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Abstract

This manuscript examines the utilization of pre-trained Convolutional Neural Networks (CNNs), namely VGG16, ResNet50, Incep-
tionV3, MobileNetV2, and Xception, for the prediction of stock market trends. The framework introduced herein hinges upon transform-
ing financial time series into a 2D image. This transformation is done via the application of the Grammian Angular Field (GAF) and the
Markov Transition Field (MTF). This image transformation allows for CNN compatibility, thereby optimizing the models for financial
forecasting. The prediction of the trend is done in two ways. Initially, unmodified pre-trained CNNs are deployed for prediction. Subse-
quently, fine-tuning via the obtained financial images is done, and the results are recorded. The aim here is to augment the predictive
performance substantially. The viability of the framework is assessed in the Indian Financial sector. Specifically, by focusing on twenty
stocks from the NSE index: Nifty, we aim to quantify the performance of the proposed work. By experimenting on this dataset, we try to
quantify how effectively pre-trained CNNs improve the competency of economic time series prediction. Moreover, the analysis present-
ed in this article sheds further insights into future research and current procedures at the Intersection of Economics and Artificial Intelli-
gence.
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1. Introduction

The art and science of stock price forecasting have been the focus of intense interest for both individuals and institutions participating in
the financial markets for decades. The quest for more accurate forecasting methods has driven extensive research across multiple disci-
plines, including finance, economics, computer science, and statistics [1]. The desire for improved forecasting techniques extends beyond
the realm of academia, as the implications of accurate predictions can translate directly into financial gain or loss. Accurate stock price
forecasts hold the potential to guide investment decisions, enable timely market entry and exit, inform macroeconomic strategies, and
even influence international business relationships. In essence, the ability to accurately predict stock prices can profoundly impact indi-
vidual investors and the broader financial ecosystem. The stock markets operate as a complex and dynamically changing system influ-
enced by a mass of variables that collectively form an intricate web of interactions. While the efficient market hypothesis suggests that
stock prices already reflect all available information [2], the reality is something else. In this article, we aim to address this problem and
try to apply deep learning-based methods to predict the trend in the financial time series.

The stock market is characterized by many factors, including volatility, trade decisions carried out emotionally, laws changing, and glob-
al occurrences like pandemics or clashes between countries, which all combine to form an intricate mix of dynamics [3]. Traditional
economic concepts, while important, sometimes prove incompatible with this complexity. Models such as the Capital Asset Pricing
Model (CAPM) generally account for market risk but overlook other sources of influence, including investor conduct and macroeconom-
ic variability. While beneficial for pricing options, the Black-Scholes Model has trouble handling non-linearity and sudden changes in the
market [4]. Classical time series models such as ARIMA (Autoregressive Integrated Moving Average) apply to economic forecasting,
although they must assume that the data is stationary, which is not often the case in economic time series [5]. Even refined econometric
models such as GARCH (Generalized Autoregressive Conditional Heteroskedasticity) find it hard to cope with drastic modifications in
the information, like extreme values and structural changes [6]. Although these models are helpful, they may not completely represent
the intricacies of financial markets, especially in unstable and uncertain periods.

The introduction of machine learning, intense learning, has ushered in a novel age of predictive pricing. Convolutional Neural Networks
(CNN3s), specifically, have shown astoundingly efficient outcomes across a broad variety of objectives, including image recognition,
natural language processing, and even some initial steps toward economics [7]. However, applying these models to economic data pre-
sents issues, as it commonly requires considerable labeled data and computing capacity. This is where the notion of pre-trained models is
significant. Models such as VGG16, ResNet50, and InceptionV3 have been trained on immense datasets including ImageNet, and have
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been indicated to be immensely efficient in dissimilar vision responsibilities [8 - 10]. The fundamental idea of pre-trained models is that
they embody knowledge from past studies, offering a strong foundation for analyzing renewed, analogous data.

