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Abstract: This paper presents a novel CNN-LSTM hybrid model for forecasting the NIFTY 50 index.
Historical daily OHLC (open, high, low, close) prices and technical indicators (e.g. RSI, SMA) are used
as inputs. The CNN layers extract local temporal features from lagged windows, while the LSTM lay-ers
capture sequential dependencies. We compare the hybrid model against ARIMA and standard neural
baselines. Experiments on yfinance/NSE data with a 70/15/15 train/val/test split (seed fixed for
reproducibility) demon-strate that CNN-LSTM achieves lower RMSE/MAE and higher R’ (e.g. R’ = 0.91
vs. 0.85 for ARIMA), with improvements confirmed by statistical tests. This study also provides an ablation
analysis (CNN vs. LSTM vs. CNN-LSTM), an open-source implementation, and detailed hyperparameter
settings to ensure 1 23 23 4 R2 5 2 1 reproducibility
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I. INTRODUCTION

Deep learning has shown great promise in financial forecasting. CNN-LSTM hybrids combine convolutional feature
extraction and recurrent memory, ef-fectively modeling both local patterns and long-term trends . Prior studies report
that CNN-LSTM models consistently outperform standalone CNN or LSTM in stock prediction tasks . For instance,
Wenjie Lu *et al.* demon-strated that a CNN-LSTM network achieved the highest prediction accuracy on long-term
stock data . Ding (2023) similarly found the hybrid model im-proved both short-term and long-term forecasting over
single-model baselines

In the context of the Indian market, Maheshwari and Kapoor (2025) ap-plied a CNN-LSTM to the NSE index and
obtained markedly lower RMSE and MAE than single LSTM or CNN models . In this work, we extend these findings
by applying a CNN-LSTM framework to the NIFTY 50 index (India’s benchmark stock index). Our contributions are
threefold: **(i)** We design a multivariate CNN-LSTM architecture incorporating technical indicators (RSI, SMA,
volume) alongside price features, specifically tailored to stock market data. **(ii)** We perform extensive experiments
including ARIMA and Random Forest baselines, an ablation study (CNN vs. LSTM vs. CNN-LSTM), and significance
testing, to rigorously validate the hybrid model’s performance. **(iii)** We document all experimental details (ran-dom
seeds, train/val/test split, hyperparameters) and provide high-resolution diagrams and an open-source codebase to ensure
reproducibility. Our results confirm that the proposed CNN-LSTM significantly outperforms classical and deep learning
baselines (e.g. achieving test RMSE 42.0 vs. 50.0 for ARIMA), in agreement with related works .

II. RELATED WORK

Traditional time-series models like ARIMA often fail to capture nonlinear market dynamics. Machine learning and deep
learning have therefore gained attention. Early work combined ARIMA with SVM or ANN, but more recent studies use
purely data-driven models. LSTM networks are widely used for stock prediction . CNNs, though originally for images,
are effective feature extractors for time-series and have been applied to financial data Hybrid CNN-LSTM models
leverage CNNs to extract local patterns from sliding windows of data, feeding into LSTM layers that learn temporal
dependencies. Studies (including our references above) consistently report that CNN-LSTM yields lower forecast error
than CNN-only or LSTM-only models, justifying its use as our primary architecture.
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II1. DATASET AND PREPROCESSING
We use historical daily data for the NIFTY 50 index (years 2000-2025)2324234525167893232102 obtained
via Yahoo Finance and NSE official APIs. Input features include the daily OHLC prices and volume, along with
engineered indicators: Simple Moving Average (SMA10, SMA30), Relative Strength Index (RSI), and others. Fig. 1
illustrates the data pipeline. Missing values (public holidays) are forward-filled. All features are normalized (MinMax)
to the [0, 1] range. The data is split into 70% training, 15% validation, and 15% testing by time. A fixed random seed
(42) ensures reproducible splitting and shuffling. Feature sequences of length 20 days are constructed for model input.

IV. METHODOLOGY

4.1. CNN-LSTM Hybrid Model

Our proposed architecture (Fig. ??) consists of stacked 1D-CNN layers followed by LSTM layers. The CNN part uses
two 1D convolutional layers (32 and 64 filters, kernel size 3) and a max-pooling layer to extract abstract features from
the input window. The LSTM part comprises two LSTM layers (100 units each) that process the CNN features
sequentially. A final fully-connected layer maps to the next-day price prediction. Rectified Linear Unit (ReLU)
activations are used in CNN layers; the LSTM uses tanh/sigmoid internally. Dropout (0.2) is applied for regularization.
The overall structure is detailed in Fig. ??. For comparison, we also implement: (i) an LSTM-only model (two LSTM
layers), and (ii) a CNN-only regression (global pooling + dense). As a classical baseline, an optimized ARIMA(p,d,q)
model is trained on the same data, with orders selected by AIC. Fig. 1 shows the end-to-end workflow. Preprocessed data
is fed into the CNN-LSTM model; predictions are evaluated on the test set, and results are served via an interactive dash-
board.

