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Abstract: The financial markets are characterized by high volatility, where retail traders often suffer significant capital 

losses due to emotional decision-making, cognitive bias, and inadequate risk management strategies. This paper presents 

TradeAi Pro, a comprehensive web-based algorithmic trading support system designed to democratize institutional-

grade market analysis. By combining Computer Vision (OCR) for automated asset recognition with a Hybrid Machine 

Learning architecture (integrating XGBoost classifiers and Long Short-Term Memory neural networks), the system 

bridges the gap between raw market data and actionable trading insights. A distinguishing feature of the platform is its 

automated "Risk Logic Engine," which strictly enforces a 1:2 Risk-to-Reward ratio by dynamically calculating Stop 

Loss and Take Profit levels based on the asset's Average True Range (ATR). Furthermore, the application includes an 

interactive AI Trading Coach and an automated journaling module. Ultimately, this framework ensures that trading 

decisions are data-driven, mathematically sound, and minimized for psychological bias. 
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I. INTRODUCTION 

The rapid democratization of financial markets has led to a surge in retail trading participation. However, statistics 

indicate that a vast majority of these traders fail due to a lack of disciplined strategy and the psychological inability to 

manage risk effectively. Traditional technical analysis tools often function as passive charting software, leaving the 

complex burden of interpretation and calculation entirely on the user. 

This project introduces TradeAi Pro, a sophisticated decision-support system designed to transform the chaotic trading 

environment into a structured, data-backed workflow. By integrating Deep Learning architectures—specifically LSTM 

for time-series forecasting and XGBoost for trend classification—with a Computer Vision (OCR) module, the 

system mimics the analytical process of a professional quantitative analyst. It processes multimodal inputs, including raw 

chart images and historical OHLCV market data, to identify high-probability setups. 

Furthermore, the system addresses the critical need for Risk Management by automating position sizing and stop-loss 

placement based on market volatility (ATR). Beyond signal generation, the platform features an interactive AI Trading 

Coach powered by Large Language Models (LLM) to provide real-time educational feedback, ensuring that the AI’s 

predictions are not only accurate but also interpretable and actionable for the user. 

1.1 Project Description                                                                                                                                                   

This project implements a web-based Hybrid AI Trading System that integrates machine learning models with a robust 

risk management engine. By synthesizing technical indicators (RSI, MACD) with pattern recognition, the system 

provides high-fidelity "BUY" or "SELL" signals. It ensures transparency through an AI Reasoning Engine that explains 

the logic behind every signal (e.g., "RSI Divergence detected"). Furthermore, it includes a Trade Journaling Module 

for performance tracking and an AI Coach for educational guidance. This holistic framework effectively bridges the gap 

between complex algorithmic trading and accessible retail investment tools.  

1.2 Motivation 

The motivation for this project is driven by the urgent need to solve the "psychological gap" in retail trading. Current 

trading tools either provide raw data without context or "black-box" signals without explanation. TradeAi Pro aims to fill 

this void by offering a transparent partner that enforces discipline. By automating the mathematical aspects of trading—

such as calculating the exact lot size to risk only 1% of capital—the system protects traders from their own emotional 

biases. Additionally, providing an interactive "Coach" helps bridge the gap between theoretical knowledge and real-world 

application, fostering a culture of continuous learning 

 

                                                                                  II. RELATED WORK                         
 

Paper [1 explores traditional Time-Series models like ARIMA for stock price prediction. Although these approaches are 

statistically sound for linear trends, they often fail to capture the non-linear volatility inherent in modern crypto and forex 

markets. 
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Paper [2] investigates the use of standalone Convolutional Neural Networks (CNNs) for chart pattern recognition. While 

effective at identifying visual shapes like "Head and Shoulders," these models lack the ability to analyze numerical market 

depth and volume data simultaneously. 

 

Paper [3] introduces Hybrid Ensemble learning as a solution for financial forecasting. The study demonstrates that 

combining gradient boosting (XGBoost) with recurrent neural networks (RNNs/LSTMs) significantly outperforms 

single-model architectures by capturing both short-term noise and long-term trends. 