The work presented in this article seeks to pave a new path by utilizing pre-trained models for forecasting stock prices. The article tries to
classify the trend in a financial time series into the Buy, Sell, and Hold categories. To do this, the Markov transformation field (MTF)
and the Grammian angular field (GAF) ([11] are used to transform raw financial data into images. The images are then fed to the CNN in
two different ways. First, the images are fed into pre-trained models. For this purpose, we have chosen VGG16, ResNet50, InceptionV3,
MobileNetV2, and Xception [42] as the models to experiment with. Second, we fine-tune each of the pre-trained models on the image
data we create. To create the image data, we also use a novel image creation algorithm tailored for the financial time series. To test the
feasibility of the proposed work, we experimented on twenty different stocks of the Indian Financial sector. To the best of our knowledge,
these results are the first wherein we try to quantify the performance of the models on such a large scale. The results show that the work
presented in this article shows good performance. It should be noted here that the goal of this article is to show the applicability of pre-
trained CNNSs in forecasting financial trends.

2. Literature review

The financial world has always pursued more accurate forecasting models, from traditional methods like basic technical analysis to more
data-driven methods using machine learning techniques. Time series models like ARIMA support financial forecasting but face setbacks
due to their design [12]. In recent years, decision trees, support vector machines, and their machine learning algorithms resemble various
types of neural networks [13], but these methods often require extensive feature engineering and can be sensitive to economic noise.
Previously, traditional convolutional neural networks (CNNSs), originally developed for image-processing tasks, especially in image-
processing applications [14], widely accepted models such as VGG16, ResNet50, and INCEPTION have been trained on large datasets
such as ImageNet to develop new performance standards. Transfer learning, the process of transferring insights from one domain to an-
other, has enabled more efficient and robust computational applications [8 - 10].

Knowledge transfer has revolutionized our utilization of Convolutional Neural Networks across a wide array of domains, such as eco-
nomics. Modifying pre-trained models through fine-tuning supplies a practical resolution to the challenge of acquiring correctly specific
and computationally efficient models. This approach has been successfully applied to medical imaging [15], natural language processing
(Devlin et al., 2018) [16], and economic applications [17]. Innovations that transform time series records into picturesque forms, such as
Grammian Angular Fields (GAF) and Markov Transition Fields (MTF), have enabled Convolutional Neural Networks to properly identi-
fy investment statistics (Wang and Oates, 2015) [18]. This alteration is indispensable for the effective utilization of CNNs in financial
time-series data, as convolution layers can recognize key traits within stock price trends. Although research on perfecting pre-trained
CNNs for economic purposes is gaining momentum, it is still in its early stages. Previous efforts have mainly focused on resource selec-
tion and risk perception, exhibiting the efficiency of transfer learning [19]. Nonetheless, the rare nuances of the financial markets, com-
prising nonlinearity, high unpredictability, and noise, present exceptional obstacles that necessitate imaginative solutions. One such
method is the idea of integration, which proposes an alternative plan to combat these issues [20]. Judging the outcomes of micro-adjusted
models in economics is more than just accuracy. Metrics like precision, recall, F1-score, and computational effectiveness are imperative
for building the robustness and applicability of the model in practical economic scenarios [21].

The integration of pre-trained CNNs and financial forecasting symbolizes an encouraging frontier in predictive modeling [22]. By ex-
ploiting the data-shift capabilities of pre-programmed models and utilizing exceptional data transformation techniques, the peculiarities
posed by financial statistics can be addressed. The concept of transfer learning, a cornerstone of contemporary machine learning, can
redefine the layout of financial forecasting [23]. The thought of using knowledge gleaned from one domain to improve performance in
another mirrors the belief in productive knowledge transfer. In the financial realm, pre-trained CNNs, initially created for image-related
tasks, can be revamped to extract valuable revelations from sophisticated financial data [24]. This strategy not only restricts the require-
ment for intense feature engineering but also accelerates model creation. Fine-tuning, a technique often applied in transfer learning, al-
lows us to adjust pre-trained models to domain-specific objectives [25]. In the scope of financial forecasting, fine-tuning involves making
minor modifications to the pre-trained CNN’s weights to harmonize it with the intricacies of financial data [26]. This endeavor maintains
the treasured knowledge embedded in the pre-trained model while personalizing it to the nuances of financial markets.

