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Abstract: Stock price prediction is a challenging task due to the volatility and non-linear nature of financial markets.
Traditional models often fail to capture complex patterns in the data. This paper presents a Convolutional Neural Network
(CNN) based approach to predict stock prices. The model leverages historical stock data and various technical indicators.
Unlike conventional methods that rely on hand-crafted features, our CNN model automatically learns and extracts relevant
features from raw data, enhancing prediction accuracy. We compare the performance of our CNN model with other traditional
models, including linear regression and support vector machines (SVM). Experimental results, using metrics such as Root
Mean Squared Error (RMSE) and Mean Absolute Error (MAE), show that the CNN model outperforms the traditional models
in terms of prediction accuracy. Additionally, we demonstrate the robustness of the CNN model through various validation
techniques and highlight its potential for practical applications in financial markets.
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1 INTRODUCTION

The stock market is a complex, dynamic system
influenced by a myriad of factors, including economic
indicators, political events, and market sentiment. Accurate
stock price prediction is crucial for investors to make
informed decisions, optimize their portfolios, and manage
risks effectively. Traditional methods like linear regression
and time series analysis have limitations in capturing the non-
linear and intricate patterns inherent in stock data. [1]These
models often assume a linear relationship between variables,
which oversimplifies the complexity of financial markets and
leads to suboptimal predictions.

Recently, deep learning techniques, particularly
Convolutional Neural Networks (CNNs), have shown
promise in various prediction tasks due to their ability to
capture spatial and temporal patterns in data. CNNs are well-
known for their applications in image and video recognition,
but their architecture also makes them suitable for time series
data, including financial market analysis. By utilizing
convolutional layers, CNNs can automatically detect and
learn significant features from raw data, such as trends and
cyclical patterns, without the need for manual feature
engineering.

Furthermore, CNNSs can integrate multiple types of data,
such as historical prices, trading volumes, and technical

indicators, to provide a more comprehensive analysis. This
capability is particularly valuable in stock price prediction,
where various factors can influence market movements. The
ability of CNNs to handle high-dimensional data and capture
complex relationships makes them a powerful tool for
financial forecasting.

In this paper, we propose a CNN-based approach for
stock price prediction. We leverage historical stock data and
various technical indicators to train our model. We also
compare the performance of the CNN model with traditional
models, including linear regression and support vector
machines (SVM), to demonstrate the advantages of using
deep learning for financial market prediction. Our results
indicate that the CNN model not only outperforms traditional
methods in terms of prediction accuracy but also provides a
robust framework for practical applications in financial
markets.

FIGURE 1. PREDICTING WITH TREND DETERMINISTIC
DATA.
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2 LITERATURE REVIEW

Numerous studies have explored different methods for
stock price prediction, each with varying degrees of success.
[2]According to Fischer and Krauss (2018), Recurrent Neural
Networks (RNNs) have been particularly effective in
modeling sequential data due to their ability to capture
temporal dependencies. RNNs, including their variants like
Long Short-Term Memory (LSTM) networks, have shown
promise in financial applications by addressing the vanishing
gradient problem and retaining long-term dependencies.
However, they often require extensive computational
resources and can be challenging to train.

Patel et al. (2015) demonstrated the superiority of
Support Vector Machines (SVMs) over traditional models
such as linear regression and decision trees for financial
predictions. SVMs are effective in handling high-
dimensional data and can model non-linear relationships
through the use of kernel functions. Despite their robustness,
SVMs have limitations in feature extraction and scalability,
especially when dealing with large datasets commonly
encountered in stock market analysis.

Convolutional Neural Networks (CNNs) have gained
attention for their powerful feature extraction capabilities,
which are well-suited for both spatial and temporal data.
Unlike RNNs, CNNs can efficiently process and identify
patterns within the data through convolutional and pooling
layers, making them highly effective for image and time
series data. Kim and Kim (2019) utilized CNNs for financial
time series prediction and reported significant improvements
over traditional methods. Their study highlighted the ability
of CNNs to capture intricate patterns and dependencies that
other models might miss.

Bao, Yue, and Rao (2017) further explored the potential
of deep learning models by integrating CNNs with LSTMs to
form a hybrid approach for financial time series forecasting.
Their model leveraged the strengths of both CNNs and
LSTMs, achieving superior performance compared to
standalone models. This hybrid model demonstrated the
potential for combining different deep learning architectures
to enhance prediction accuracy.[4]

Chong, Han, and Park (2017) conducted a
comprehensive study on deep learning networks for stock
market analysis, focusing on various architectures, data
representations, and case studies. Their research emphasized
the importance of selecting appropriate input features and
preprocessing techniques to maximize the performance of
deep learning models.

