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Abstract—Stock market prediction is challenging due to its nonlinear, volatile, and dynamic nature. Traditional models like
ARIMA and basic neural networks often fail to capture complex temporal patterns. This paper presents StockSeer, a
hybrid deep learning framework combining CNNs for feature extraction and LSTMs for sequential modeling. Using
OHLCYV data and technical indicators, the model improves prediction accuracy. Experiments on NSE and NASDAQ
stocks show up to 74.3% directional accuracy with lower error than LSTM-only and ARIMA models. A lightweight web
dashboard enables real-time forecasting and visualization, making the system practical and scalable.
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I.  INTRODUCTION (Heading I)

Financial markets are complex systems influenced by both
economic indicators and human behavior, making price
prediction highly challenging. Traditional models like ARIMA
assume linearity and stationarity, which do not hold for real-
world financial data characterized by volatility and sudden
shifts.

To address these limitations, machine learning and deep
learning models have been widely explored. LSTM networks
have shown strong capability in modeling sequential
dependencies, while CNNs effectively capture short-term
patterns. Recently, hybrid CNN-LSTM models have emerged
as a powerful approach for combining local feature extraction
with long-term trend modeling.

Despite these advancements, most research remains limited to
offline experiments, lacking real-time usability and
deployment. To overcome this gap, StockSeer is proposed as a
complete system integrating:

® A hybrid CNN-LSTM prediction model
® Real-time data processing

® Interactive web-based visualization

II. RELATED WORK

A. Statistical and ML Approaches

Early methods such as ARIMA and SARIMA were widely
used for time-series forecasting but struggled with nonlinear
patterns. Hybrid approaches like ARIMA-SVM attempted to
combine linear and nonlinear modeling. GARCH models
effectively captured volatility but were limited in predicting
price direction.

B. Deep Learning Models

RNNs introduced sequential modeling but suffered from
vanishing gradients. LSTMs addressed this issue and showed
improved performance in stock prediction. However, they are
computationally expensive and sensitive to hyperparameters.

C. CNN-LSTM Hybrid Models

CNN-LSTM models combine the strengths of both
architectures. CNNs capture local patterns such as candlestick
formations, while LSTMs model temporal dependencies. Prior
research demonstrates improved accuracy, but most lack real-
time deployment.

D. System Gap

Existing studies focus mainly on modeling without integrating
real-time systems, user interfaces, or deployment pipelines.
StockSeer addresses this by providing an end-to-end solution.

II1. METHODOLOGY

A. Problem Formulation

Let the stock price series be:

P={p1,p2,...,pn}

Using a lookback window of 60 days, the model predicts
future prices:

p n+k=f(pn—59,pn—58,-:-,pn)

where k € {1,7,14,30,60}

Each input consists of:

® OHLCYV features
e RSI (14-day)
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® Bollinger Band width (20-day)

All features are normalized using Min-Max scaling.

B. CNN Feature Extraction

Two 1D convolutional layers (64 filters, kernel size 3) extract
short-term patterns such as local trends and reversals. A max-
pooling layer reduces dimensionality and improves
generalization.

C. LSTM Modeling

Stacked LSTM layers (128 — 64 units) capture long-term
dependencies across sequences. Dropout (0.2) is applied to
prevent overfitting.

D. Training Strategy

The model uses the Adam optimizer (Ir = 0.001) and Huber
loss for robustness to outliers. Training is optimized using
EarlyStopping and learning rate scheduling.

E. Uncertainity Estimation

Confidence intervals are computed as:
Cli=pct1.50Vk

where is 0 volatility from past returns. This accounts for
increasing uncertainty over time.

Enhanced StockSeer Architecture

CNN
(Feature Extraction)

v

B. Data Pipeline

Stock data is fetched using yfinance, with updates every 5
seconds via polling.

C. Indicators

RSI, Bollinger Bands, SMA, and EMA are computed
dynamically using NumPy.

D. Front-End

A lightweight Vanilla JavaScript SPA with Chart.js provides a
real-time dashboard, predictions with confidence intervals,
and stock comparison features.

E. Deployment

The system is deployed on Render using Python 3.12 and
Gunicorn, supported by GitHub-based CI/CD.

V. EXPERIMENTAL RESULTS

A. Setup

Experiments were conducted on 12 stocks (US + India) using
5 years of data, with an 80/10/10 split for training, validation,
and testing respectively.

B. Performance

S.No Model Directional Mape
Accuracy

1 CNN-LSTM 74.3% 2.1%

2 LST™M 66.1% 2.9%

3 ARIMA 58.4% 2.9%

Input Data
(OHLCV + Indicators)

Fusion Layer Prediction Output
(Feature Merge) (Price + Confidence)

LSTM

(Sequence Learning)

IV. SYSTEM IMPLEMENTATION

A. Backend
A Flask-based REST API handles:

® Authentication (/login, /register)
® Data (/history, /live)

® Predictions (/predict, /compare)

Security is ensured using SHA-256 hashing and session
cookies.

The CNN-LSTM model significantly outperforms baselines,
reducing prediction error by approximately $3.20 per share on
a $400 stock.
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C. Insights

The hybrid model showed better detection of trend reversals
and improved performance due to local and global pattern
learning, though limitations were observed during high
volatility events.
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VI. DISCUSSION AND LIMITATIONS

A. Model Advantage

CNN captures short-term patterns, while LSTM models long-
term dependencies, enabling better prediction accuracy.

B. . Limitations

The current model does not yet include sentiment or
macroeconomic data. Furthermore, backtesting ignores real
trading costs, and deployment latency can occur during a cold
start.

C. Future Work

Future iterations will explore Transformer-based attention
models, sentiment analysis using NLP, and Reinforcement
learning for trading strategies.

VII. CONCLUSION

StockSeer demonstrates that combining CNN-LSTM models
with real-time deployment creates a powerful and practical
stock prediction system. The model achieves superior
accuracy and provides interpretable insights through
visualization tools.
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