One of the pivotal issues in utilizing CNNs for financial data is the inherent temporal nature of time series data. Financial time series data,
normally including past stock prices, is fundamentally consecutive. To make this information compatible with CNNs, progressive data
transformation techniques have appeared. Grammian Angular Fields (GAF) and Markov Transition Fields (MTF) are two such ap-
proaches that have gained approval. These methods efficiently convert serial financial data into image-like frameworks, permitting con-
volutional layers to draw out applicable features [27] [28].

Despite the encouraging advances in using pre-trained CNNs and data transformation procedures for fiscal forecasting, multiple impedi-
ments persist. Financial markets are characterized by their intricacy and exposure to a wide selection of factors, such as geopolitical
events, investor sentiment, and economic policy transformations. These components can generate commotion and nonlinearity, which
may present probs for prognostic models [29]. Financial markets regularly display unfavorable behavior, in which little shifts in input
variables can bring about substantive variances in output. Though pre-trained CNNs are prevalent instruments for trait extraction, han-
dling unpredictable trends is yet a challenge [30]. Researchers in the realm of fiscal forecasting are evaluating the assimilation of nonlin-
ear activation capacities and specialized constructions to catch and model nonlinear relationships aptly. Volatility is a distinctive quality
of financial markets. Unanticipated upheavals, regularly triggered by abrupt affairs, can confront the sturdiness of prognostic models.
Scientists are examining procedures to advance model stability under high volatility, including developing ensemble models and embrac-
ing volatility-specific features. Financial markets generate extensive amounts of data, which incorporates not only stock prices but also
financial flags, reports, attitudes, and social media murmurings. Accurately joining and processing this assorted information is a main
difficulty. Advanced methodologies in natural language processing (NLP) and emotion examination are being applied to pick out valua-
ble knowledge from unstructured textual data sources, enriching the load features for predictive models [31].

Fine-tuning Convolutional Neural Networks (CNNs) is a pivotal technique in the field of deep learning, allowing the adaptation of pre-
trained models to domain-specific tasks [22]. This approach has revolutionized various domains, including computer vision, natural lan-
guage processing, and more. Fine-tuning mitigates the need for training deep networks from scratch, making it a resource-efficient choice
for model development. Below, we explore the key facets and trends in fine-tuning CNNs, accompanied by a selection of 10 references
that contribute to this dynamic field. Transfer Learning: Fine-tuning is a manifestation of transfer learning, enabling knowledge transfer
from one domain to another [32]. Architecture Selection: CNN architectures like VGG, ResNet, and Inception have been employed for
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fine-tuning, with architecture choice driven by the specific task [ 14]. Data Augmentation: Techniques such as data augmentation, includ-
ing rotation, flipping, and cropping, enhance the diversity of training data (Shorten [33]. Regularization: To prevent overfitting during
fine-tuning, regularization methods like dropout and weight decay are applied [34]. Domain Adaptation: Fine-tuning is instrumental in
domain adaptation tasks, where models trained in one domain are adjusted for a different domain [35]. Hyperparameter Tuning: Fine-
tuning demands effective hyperparameter tuning, often achieved through grid search or random search [36]. Applications: Fine-tuning is
widely used in tasks like image classification, object detection, sentiment analysis, and more [37]. Deep Learning Frameworks: Frame-
works such as TensorFlow, PyTorch, and Keras offer tools to facilitate fine-tuning [38]. Resource Efficiency: Fine-tuning streamlines
model development, reducing computational costs [39]. Challenges: Challenges in fine-tuning encompass architecture selection, handling
domain shifts, and addressing data scarcity [40].