In summary, while traditional models like SVMs and
advanced RNNs have shown effectiveness in stock price
prediction, CNNs offer distinct advantages in feature
extraction and pattern recognition. The growing body of
research indicates that CNN-based approaches, -either
standalone or hybrid, hold significant potential for improving
the accuracy and robustness of stock price prediction models.

This paper builds on these findings by presenting a CNN-
based model for stock price prediction, demonstrating its
superiority over traditional methods through comprehensive
experiments and analysis.

3 METHODOLOGY

3.1 DATA COLLECTION AND PREPROCESSING

We collected historical stock price data from Yahoo
Finance, focusing on daily closing prices from 2010 to 2020
for a set of prominent companies across various sectors. This
approach ensures a diverse and representative dataset,
capturing different market dynamics and trends. The dataset
was then preprocessed to handle missing values and outliers.
Missing values were imputed using linear interpolation, while
outliers were detected and capped using the IQR
(Interquartile Range) method.[6]

To enhance the model's ability to capture market trends
and patterns, we incorporated various technical indicators as
additional features. These indicators included:

Moving Average (MA): Used to smooth out price data
and identify trends.

Relative Strength Index (RSI): Measures the speed
and change of price movements to identify overbought or
oversold conditions.

Bollinger Bands: Consist of a middle band (MA) and
two outer bands that reflect volatility.

The final dataset was split into training (70%),
validation (15%), and test (15%) sets. The training set was
used to train the model, the validation set to tune
hyperparameters, and the test set to evaluate model
performance.
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FIGURE 2. ARCHITECTURE OF ANN MODEL (KARA,
BOYACIOGLU & BAYKAN,2011)

3.2 CNN ARCHITECTURE

Our CNN model was designed to capture temporal
patterns in the stock price data through a series of
convolutional and pooling layers. The architecture is as
follows:
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Input Layer: The input to the model consists of
historical stock prices and the calculated technical indicators.
The input data is structured as a multivariate time series.

Convolutional Layers: Three convolutional layers with
ReLU activation functions are used to extract features from
the input data. Each convolutional layer uses a filter size of
3x3, allowing the model to capture local dependencies and
patterns in the data.

Pooling Layers: Following each convolutional layer,
max pooling layers are applied to reduce the dimensionality
of the feature maps and prevent overfitting. Pooling layers
use a pool size of 2x2.

Fully Connected Layer: The output from the final
pooling layer is flattened and fed into a fully connected dense
layer. This layer helps in learning complex representations
and relationships in the data.

Output Layer: A single neuron with a linear activation
function is used in the output layer to predict the stock price.

The architecture is designed to balance complexity and
computational efficiency, ensuring the model is both
powerful and practical for real-world applications.
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FIGURE 3. A SEPARATING HYPERPLANE IN THE FEATURE
SPACE OF SVM (HUA & SUuN, 2001).

Model Training

The model was trained using Mean Squared Error (MSE)
as the loss function, which penalizes larger errors more
significantly, making it suitable for regression tasks like stock
price prediction.[8] We employed the Adam optimizer, which
combines the advantages of both Adaptive Gradient
Algorithm (AdaGrad) and Root Mean Square Propagation
(RMSProp), providing efficient and effective training with
adaptive learning rates.

To ensure robust training, the model was trained for 100
epochs with early stopping criteria based on the validation
loss. Early stopping helps to prevent overfitting by halting
training when the model's performance on the validation set
no longer improves.

Hyperparameter tuning was conducted using a grid
search approach. The following hyperparameters were
optimized:

Number of convolutional layers: Ranged from 2 to 4.

Number of filters in each layer: Ranged from 32 to 256.
Filter size: Ranged from 2x2 to 5x5.

Learning rate: Ranged from 0.0001 to 0.01.

Batch size: Ranged from 16 to 128.

The optimal hyperparameters were selected based on
the model's performance on the validation set, ensuring the
best trade-off between accuracy and generalization.

3.3 EVALUATION METRICS

To evaluate the model's performance, we used the
following metrics:

Root Mean Squared Error (RMSE): Measures the
average magnitude of errors, providing a clear indication of
the model's prediction accuracy.

Mean Absolute Error (MAE): Measures the average
absolute errors, giving insight into the average prediction
error.

R-squared (R3 score: Indicates the proportion of
variance in the dependent variable that is predictable from the
independent variables.

These metrics provide a comprehensive evaluation of
the model's accuracy, robustness, and predictive power. The
results are discussed in the following sections to highlight the
effectiveness of the CNN model compared to traditional
approaches.

