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Abstract: It presents a challenge in the trading activities 

of stock prices in the manufacturing sector because most 

traditional methods for trading are incapable of 

responding effectively and rapidly to changing market 

conditions. This paper attempts to propose a stock 

market trading algorithm based on custom strategies 

developed using Keltner Channel and Simple Moving 

Average (SMA) indicators. The purpose is to boost 

trading performance through automated buy and sell 

signals that ensure timely entry and exit into the market. 

The approach incorporates real-time data through 

platforms like Trading View and Google Colab, while 

utilizing Python libraries including pandas, matplotlib, 

pandas_ta, and yfinance. This algorithm will optimize 

returns and minimize risks for traders in the 

manufacturing sector. It will further provide adequate 

resource allocation, eliminate the error rate in manual 

trading, and help with actioning insights for long-term 

market planning. 

 

INTRODUCTION 

 

The manufacturing sector's stock trading is 

characterized by unpredictable price movements, 

which makes it difficult for investors to achieve stable 

profits. Traditional trading strategies are usually based 

on historical data and manual decision-making, which 

are not precise enough to navigate rapid market shifts. 

To address this, we propose a software-based trading 

algorithm tailored to manufacturing stocks. This 

algorithm aims to combine established financial 

indicators with custom rules to improve decision-

making accuracy. By automating trade execution and 

enhancing predictive capabilities, the algorithm seeks 

to mitigate human biases, enhance scalability, and 

reduce emotional trading tendencies that drive less 

consistent profitability. It is geared toward the growing 

need for swift algorithmic trading solutions that 

respond to complex market dynamics. 

 

Illustration   

Example the below figure shows how the trading 

algorithm works: 

 

Data Gathering: This involves gathering live stock 

data with the help of finance. Data points used include 

opening and closing prices, volume, and market 

capitalization. It can also incorporate additional data 

points like economic reports and sector-specific news 

to facilitate better decision-making. 

Indicators Calculation: Calculating Keltner Channel 

and SMA indicators by using pandas_ta. This is the 

step that analyzes moving averages, volatility bands, 

and identifies the market trend. The algorithm cross-

verifies the signals by combining different time frames 

to confirm the market trends. 

Signal Generation: Automated buy/sell signals    

generated based on predefined thresholds to detect 

overbought or oversold conditions. The algorithm 

considers multiple indicators, reducing the chances of 

false signals through confirmation from multiple data 

points. 

Execution: The trade is executed with the help of 

Trading View integration, which means that signals 

are acted upon in real-time to capitalize on the market 

movement. The execution strategy includes stop-loss 

measures and trailing profits to protect gains and 

minimize losses. 

Backtesting: The algorithm is evaluated on Google 

Colab by simulating historical market conditions to 

refine strategies and improve accuracy. Sensitivity 

analysis is conducted to test the robustness of the 

algorithm under different market conditions.  

Existing Approaches:  

Advantages  

1)Simple and easy to implement. 

2)History of reliability in stable markets; thus, useful 

for long-term investments. 

3)Suits long-term investors well because it enables 

slow and steady growth of wealth. 

4)Low technology and training cost for the start, hence 

easily accessed by a new investor. 

 

Limitation: 
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1)very poor adaptation to volatile markets. It means the  

investor may lose opportunities or suffer losses. 

2)Delayed response to high-speed price movements, 

thus potential gains are reduced. 

3)Over-reliance on history, which could be an 

overestimation of future market action. 

4)It has no automation features, thereby raising the 

chance of human error and subjective judgment. 

5)It has very limited scalability to apply on many 

stocks or sectors at one time.   

 

LITERATURE REVIEW 

 
 

Proposed Method 

The proposed algorithm overcomes all these 

limitations, as it considers real-time analysis of data, 

along with automation of trading signals. The 

intersection of Keltner Channel with SMA indicators 

means that the trend in the markets can be known and 

buy/sell signals in time can be generated. With this 

approach, the adaptability to market fluctuations is 

enhanced even more. A dynamic threshold 

mechanism is also involved in the proposal, which 

helps modify entry and exit points according to the 

changing markets. This dynamic capability ensures 

that during times of major market turbulence, the 

algorithm keeps its effectiveness and takes into 

consideration anomalies like flash crashes and high-

speed rebounds so that the potential risks from these 

extreme movements may be minimized as much as 

possible during the decision process. 

 

Objectives 

1)Develop an automated trading algorithm for 

manufacturing stocks that is consistent in its 

performance. 

2)Optimize market entry/exit timing with custom 

strategies that are informed in real-time by data. 

3)Reduce trading risks with financial indicators and 

automated execution. 

4)Scale up with the ability of the algorithm to handle 

multiple stocks at a time. 

5)Give comprehensive analytics that will help the 

trader understand market behavior and enhance future 

strategies. 

6)Set up a feedback loop to continue refining the 

algorithm based on new market data. 

 

Overview of Proposed Algorithm 

The algorithm in the paper suggests improving the 

trading performance for stock shares related to the 

manufacturing industry by implementing a 

combination of the Keltner Channel and the Simple 

Moving Average indicators. The concept refers to real-

time data analysis, automatic generation of signals, 

and further optimising the trade executions. 

 

Components of Proposed Algorithm 

1)Indicators Used 

Keltner Channel: A volatility-based indicator for 

finding whether it is overbought or oversold. 

Simple Moving Average (SMA): This is used to 

smooth price data and identify long-term trends. 

 

2). Signal Generation: 

Buy signal is generated when the stock price crosses 

above the upper Keltner Channel band. 

Selling signal is generated when the price crosses 

below the lower Keltner Channel band. 

