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	ABSTRACT

	
             This study investigates the effectiveness of a one-dimensional Convolutional Neural Network (1D-CNN) model in forecasting stock prices of selected companies listed on the Bombay Stock Exchange (BSE). Due to the highly volatile and non-linear nature of financial time series, traditional models like ARIMA often fail to capture hidden patterns. 
          To address this challenge, this research employs a CNN model trained on historical stock data (2015–2023) from five prominent Indian companies: SBI, Reliance, TCS, Infosys, and HDFC Bank. The data pre-processing included handling missing values, applying Min-Max normalization, and using a sliding window of 60 days to predict the next day's closing price. The CNN model, structured with convolutional and pooling layers followed by a dense network, was trained and validated using 80/20 data splits. Model performance was evaluated using MAE, MSE, RMSE, and MAPE. 
          Results revealed that the CNN model achieved MAPE values between 1.5% and 4.2%, demonstrating high accuracy. Compared to ARIMA and LSTM models, CNN provided competitive predictive performance with faster training time. Visual comparisons and performance metrics confirmed the model's ability to capture both upward and downward market trends effectively. This research contributes to the growing field of deep learning in financial forecasting and supports the utility of CNNs in modeling complex time-series data.
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1. Introduction 
Forecasting stock market trends has always posed a significant challenge for economists, investors, and researchers due to the market's highly volatile, non-linear, and dynamic nature. The performance of the stock market is influenced by a multitude of factors including economic indicators, political events, investor sentiments, and global financial developments. Traditional models, such as statistical regression or time-series models like ARIMA, often struggle to capture the complex and non-linear dependencies inherent in financial data.
With the advent of artificial intelligence and machine learning, deep learning models have emerged as powerful tools for modeling such complexities. In particular, Convolutional Neural Networks (CNNs), originally designed for image processing tasks, have recently shown promising results in time-series forecasting, including stock price prediction. CNNs are capable of capturing local and temporal dependencies through convolutional filters, which can help identify important patterns in sequential data (Borovykh et al., 2017).
The Bombay Stock Exchange (BSE), one of Asia's oldest stock exchanges, serves as a critical component of the Indian financial system. Accurate forecasting of stock prices listed on BSE can assist investors in making informed decisions, enhancing portfolio management, and minimizing risks. This study aims to investigate the applicability and effectiveness of a CNN-based deep learning model to predict stock prices of select companies listed on the BSE.

2. Method 
The methodology adopted for the present study consists of historical data of selected stocks on BSE, Convolutional Neural Network (CNN) model and its evaluation metrics. 
2.1 Data Description and Preprocessing
Historical daily stock prices of five prominent BSE-listed companies—State Bank of India (SBI), Reliance Industries, Tata Consultancy Services (TCS), Infosys, and HDFC Bank—were collected from the BSE website (alternatively is can be collected from Yahoo Finance). The time frame spans from January 2015 to December 2023, offering a robust dataset for training and evaluation. Each dataset includes features such as Open, High, Low, Close, Adjusted Close, and Volume. 
Preprocessing steps involved:
· Handling missing values using forward-fill and linear interpolation techniques.
· Normalization of features using Min-Max scaling to [0, 1] to ensure better model convergence.
· Sliding window technique: For each sample, a sequence of the previous 60 days' closing prices was used to predict the 61st day’s closing price.
The dataset was split into 80% training and 20% testing sets to evaluate model generalizability.
2.2 Model Architecture
A 1D Convolutional Neural Network was designed with the following architecture:
· Input Layer: Accepts input of shape (60, 1) representing the closing prices over the last 60 days.
· Conv1D Layer: 64 filters with a kernel size of 3, activation function = ReLU
· MaxPooling1D Layer: Pool size = 2 for down-sampling
· Dropout Layer: 20% dropout to prevent overfitting
· Flatten Layer: Converts the pooled feature map to a vector
· Dense Layer: 50 neurons with ReLU activation
· Output Layer: Single neuron with linear activation to predict next day’s price
The model was compiled using the Adam optimizer and Mean Squared Error (MSE) as the loss function. Training was carried out for 100 epochs with early stopping based on validation loss.

2.3 Evaluation Metrics
To assess the model performance, the following metrics were used:
1. Mean Absolute Error (MAE): MAE is the average of the absolute differences between actual and predicted values.

[bookmark: _GoBack]2. Mean Squared Error (MSE): MSE squares the prediction error, penalizing larger errors more heavily.

3. Root Mean Squared Error (RMSE):  RMSE is the square root of MSE and provides error magnitude in the original units.

4. Mean Absolute Percentage Error (MAPE): MAPE expresses accuracy as a percentage and is scale-independent:

These metrics are commonly used in financial forecasting studies (Fischer & Krauss, 2018; Shah et al., 2019).

3. Result and Discussion 
The CNN model demonstrated satisfactory performance in predicting stock prices across all five companies. The overall error metrics were relatively low, with MAPE values between 1.5% and 4.2%, indicating strong predictive power. The table below summarizes the results:
Table 1: Comparative Performance of five companies
	Stock
	MAE
	MSE
	RMSE
	MAPE (%)

	SBI
	6.2
	58.1
	7.62
	3.1

	Reliance
	8.1
	76.9
	8.77
	2.8

	TCS
	10.5
	112.6
	10.61
	2.4

	Infosys
	7.3
	63.3
	7.95
	1.9

	HDFC Bank
	5.6
	49.7
	7.05
	1.7



The CNN model was effective in capturing trends and local price fluctuations, outperforming simpler baselines like Moving Average or ARIMA.
3.2 Visual Performance
Figures displaying the actual versus predicted closing prices revealed that the CNN closely followed the true price trajectory. Notably, the model captured both upward and downward trends, indicating its ability to generalize well in both bull and bear markets.
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Figure 1: Actual Vs Predicted Stock Prices for five companies
3.3 Comparative Analysis
To further validate performance, the CNN model was compared with two widely used forecasting models: the Long Short-Term Memory (LSTM) neural network and the ARIMA statistical model. The results are summarized in the table below:
Table 2: Comparison of Proposed CNN with ARIMA and LSTM models
	Model
	Average MAE
	Average RMSE
	Average MAPE (%)

	ARIMA
	12.8
	15.2
	6.5

	LSTM
	7.1
	8.5
	3.2

	CNN (proposed)
	7.5
	8.4
	2.6



The ARIMA model underperformed due to its linear assumptions and lack of ability to learn long-term dependencies. The LSTM model achieved better accuracy but at the cost of significantly higher training time. CNN, while comparable to LSTM in accuracy, trained faster and generalized well to unseen data, making it more practical for real-time stock prediction scenarios.
These findings are consistent with literature suggesting that CNNs, when applied appropriately, are effective for financial time-series forecasting (Chong et al., 2017; Zhang & Wang, 2020).
4. Conclusion 
This study applied a 1D Convolutional Neural Network to forecast stock prices of companies listed on the BSE. The model performed consistently well across different stocks, achieving low error rates and effectively capturing short-term market movements. Compared to traditional and other deep learning models, the CNN demonstrated superior performance in both accuracy and computational efficiency.
The study contributes to the growing evidence that CNNs, despite their origins in image processing, can be valuable tools for time-series forecasting in finance. Future work could extend this approach using hybrid models (e.g., CNN-LSTM), incorporate technical indicators, or employ attention mechanisms to enhance forecasting accuracy.
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