[41] Demonstrated the performance of a hybrid CNN-LSTM model in financial and maritime market trend prediction. Their experiment
validated that such models have very high prediction accuracy and excellent generalization performance on various datasets, rendering
them an appropriate benchmark to evaluate deep-learning-based financial prediction systems. This indicates the performance of hybrid
models as alternative or complementary options to traditional CNN-based image transformation methods like GAF and MTF used in this
research.

In conclusion, fine-tuning CNNs has evolved into a fundamental technique, enabling efficient model adaptation and transfer of
knowledge across domains. As deep learning continues to advance, fine-tuning will remain a key element in building state-of-the-art
machine learning systems. The amalgamation of pre-trained CNNs and data transformation processes with financial forecasting stands to
extend the veracity and robustness of prognostic models. Transference learning grants the possibility to leverage expertise from one area
to another, cutting back on the need for descriptive feature engineering. Adjusting pre-trained models allows us to modify them to the
distinct features of financial data, reconciling generalization and domain loyalty. Data transmogrification surgeries enable the correct
utilization of CNNS for financial time series data, paving the path for updated feature extraction. Despite difficulties remaining, includ-
ing coping with nonlinearity, dealing with extreme volatility, and tackling heterogeneous data resources, sustained research attempts are
continuing to aid in the field’s development.

Based on these literature gaps, this research proposes a CNN pre-trained model for stock market trend prediction.

3. Proposed methodology

This section expands upon the details of the proposed approach. The overall methodology has been divided into four main parts.
They are as follows [42]:

1) The first subsection explains the model architecture in detail.

2) In the second subsection, explain the CNN architecture in detail.

3) The third section discusses labeling the stock’s closing price.

4) The last section describes the process of image generation.

3.1. Model architecture
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Fig. 1: Proposed Framework for Stock Trend Classification Using A Fine-Tuned Pre-Trained CNN Model.
3.2. Labeling of stock’s close price

Fig. 2: Stock Label Algorithm

Algorithm 1 Stock Price Labeling Algorithm

The Provided Stock Price Labeling Algorithm is designed to analyze a time series of stock prices and assign labels of ”Buy,”
”Sell,” or "Hold” to different data points. It takes two key inputs: the time series data of stock prices (TS) and a user-defined win-
dow size parameter (WindowSize), which defaults to 15 if not specified. The algorithm begins by initializing an empty array
called LabeledData to store the resulting labels. It then enters a loop that iterates through the time series data. Within each itera-
tion, the algorithm creates a rolling window of data with a size equal to Window Size. It calculates the midpoint, maximum price
(MaxP rice), and minimum price (MinP rice) within this window.

Require:

Time series data: TS (an array of stock prices) Window size: Window Size (default: 15)
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Ensure:
Labeled stock price data: Labeled Data (an array of labels)
1: function LABELSTOCKPRICES(TS, Window Size)

2: Initialize an empty array Labeled Data

3: fori from 0 to N — Window Size do

4: Window «— TSJi : i + Window Size]_
5: Midpoint <« Window[Window Size//2]
6: Max Price «— max(Window)

7: Min Price « min(Window)

8: if Midpoint = Max Price then

9: Append ”’Sell” to Labeled Data 10. else if Midpoint = Min Price then 11: Append ”Buy” to La-
beled Data 12: else ~

13: Append “Hold” to Labeled Data _
14: end if N
15: end for

16: return Labeled Data _

17: end function
3.3. Image generation

In this article, we focused our efforts on forecasting price trends. To do this, we converted stock prices into pictures. In this
case, we used Grammian angular fields (GAF) and Markov transition fields (MTF). Both methods put time-collection data
into picks in a way that gives a time cost based on the total pattern embedded in the series and make those patterns more visi-
ble to algorithms and detection devices.