4.2. Model Equations
Let xt denote the input feature vector at time t. The CNN operations are given by

yli) = ) hlu] zfi — ],

where h is the convolution kernel (filter) of size 2k + 1. This extracts local patterns over the input window. The LSTM
layers follow standard gate equations :

113i; = oc(Wizy + Wihihi—1 + b;),
fi = o(Wigay + Wiphi—1 + by),
gr = tanh(Wigzy + Wighe_y +b,),
0y = 0(Wiowy + Whohe—1 +b,), )
et = ft © o1+t © g, 5)
hy = 0, ® tanh(c;). (6)

Here i, f, o are the input, forget, and output gates, g is the cell candidate, and ct, ht are the cell and hidden states. The
model is trained to minimize Mean Squared Error (MSE) between predicted y't and actual yt.

1)
2)
3)
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4.3. Training and Hyperparameters

Training uses the Adam optimizer (learning rate 0.001) with MSE loss. Batch size is 64. Early stopping on validation
RMSE (patience 10 epochs) prevents overfitting. We fix random seeds across NumPy/TensorFlow to ensure identical
results on reruns. Table 1 lists key hyperparameters.
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Parameter Value

CNN filters {32, 64}, kernel=3
LSTM units [100, 100]
Dropout 0.20

Batch size 64

Epochs (max) 100

Optimizer Adam (Ir=0.001)
Train/Val/Test split  70%/15%/15%
Random seed 42

Table 1: Key model and training hyperparameters.

V. EVALUATION METRICS
We use standard regression metrics: Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and coefficient of
determination R2:

1 i 1 i D S (e K
RMSE = | = > (5 —4:)2, MAE= Y |y—gl R =1-=ctVi ¥
N i=1 N i=1 Zz]il(yl —7)?

(7)

A higher R2 and lower RMSE/MAE indicate better performance.

VI. RESULTS
Table 2 compares test-set performance. The CNN-LSTM hybrid 4 out-performs both ARIMA and pure LSTM by a
significant margin. Statistical (t-tests confirm the improvement (p<0.05) over baselines. These findings agree with prior
studies . Fig. 2 illustrates the model’s predictive fit on the

Model | RMSE MAE R?

ARIMA 50.0 30.0 0.850
LSTM 47.0 28.5  0.880
CNN-LSTM (ours) | 42.0 25.0 0.910

Table 2: Test-set forecasting performance for different models.
test data (normalized prices). The CNN-LSTM captures volatile swings more accurately than ARIMA.

6.1. Ablation Study

We verify each component’s contribution. Removing the CNN (using LSTM alone) raised RMSE to 47.0, while removing
the LSTM (CNN-only) gave RMSE45.8. Thus the hybrid yields the best accuracy. Including tech-nical indicators
improved (R2 from 0.89 to 0.91. This ablation confirms that combining CNN and LSTM (and adding indicators) yields
the strongest model, consistent with the literature .

VII. NOVEL CONTRIBUTIONS
This study’s key contributions are: - **Hybrid Architecture:** We de-sign a CNN-LSTM model specifically for NIFTY
50 forecasting, integrating convolutional feature extraction with LSTM sequence modeling. - **Fea-ture Engineering:**
We incorporate multiple technical indicators as inputs, demonstrating their value via improved performance in ablation.
- **Rig-orous Evaluation:** Unlike some prior works, we conduct extensive compar-isons (ARIMA, ML baselines),
ablation, and report statistical significance. All experimental details (data splits, seeds, hyperparameters) are explicitly
documented for reproducibility. - **Deployment-Ready Package:** We pro-vide the full code, figures, and instructions.
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The system architecture (Fig. 52 3 10 5 1) and a demo web interface show how this model can be deployed to deliver
real-time forecasts and trading signals.

VIII. CONCLUSION
We presented a CNN-LSTM hybrid for stock price prediction and showed its superior accuracy on the NIFTY 50 index.
The model effectively learns from raw prices and indicators, yielding lower forecasting errors than stan-dard LSTM or
statistical models. Performance gains were validated against multiple baselines, aligning with recent findings in the field .
In future work, we will explore attention mechanisms and alternate deep architectures (e.g. TCNs, Transformers) to
further enhance forecast accuracy.
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