different operational conditions. 

 The experiments were implemented on a system with 

an Intel i7 processor, 16 GB RAM, and a standard 

GPU to simulate realistic computational resources 

available in trading environments. Preprocessing 

steps included noise reduction, normalization of 

audio amplitude, and voice activity detection to 

segment commands accurately. 

 

B. Experimental Procedure 

 

 Each voice sample was input into the VRTS, and the 

system’s response was recorded. The evaluation was 

carried out in four main stages: 

 Command Recognition: Assessing whether the 

system correctly transcribed the spoken command. 

 Intent Classification: Determining if the system 

accurately identified the user’s trading intent (e.g., 

buy, sell, cancel, or modify order). 

 Trade Execution: Measuring the latency between 

recognized commands and actual execution in the 

simulated trading environment. 

 Risk Management Verification: Evaluating the 

system’s ability to detect and block commands that 

could lead to erroneous trades, such as conflicting or 

incomplete instructions. 

 

C. Performance Metrics 

o The following metrics were recorded to 

quantify system performance: 

 

C. Command Recognition Accuracy (CRA): 

 

Percentage of commands correctly recognized. 

 

 Precision and Recall: Precision measured the 

proportion of correctly identified commands over 

total identified commands, while recall measured the 

proportion of correctly identified commands over the 

total actual commands. 

 Average Latency: Time (in milliseconds) from voice 

input to trade execution. 

 

 
Fig 4. Voice Trading 

 

 
Fig.5. Performance Metrics of Voice Recognition Trading 

System Under Various Test Scenarios 

 

1. Accuracy 

 

 
where: 

o 𝑇𝑃 = True Positives (correctly identified 

commands) 
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o 𝑇𝑁 = True Negatives 

o 𝐹𝑃 = False Positives (wrongly identified 

commands) 

o 𝐹𝑁 = False Negatives (missed commands) 

 

2. Precision 

 

 
 

 
Fig. 6. Graph(Voice Trading System Performance Across Test 

Scenarios) 

 

Precision indicates how many of the predicted 

positive commands are correctly identified. 

 

3. Recall 

 

 

 
 

Recall measures how many of the actual positive 

commands were correctly identified. 

 

4. F1-Score 

 

 
 

The F1-Score is the harmonic mean of precision and 

recall, balancing both. 

 

5. Latency Calculation 

 

The latency 𝐿 of the system is measured as: 

 

 

where: 

 

1. 𝑡input = time when voice command input is received, 

2. 𝑡execution = time when the trade execution confirmation 

is completed. 

 

V. CONCLUSION AND FUTURE WORK 

 

This paper presented an AI-powered Voice 

Recognition Trading System aimed at lowering barriers to 

financial market participation by enabling voice-driven trade 

execution. By leveraging state-of-the-art natural language 

processing integrated seamlessly with broker APIs, the system 

demonstrated exemplary accuracy in command recognition, 

reaching 96.2% in controlled quiet environments. It 

maintained commendable robustness even in challenging 

conditions involving diverse accents and background noise, 

validating its real-world applicability. 

 

Crucially, the system integrated real-time risk 

management protocols that effectively precluded erroneous or 

potentially harmful trade executions. This aspect significantly 

enhances user trust and operational reliability, key factors 

indispensable for financial applications. The experimental 

evaluation showcased the system's ability to operate with low 

latency—under 220 milliseconds—which is critical for fast-

paced financial markets demanding instant response times. 

 

Further research will focus on enhancing robustness 

in extraordinarily noisy environments and fast speech 

scenarios, ensuring dependable operation under all conditions. 

Offline speech recognition functionalities will also be 

developed to sustain system usability in low or intermittent 

internet connectivity regions, widening the system's 

applicability. Moreover, embedding AI-driven predictive 

trading advisory features will elevate the system from a mere 

execution tool to an intelligent assistant, empowering users 

with data-driven investment insights for informed decision-

making. 

 

In conclusion, the proposed voice trading platform 

marks a significant step towards fostering an accessible, 

secure, and scalable trading ecosystem that aligns with the 

evolving demands of modern investors. By democratizing 

financial market access and bridging existing technological 

divides, this system holds promise to transform traditional 

trading paradigms and contribute towards more inclusive, 

technology-enabled economic participation worldwide. 

 

This expanded content provides a comprehensive 

view of the paper's significance, achievements, and future 

directions with detailed context and relevance. Let me know if 
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you want it tailored further or formatted for academic 

submission.This paper introduced an AI-powered Voice 

Recognition Trading System designed to lower entry barriers 

and foster broad participation in financial markets by enabling 

intuitive, voice-driven trade execution. Leveraging cutting-

edge natural language processing integrated smoothly with 

broker APIs, the system achieved a high command recognition 

accuracy of 96.2% in quiet environments and maintained 

robust performance against diverse accents and noisy settings. 

Its real-time risk management component successfully 

thwarted erroneous trades, bolstering user trust and 

operational reliability indispensable for financial services. 

Experimental validation also demonstrated low average 

latency under 220 milliseconds, critical for dynamic, timely 

order processing. 

 

Ultimately, the proposed voice trading platform 

layrobust foundation for an accessible, secure, and scalable 

trading ecosystem that meets the needs of modern investors. 

By democratizing trading access and bridging technological 

gaps, it paves the way for a more inclusive financial future, 

redefining how markets engage with diverse populations 

worldwide. 
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