3.3.1. Grammian angular field (GAF)

Algorithm 2: Convert Time Series Data to GAF Image
Require:
Time series data: TS (an array of numerical values) Number of time points: N
Image size: Image Size
Ensure:
GAF image: GAF Image (a 2D array)
1: function CONVERTTOGAF(TS, N, Image Size)

: Min Value «— min(TS)
Max Value < max(TS)
Normalized TS « (TS —Min Value)/((Max V alue —Min V alue) _
Create an empty 2D array GAF Image of size (Image Size, Image Size) -
Time Points «<— evenly spaced points between 0 and N-1 with Image Size intervals _
fori from O to Image Size —1 do

forj from O to Image Size -1 do

: Cosine Value « cos(Normalized TS[i] —Normalized TS[j]) 10. Sine Value <« sin(Normalized TS[i] —
Normalized TS[j]) 11: = GAF Image[i][j] «<— [Cosine V alue, Sine Value]
12: end for
13: end for
14: return GAF Image
15: end function
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Fig. 3: Stock GAF Images for the Fine-Tuned CNN Model.
3.3.2. Markov transition field (MTF)

Algorithm 3 Convert Time Series Data to MTF Image

Require:

Time series data: TS (an array of numerical values) Number of time points: N
Image size: Image Size

Ensure:

MTF image: MTF Image (a 2D array)
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1: function CONVERTTOMTF(TS, N, Image Size)

2: Min V alue < min(TS)

3 Max V alue «— max(TS)

4: Normalized TS « (TS —Min V alue)/(Max V alue —Min V alue) _

5: Create an empty 2D array MTF Image of size (Image Size, Image Size) -
6: Divide the range [0, 1] into Image Size bins

7 forifrom 0 to N —1 do

8: forj from O to N —1 do

9: Bin i «—_find the bin index for Normalized TS[i]

10: Bin j «—find the bin index for Normalized TS[j] _

11: MTF Image[Bin i][Bin j] <= MTF Image[Bin i][Bin j]+ 1
12: end for

13: end for

14: return MTF Image
15: end function

Label: 0 Label: 0 Label: 2 Label: 0 Label: 2
0

Label: 0 Label: 0 Label: 0 Label: 1 Label: 0

0 5 B 005 1 0 5 1B 0 5 1 0 5 W
Fig. 4: Stock MTF Images for the Fine-Tuned CNN Model.

While this study employs Gramian Angular Fields (GAF) and Markov Transition Fields (MTF) in transforming financial time series into
image data to be utilized in CNN-based classification, other orthogonal transformation techniques can be applied to learn more and en-
hance model performance. Recurrence Plots (RPs) are a robust nonlinear tool that represents recurring states in a time series and hence
can be utilized to identify intricate temporal patterns, regime changes, or chaotic dynamics common in finance data. Continuous Wavelet
Transform (CWT) is a powerful tool that analyzes time series data by decomposing it into localized frequency components across various
scales.

In contrast to Fourier-based methods, CWT can identify transient events as well as non-stationary patterns and is therefore a suitable tool
for identifying sudden price increases or decreases. Visibility Graphs is the third tool, which transforms time-series data into complex
networks by connecting points under a geometric visibility constraint. This method retains the temporal structure and uncovers concealed
topological structures, which can be transformed into graph-based images to be used as input for CNN. Combining these complementary
techniques with GAF and MTF may provide richer feature representations and stronger models for stock trend prediction.

4. Results

In this section, we expand upon the results of the proposed method.
4.1. Dataset and evaluation criterion

The dataset for this research includes the daily stock rates for the following Indian stocks over the last five years: Exper-
imentation with Different Pretrained Models.