4 EXPERIMENTAL RESULTS

4.1 PERFORMANCE METRICS

We evaluated the model using several performance
metrics to provide a comprehensive assessment of its
predictive capabilities. The metrics used were:

Root Mean Squared Error (RMSE): This metric
measures the average magnitude of the errors between
predicted and actual values. It is particularly sensitive to large
errors, making it a robust indicator of prediction accuracy.

Mean Absolute Error (MAE): This metric measures
the average absolute difference between predicted and actual
values. It provides an intuitive sense of the average error in
the model’s predictions.

R-squared (R3 score: This metric indicates the
proportion of the variance in the dependent variable that is
predictable from the independent variables. An R=core close
to 1 signifies a model that closely matches the data.

4.2 COMPARISON WITH TRADITIONAL MODELS

To benchmark the performance of our CNN model, we
compared it with three traditional models: Linear Regression,
Decision Trees, and Support Vector Machines (SVMs). Each
model was evaluated using the same dataset and performance
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metrics. The results are summarized in Table 1.

Model RMSE MAE R=2
Linear Regression  15.34 12.67 0.76
Decision Tree 14.89 1221 0.79
SVM 14.45 11.89 081
CNN 12.32 10.34  0.87

The CNN model demonstrated a significant
improvement over traditional models, achieving the lowest
RMSE and MAE and the highest R=score.[7] This indicates
that the CNN model provides more accurate and reliable
stock price predictions.

4.3 VISUALIZING PREDICTIONS

To further illustrate the model's effectiveness, we
plotted the predicted vs. actual stock prices for the test set.
Figure 4 shows that the CNN model's predictions closely
followed the actual stock prices, highlighting its ability to
capture the underlying patterns in the data.

FIGURE 4.THE CNN MODEL'S PREDICTIONS CLOSELY
FOLLOWED THE ACTUAL STOCK PRICES

The visual comparison demonstrates that the CNN
model effectively captures the trends and fluctuations in stock
prices, making it a robust tool for stock price prediction. This
capability is particularly important for financial applications
where accurate predictions can inform investment strategies
and risk management.

Overall, the experimental results confirm that the CNN
model outperforms traditional models in terms of accuracy
and reliability, making it a valuable asset for financial market
analysis and stock price prediction.

5 DISCUSSION

The superior performance of the CNN model can be
attributed to several key factors inherent in its design and
functionality:

Ability to Capture Spatial Dependencies:
The convolutional layers in CNNs are adept at capturing
spatial dependencies within the data. In the context of stock

price prediction, these spatial dependencies can be viewed as
patterns or trends over time. By applying convolutional filters,
the model can detect local patterns, such as upward or
downward trends, which traditional models may overlook.

Modeling Non-Linear Relationships:
Traditional models like linear regression and even some
machine learning models like decision trees and SVMs may
struggle to capture the non-linear and complex relationships
within financial data. CNNs, however, do not assume
linearity and can learn intricate patterns through their layered
structure. Each convolutional layer extracts higher-level
features from the raw input, allowing the model to build a
sophisticated understanding of the data's underlying structure.

Incorporation of Technical Indicators:
The use of technical indicators such as Moving Averages
(MA), Relative Strength Index (RSI), and Bollinger Bands
enhances the model's ability to make accurate predictions.
These indicators provide additional context about market
conditions, trends, and volatility. By including these features,
the CNN model can leverage more information, leading to
better-informed predictions.

Feature Extraction and Dimensionality Reduction:
The CNN model’s pooling layers help in dimensionality
reduction, which reduces the computational complexity and
the risk of overfitting. Pooling layers summarize the presence
of features in patches of the feature map, allowing the model
to focus on the most relevant information while discarding
irrelevant noise.

Robustness to Noise:
Financial data is often noisy due to market fluctuations,
economic events, and other external factors. CNNs are robust
to such noise due to their hierarchical structure and the ability
to learn from raw data. By extracting and focusing on
essential features, CNNs can filter out irrelevant variations,
resulting in more stable and reliable predictions.

Generalization Capability:
The CNN model's architecture, combined with techniques
such as early stopping and regularization, enhances its
generalization capability. [12]This means the model performs
well not only on the training data but also on unseen
validation and test data. This robustness is crucial for
practical applications where the model must adapt to new and
potentially unseen market conditions.

Hyperparameter Tuning:
The grid search approach for hyperparameter tuning ensured
that the model was optimized for the best performance.
Parameters such as the number of layers, number of filters,
filter size, learning rate, and batch size were carefully selected
to enhance the model’s accuracy and efficiency.