 

Paper [4] emphasizes the importance of risk management in algorithmic trading systems. It highlights that even models 

with high accuracy fail if they do not incorporate dynamic position sizing and volatility-adjusted stop losses. 

 

                                                                      III.  METHODOLOGY 

A. System Environment      

                                                                                                                                                                                        

The experimental environment is designed to operate as a responsive web application accessible via standard 

browsers. The system follows a Client-Server Architecture. The Frontend (Client) is built using HTML5/CSS3 with 

a "Glassmorphism" UI for visualization. The Backend (Server) is powered by Python Flask, which orchestrates the 

data flow between the AI models, the SQLite database, and the Twelve Data API. 

 
Fig.1.Flowchart of methodology 

 

B. Hybrid AI Architecture                     

 

• Input Processing (OCR): The system uses OpenCV to extract ticker symbols (e.g., "BTC/USD") directly from 

uploaded chart images, eliminating manual entry errors. 
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• Trend Classification (XGBoost): A Gradient Boosting classifier analyzes tabular technical indicators (RSI, ADX, 

Bollinger Bands) to classify the immediate market trend (Bullish/Bearish). 

 

• Sequence Prediction (LSTM): A Long Short-Term Memory network processes the last 60 periods of price data 

to predict future price direction based on sequential patterns. 

 

• Ensemble Logic: The outputs of both models are weighted and combined to produce a single Confidence Score 

(0-100%). 

 

C. Adaptive Risk Logic Mechanism: Unlike standard bots, TradeAi Pro includes a mathematical safety layer. The 

Risk Logic Engine automatically calculates the Average True Range (ATR) of the asset. It then sets a Stop Loss at 

1.5x ATR and a Take Profit at 3.0x ATR from the entry price, strictly enforcing a 1:2 Risk-to-Reward Ratio. 

D. Implementation Flow 

1. User Input: User uploads a chart or enters a symbol via the Dashboard. 

2. Data Acquisition: System fetches live OHLCV data via the Twelve Data API (REST endpoints). 

3. AI Inference: The Hybrid Model (XGBoost + LSTM) runs predictions on the normalized data. 

4. Risk Computation: The logic engine calculates Entry, Stop Loss, and Position Size. 

5. Visualization: Results are rendered on the dashboard with an interactive "Explain Signal" chat option. 

E. Hardware and Software Requirements 

• Hardware: Standard Workstation (8GB RAM recommended), Internet Connection for API access.  

• Software: Python 3.10+, Flask (Backend), TensorFlow/Keras (AI Models), SQLAlchemy (Database), OpenCV 

(Image Processing). 

 

                                          IV. SIMULATION AND EVALUATION FRAMEWORK  

 

This section describes the overall system design, simulation process, and evaluation strategy adopted for the proposed 

TradeAi Pro platform. The system combines Hybrid Artificial Intelligence with automated risk management logic to 

enable disciplined and scalable financial monitoring in retail trading environments. The framework is implemented using 

Python as the primary control and orchestration layer, enabling coordinated data acquisition, secure model inference, and 

real-time trend detection across diverse asset classes. 

 

A. System Architecture and Workflow The proposed architecture is designed to detect high-probability trading 

setups efficiently while ensuring that sensitive user data and trade journals remain secure within the local environment. 

The major components of the system are summarized as follows: 

 

• Client-Side Interface: The user interacts through a responsive web dashboard built with HTML5/CSS3. This 

node handles image uploads for OCR analysis and displays the final "Signal Card" and risk calculations. 

 

• Application Server (Orchestrator): The Flask-based backend coordinates the logic. It receives raw data from 

the Twelve Data API, normalizes it, and routes it to the AI inference engine. 

 

• Hybrid Analysis Module: This core component integrates the XGBoost Classifier (for immediate trend 

identification) and the LSTM Network (for sequential price forecasting). It aggregates these distinct outputs into 

a unified "Confidence Score." 

 

• Risk Logic Engine: A rule-based module that strictly enforces the 1:2 Risk-to-Reward ratio. It 

dynamically calculates the Average True Range (ATR) to set precise Stop Loss levels, removing human 

emotional bias from the equation. 