4.1.1. GAF images results with different fine-tuned pretrained models

Table 1: Results from BAJAJ AUTO Stocks Images through GAF

Image Method Finetuned Pretrained Model Label Precision Recall  Fl1-Score Overall Accuracy
GAF VGG16 Hold 059 0.37 0.46 0.64
Buy 0.61 0.85 0.71 =
Sell 0.8 0.53 0.61 -
ResNet50 Hold 0.5 0.02 0.03 0.56
Buy 0.6 0.83 0.7 =
Sell 0.47 0.62 0.54 -
InceptionV3 Hold 049 0.58 0.53 0.59
Buy 0.73 0.59 0.65 =
Sell 0.51 0.6 0.55 -
MobileNetV2 Hold 045 0.21 0.29 0.5
Buy 0.5 0.92 0.65 =
Sell 0 0 0 -
Xception Hold 047 0.66 0.55 0.57
Buy 0.74 0.54 0.62 -

Sell 0.49 0.53 0.51 -
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A few key patterns emerged in analyzing the performance of various pre-trained models on stock image [42] data processed through
Grammian Angular Field (GAF). InceptionV3 consistently demonstrated balanced performance across all categories—Bajaj Auto,
ONGQC, and the Average of 20 Stocks, making it a versatile choice for different types of stock data. On the other hand, VGG16 stood out
for its proficiency in classifying 'Buy’ labels but faltered when it came to "Hold” and ’Sell’ categories. MobileNetV2 showcased an intri-
guing duality; it led to overall accuracy for Ongc stocks but had noticeable shortcomings, particularly in identifying *Sell” labels across
all datasets. ResNet50 struggled to make its mark, underperforming in most scenarios and notably lagging in classifying "Hold” labels in
the Bajaj Auto dataset. Finally, Xception turned out to be the best; it posted moderate to good scores across all metrics but never took the
lead in any area. Therefore, the choice of a model could depend significantly on what one prioritizes: overall accuracy, balanced classifi-
cation, or specialization in a specific stock label like "Hold,” ’Buy,’ or ’Sell.’

Table 2: Results from ONGC Stocks Images through GAF

Image Method Finetuned Pretrained Model Label Precision Recall F1-Score Overall Accuracy
GAF VGG16 Hold 0.44 0.29 0.35 0.6
Buy 0.62 0.83 0.71 -
Sell 0.66 0.46 0.54 -
ResNet50 Hold 0.43 0.39 0.41 0.5
Buy 0.73 0.56 0.63 -
Sell 0.33 0.51 0.4 -
InceptionV3 Hold 0.53 0.37 0.44 0.57
Buy 0.65 0.71 0.68 -
Sell 0.44 0.51 0.48 -
MobileNetV2 Hold 0.58 0.59 0.58 0.61
Buy 0.64 0.87 0.74 -
Sell 0.53 0.17 0.26 -
Xception Hold 0.5 0.57 0.53 0.57
Buy 0.69 0.59 0.64 -
Sell 0.46 0.51 0.48 -
Table 3: Results from an Average of 20 Stocks Images through GAF [42]
Image Method Finetuned Pretrained Model Label Precision Recall F1-Score Overall Accuracy
GAF VGG16 Hold 0.38 0.32 0.32 0.52
Buy 0.54 0.73 0.61 -
Sell 0.4 0.33 0.34 -
ResNet50 Hold 0.36 0.39 0.33 0.45
Buy 0.6 0.52 0.53 -
Sell 0.41 0.36 0.31 -
InceptionV3 Hold 0.47 0.51 0.48 0.56
Buy 0.66 0.65 0.65 -
Sell 0.5 0.47 0.48 -
MobileNetV2 Hold 0.5 0.27 0.29 0.52
Buy 0.57 0.76 0.64 -
Sell 0.4 0.26 0.28 -
Xception Hold 0.5 0.4 0.42 0.55
Buy 0.65 0.65 0.65 -
Sell 0.5 0.5 0.5 =

4.1.2. MTF images results with different fine-tuned pretrained models

Table 4: Results from BRITTANIA Stocks Images through MTF [42]