Further trend confirmation can be derived from SMA 

crossovers. 

 

3). Trade Execution: 

The algorithm can be integrated with platforms like 

TradingView for real-time execution. 

The stop-loss and trailing profit mechanisms are used 

for effective risk management. 

 

4). Backtesting 

The algorithm is backtested with historical stock data 

in Google Colab for better performance optimization. 

Sensitivity analysis is performed for robustness with 

changing market conditions. 

 

5)Dynamic Features: 

Dynamic Threshold Mechanism: Adjusts entry and 

exit points as per the market conditions to make it more 

adaptable. 
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Cross-Timeframe Signal Verification: Combines 

multiple timeframes to reduce false signals. 

Real-Time Adaptability: Uses live data for decision-

making, unlike traditional algorithms that rely solely 

on historical data. 

 

Performance comparison of the SMA Strategy and the 

Proposed Algorithm on key metrics: 

1. Return on Investment (ROI): The proposed 

algorithm resulted in a higher ROI, meaning better 

profitability. 

2. Sharpe Ratio: The proposed algorithm resulted in a 

superior risk-adjusted return. 

3. Win Rate: It also resulted in a higher percentage of 

profitable trades compared to the SMA strategy. 

4. Maximum Drawdown: The proposed algorithm 

showed a lesser maximum drawdown, which signifies 

good risk management. 

This analysis demonstrates that the proposed 

algorithm outperforms the basic SMA crossover 

strategy in terms of both returns and risk control. 

 

 
 

METHODOLOGY 

Software Tools: Cloud-based Google Colab for run 

and backtest-a flexible, wide environment for vast data 

processing capabilities. 

Data source: yfinance provides real-time, current stock 

pricing information for relevant analysis. Utilize 

historical sets of data to develop and test their 

strategies. Connect to external APIs to retrieve 

additional available data. 

Libraries: pandas, numpy, matplotlib, pandas_ta for 

data analysis and visualization to create intuitive charts 

and performance reports. TensorFlow might be used in 

more advanced pattern recognition and enhancements 

of machine learning. 

Algorithm Development: Custom rules combining 

Keltner Channel and SMA indicators, with layered 

logic to identify short-term trends and long-term 

opportunities. Machine learning models may be added 

to enhance predictive accuracy over time. 

Testing and Evaluation: Backtesting against historical 

data to check the performance, followed by actual 

trading in demo accounts to prove real-world viability. 

A/B testing in various markets ensures flexibility and 

scalability , 

Advantages over Existing Methods:  

1)Real-time adaptability. 

2)Automated execution with reduced human error. 

3)Scalability for multiple stocks. 

4)Incorporation of machine learning to improve 

predictive accuracy. 

 

Similarities: 

1)Both platforms are algorithmic trading, with a focus 

on real-time data processing and  automation. 

2)Use of Keltner Channel and SMA indicators for 

signal generation. 

3)Use of Google Colab for backtesting and yfinance 

for data sourcing. 

4)Scalable, high-speed trading with robust risk 

management modules. 

 

Differences: 

1)AlgoUltron has the following advanced features: 

2)Event-driven architecture with asynchronous      

multi-threaded execution. 

3)Low-level hardware acceleration for latency 

reduction. 

4)High-throughput data ingestion using Redis and 

Kafka. 

5)AI-based strategy builder with reinforcement 

learning for continuous optimization. 

6)AlgoUltron would add on quantum computing 

capabilities to take improvements further. As opposed 

to it, the present document's focus is on purely classical 

trading. 

 

AlgoUltron would involve trade in block chains and 

cryptocurrency apart from stocks trading. Capstone 

project focuses exclusively on manufacturing sectors' 

stock price prediction. 

 

Key Innovations Highlighted 

1)Dynamic Threshold Mechanism: Adjusts the entry 

and exit points with fluctuations in the market. 

2)Cross Verification of Signals: This minimizes false 

signals, as trends verified across time frames. 

3)Feedback Loop for Strategy Refinement: Improves 
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strategy over time, given real-   time information 

from the markets. 

 

Potential Enhancements 

Consider multi-sector adaptability beyond 

manufacturing. 

Add sentiment analysis and deep learning models for 

improved forecasting. 

Look into HFT features similar to AlgoUltron for 

increased accuracy and speed. 

 

Platform Features: 

1)High-speed execution with sub-50ms latency. 

2)Real-time risk management updates every 200ms. 

3)Reinforcement learning for strategy optimization. 

 

OUTCOME 

This is going to be an algorithm that provides:  

1)Higher precision in trading with reduced 

dependency on intuitive human decisions. 

2)Better capturing of profitable trades through real-

time analysis and execution, especially in a volatile 

market environment. 

3)Better return consistency for manufacturers trading 

through better control of risk against reward. 

4)It will help make the process much more efficient; 

traders can dedicate more time refining strategy, 

allowing the algorithm to execute the rest. 

5)Potential wider applicability into other sectors of the 

economy. 

 

CONCLUSION 

In regard to overcoming the legacy trading 

methodologies, this proposed algorithm applies a usage 

of custom trading strategies based on Keltner Channel 

and SMA indicators. It combines a real-time data 

analysis with an automated decision-making module to 

promise better performance in trading; thus, it offers an 

attractive tool to help traders find the best way through 

the jungle of manufacturing sector complexity. With 

further development and refinement, the algorithm is 

well suited to revolutionize automated trading, which 

will stabilize the market and help traders succeed. 

Future versions of the algorithm can further strengthen 

its forecasting capabilities through deep learning 

techniques and the integration of sentiment analysis. 
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