6 FUTURE WORK AND
LIMITATIONS

While the CNN model has shown promising results,
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there are areas for future improvement and considerations for
practical deployment:

Incorporation of Additional Data Sources:

Integrating additional data sources such as news
sentiment analysis, macroeconomic indicators, and social
media trends could further enhance the model’s predictive
accuracy. [13]These data sources can provide real-time
context that might influence stock prices.

Exploring Hybrid Models:

Combining CNNs with other deep learning models such
as LSTMs could capture both spatial and temporal
dependencies more effectively. Hybrid models can leverage
the strengths of different architectures to improve overall
performance.

Scalability and Real-Time Prediction:

Developing scalable solutions for real-time stock price
prediction remains a challenge. Efficient implementation and
optimization techniques are necessary to ensure the model
can handle large volumes of data and provide timely
predictions.

Model Interpretability:

Enhancing the interpretability of CNN models is crucial
for gaining the trust of financial analysts and investors.
Techniques such as feature importance analysis and
visualization tools can help in understanding how the model
makes predictions.

In conclusion, the CNN-based approach for stock price
prediction demonstrated significant improvements over
traditional models. Its ability to capture complex, non-linear
patterns and incorporate additional features makes it a
powerful tool for financial market analysis. Future work
should focus on integrating more data sources, exploring
hybrid models, and ensuring scalability and interpretability
for practical applications.

7 CONCLUSION

This paper presented a Convolutional Neural Network
(CNN) based approach for stock price prediction,
demonstrating its potential to significantly outperform
traditional models like Linear Regression, Decision Trees,
and Support Vector Machines (SVMs). By leveraging
historical stock data and various technical indicators, the
CNN model effectively captured the complex, non-linear
relationships inherent in financial markets.

7.1 KEY FINDINGS
Superior Performance:

The CNN model achieved lower Root Mean Squared
Error (RMSE) and Mean Absolute Error (MAE) and a higher
R-squared (R3 score compared to traditional models,
indicating its superior accuracy and robustness in predicting

stock prices.
Feature Extraction:

The CNN's ability to automatically extract relevant
features from raw data through its convolutional layers
contributed significantly to its improved performance. This
contrasts with traditional models, which often rely on
manually crafted features and assumptions of linearity.

Technical Indicators:

Incorporating technical indicators such as Moving
Averages (MA), Relative Strength Index (RSI), and Bollinger
Bands provided additional context, enhancing the model's
predictive power by offering insights into market trends and
volatility.

Visualization:

Visualizing the predicted versus actual stock prices
illustrated the CNN model's capability to closely follow
market trends, further validating its effectiveness in capturing
underlying patterns.[15]

7.2 FUTURE DIRECTIONS

While the results are promising, several areas for future
research and improvement have been identified:

Integration of Additional Data Sources:

Future work could explore the integration of diverse
data sources, such as news articles, social media sentiment,
and macroeconomic indicators, to provide a more holistic
view of market dynamics. These sources could offer real-time
information and additional context that might impact stock
prices.

Hybrid Models:

Combining CNNs with other deep learning
architectures, such as Long Short-Term Memory (LSTM)
networks, could enhance the model's ability to capture both
spatial and temporal dependencies, leading to further
improvements in prediction accuracy.

Scalability and Real-Time Applications:

Developing scalable solutions for real-time stock price
prediction is crucial for practical deployment. This involves
optimizing the model for faster computations and handling
large volumes of data efficiently.

Model Interpretability:

Enhancing the interpretability of CNN models is
important for gaining the trust of financial analysts and
investors. Techniques such as feature importance analysis
and visualization tools can help in understanding the model's
decision-making process.

Risk Management:

Incorporating risk management techniques and
evaluating the model's performance under different market
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conditions can provide insights into its robustness and
reliability in real-world applications.

7.3 FINAL THOUGHTS

The study underscores the potential of CNN-based
models in revolutionizing stock price prediction and financial
market analysis. [19] By addressing the limitations of
traditional models and leveraging the strengths of deep
learning, the proposed approach offers a powerful tool for
investors and financial analysts. Continued research and
development in this area hold promise for even greater
advancements, paving the way for more accurate and reliable
financial forecasting.

In summary, the CNN-based approach not only
provides a significant leap in prediction accuracy but also
opens up new avenues for integrating advanced data analytics
into financial decision-making processes. The future of stock
price prediction lies in the continual enhancement of these
models, ensuring they remain robust, adaptable, and
insightful in the ever-evolving financial landscape.
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