Image Method Finetuned Pretrained Model Label Precision Recall F1-Score Overall Accuracy
MTF VGG16 Hold 0.79 0.56 0.65 0.72
Buy 0.74 0.79 0.76 -
Sell 0.64 0.78 0.7 =
ResNet50 Hold 0.65 0.52 0.58 0.65
Buy 0.66 0.7 0.67 -
Sell 0.64 0.71 0.67 -
InceptionV3 Hold 0.77 0.59 0.67 0.7
Buy 0.71 0.86 0.78 -
Sell 0.62 0.54 0.58 =
MobileNetV2 Hold 0.67 0.44 0.53 0.65
Buy 0.65 0.85 0.74 -
Sell 0.64 0.55 0.59 =
Xception Hold 0.71 0.56 0.63 0.64
Buy 0.69 0.67 0.68 -
Sell 0.54 0.69 0.61 -

Analyzing the performance of various pre-trained models on stock image data processed through the Markov Transition Field (MTF) for
different stocks [42] such as Brittania, Infy, and an average of 20 stocks provides us with interesting insights. VGG16 shines in the Brit-
tania dataset with notable precision in the ’Buy’ and ’Sell’ labels, scoring an overall accuracy of 0.72, but seems less consistent in INFY
and the average dataset. ResNet50 generally trails, especially in the Brittania dataset, with a lackluster overall accuracy of 0.65. It partic-
ularly struggles with "Hold’ labels across the board.
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Fig. 5: Results from GAF Bajaj Auto.
Table 5: Results from INFY Stocks Images through MTF [42]
Image Method Finetuned Pretrained Model Label Precision Recall F1-Score Overall Accuracy
MTF VGG16 Hold 0.74 0.48 0.58 0.68
Buy 0.74 0.74 0.74 -
Sell 0.58 0.78 0.67 =
ResNet50 Hold 0.57 0.52 0.54 0.6
Buy 0.72 0.53 0.61 -
Sell 0.51 0.8 0.62 -
InceptionV3 Hold 0.65 0.67 0.66 0.71
Buy 0.76 0.76 0.76 -
Sell 0.67 0.65 0.66 =
MobileNetV2 Hold 0.67 0.29 0.41 0.65
Buy 0.61 0.9 0.73 -
Sell 0.81 0.54 0.65 =
Xception Hold 0.68 0.48 0.56 0.72
Buy 0.7 0.86 0.77 -
Sell 0.8 0.7 0.74 -

InceptionV3 stands out for its balanced performance, particularly in the INFY dataset, where it achieves an overall accuracy of 0.71.
MobileNetV2 is a mixed bag; for example, it struggles with "Hold’ labels in the BRITTANIA dataset but excels in Buy’ labels for INFY.
Xception remains a reliable all-rounder, posting decent metrics across all labels and datasets, but never leading the pack. Its performance
is notably consistent in the INFY dataset, excelling in both ’Buy’ and *Sell’ labels.

In the average of 20 stocks dataset, InceptionV3 and Xception both post moderate to good scores in all metrics, but again, neither takes a
decisive lead. MobileNetV2 notably falls short in this average dataset, especially when identifying ’Hold’ and ’Sell’ labels. Overall,
choosing a model would be a matter of prioritizing specific performance metrics such as precision, recall, F1-Score, or overall accuracy,
as each model has its strengths and weaknesses across these datasets.

4.1.3. Comparison with and without fine-tuning

In analyzing the accuracy of various deep learning architectures for a given task, it is evident that finetuning generally provides a perfor-
mance boost, although the magnitude of this improvement varies by model. VGG16, for example, shows a noticeable uptick in accuracy
from 0.61 to 0.65 when finetuned. Conversely, ResNet50’s accuracy slightly declines after finetuning, going from 0.59 to 0.57, suggest-
ing that its initial architecture may already be well-suited for the task. Among all models, InceptionV3 benefits the most from finetuning,
boasting a substantial increase in accuracy from 0.55 to 0.67. MobileNetV2 maintains a consistent performance level before and after
finetuning, both at 0.58 accuracy, implying that finetuning might not be necessary for this specific model. Lastly,