B. Simulation Setup The simulation environment is designed to emulate a realistic trading desk setup. The system    

evaluates the effectiveness of the proposed Hybrid AI approach under diverse market conditions. 
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• Data Modeling: The system was tested using high-frequency historical data (1-minute and 1-hour timeframes) 

for major assets like Bitcoin (BTC/USD) and Gold (XAU/USD). This ensures the model is robust against both 

crypto volatility and commodities stability. 

• Scenario Generation: To assess reliability, the system was subjected to simulated "Stress Tests" representing 

various market phases: 

• Trending Markets: To verify if the XGBoost model correctly identifies strong directional momentum. 

• Ranging/Choppy Markets: To test if the LSTM model can detect consolidation and prevent false           

signals. 

 

C. Results and Observations  

  Diagnostic Performance: The Hybrid AI model successfully identified trend reversals with a high degree 

of confidence, often spotting divergence patterns before they became visually obvious. 

  Risk Compliance: The Position Size Calculator effectively prevented "account blowouts" by limiting risk 

to 1-2% per trade, even during simulated market crashes. 

  User Interaction: The "AI Trading Coach" provided accurate, context-aware explanations for generated 

signals, confirming its value as an educational tool. 

 

 
Fig. 2. AI Analysis Result and Signal Generation 

 

Model Adaptability and Convergence: 

The integration of XGBoost and LSTM allowed the system to adapt to different asset classes. The Confluence 

Check (checking 1H, 4H, and Daily timeframes) proved critical in filtering out false positives, ensuring that signals 

were only generated when multiple timeframes aligned. 
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Fig. 3. Risk Management and Position Sizing Module 

 

Impact on System Efficiency: 

• Speed: Analysis time was reduced from ~15 minutes (manual calculation) to <3 seconds (AI automation). 

• Discipline: The automated journal and risk calculator forced adherence to the trading plan, eliminating 

impulsive decisions. 

 

 
       Fig. 4. Student Learning Lab Workflow 

                                                              

https://ijarcce.com/
https://ijarcce.com/


ISSN (O) 2278-1021, ISSN (P) 2319-5940 IJARCCE 

International Journal of Advanced Research in Computer and Communication Engineering 

Impact Factor 8.471Peer-reviewed & Refereed journalVol. 15, Issue 1, January 2026 

DOI:  10.17148/IJARCCE.2026.15186 

© IJARCCE                This work is licensed under a Creative Commons Attribution 4.0 International License                 653 

V.       RESULTS AND DISCUSSION 

 

The experimental evaluation of TradeAi Pro demonstrates its effectiveness in creating a disciplined trading environment. 

By achieving a testing accuracy consistent with institutional benchmarks, the system proves that Hybrid AI can 

effectively assist retail traders.The integration of the Risk Logic Engine is visually verified through the Signal Card (Fig. 

2), which explicitly lists the "Risk:Reward Ratio" and "Confidence Score." This transparency allows the user to make an 

informed decision rather than blindly following a bot. Furthermore, the Trade Journal (Fig. 3) provides empirical evidence 

of performance, tracking the Win Rate and Total P&L over time. The "Glassmorphism" UI ensures that this complex 

data is presented in a clean, readable format, reducing cognitive load.Ultimately, these findings suggest that synthesized 

AI analysis, when combined with strict mathematical risk management, provides a robust framework for consistent 

profitability. 

 

VI. CONCLUSION 

This paper presented TradeAi Pro, a novel algorithmic trading support system designed to bring transparency and 

discipline to retail trading. By combining Deep Learning architectures with a rule-based Risk Logic Engine, the system 

enables robust multi-timeframe analysis. Simulation results demonstrated that the system not only identifies high-

probability setups but also actively protects user capital through automated position sizing. The addition of the AI 

Trading Coach transforms the platform from a simple tool into a comprehensive educational ecosystem. 

 

VI. FUTURE WORK 

The future work for this project will focus on Direct Broker Integration, allowing for "One-Click Execution" where the 

system automatically places the orders and stop-losses on the exchange (e.g., Binance, Zerodha). I plan to incorporate 

NLP-driven Sentiment Analysis to scan financial news (Twitter/Bloomberg) and invalidate technical buy signals during 

bearish economic events. Additionally, a mobile application using React Native will be developed to provide push 

notifications for real-time price alerts. 
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