Table 6: Results from an Average of 20 Stock Images through MTF [42]

Image Method Finetuned Pretrained Model Label Precision Recall F1-Score Accuracy
MTF VGG16 Hold 0.64 0.54 0.58 0.65
Buy 0.69 0.73 0.7 =
Sell 0.62 0.61 0.61 =
ResNet50 Hold 0.5 0.64 0.54 0.57
Buy 0.69 0.52 0.58 =
Sell 0.57 0.6 0.57 =
InceptionV3 Hold 0.63 0.64 0.63 0.67
Buy 0.71 0.73 0.71 =
Sell 0.66 0.6 0.63 =
MobileNetV2 Hold 0.56 0.46 0.44 0.58
Buy 0.63 0.73 0.66 =
Sell 0.67 0.44 0.5 -
Xception Hold 0.61 0.54 0.57 0.64
Buy 0.68 0.71 0.7 -

Sell 0.64 0.62 0.62 =
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Fig. 6: Results from MTF INFY.

(B) MTF INFY Loss vs Epoch
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Exception sees a moderate accuracy boost from 0.57 to 0.64 when finetuned. These findings underscore the importance of choosing the
right architecture and considering the merits of finetuning based on the specific needs and constraints of a given application.”

Table 7: Model Comparison with and without Finetuning in MTF images [42]

Without Finetuning With Finetuning
Image type Model Label B R Fl Accuracy Precision Recall F1-Score Accuracy
Hold 0.57 0.47 0.49 0.61 0.64 0.54 0.58 0.65
MTF VGG16 Buy 0.64 0.73 0.68 - 0.69 0.73 0.7 -
Sell 0.62 0.52 0.55 - 0.62 0.61 0.61 -
Hold 0.64 0.36 0.42 0.59 0.5 0.64 0.54 0.57
MTF ResNet50 Buy 0.6 0.8 0.68 - 0.69 0.52 0.58 -
Sell 0.63 0.42 0.47 = 0.57 0.6 0.57 =
Hold 0.55 0.49 0.5 0.55 0.63 0.64 0.63 0.67
MTF InceptionV3 Buy 0.61 0.66 0.62 - 0.71 0.73 0.71 -
Sell 0.5 0.43 0.44 = 0.66 0.6 0.63 =
Hold 0.56 0.41 0.46 0.58 0.56 0.46 0.44 0.58
MTF MobileNetV2 Buy 0.65 0.76 0.66 - 0.63 0.73 0.66 -
Sell 0.63 0.41 0.46 - 0.67 0.44 0.5 -
Hold 0.56 0.42 0.46 0.57 0.61 0.54 0.57 0.64
MTF Xception Buy 0.61 0.73 0.66 - 0.68 0.71 0.7 -
Sell 0.57 0.44 0.47 - 0.64 0.62 0.62 -
Heeption Jo.0a
l0.57
MobileNetV
l0.58
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2
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.57 I
0.59
ResNet50 |
] 0.65
VGG1o0
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Fig. 7: Accuracy Comparison for Different Models Model Accuracy with and Without Finetuning.
Table 8: Model Comparison with and without Finetuning in GAF Image
I;nygie Model Label ?ccur racy wi R ;Vllthom Fi t:::lcl:facy Accu P racy w R ;}ilth Fin eAI;llE;cg}/
Hold 0.45 0.33 0.36 0.54 0.38 0.32 0.32 0.52
GAF VGG16 Buy 0.61 0.78 0.67 = 0.54 0.73 0.61 =
Sell 0.51 0.3 0.33 - 0.4 0.33 0.34 -
Hold 0.44 0.31 0.3 0.49 0.36 0.39 0.33 0.45
GAF ResNet50 Buy 0.58 0.69 0.61 = 0.6 0.52 0.53 =
Sell 0.35 0.3 0.29 - 0.41 0.36 0.31 -
Hold 0.43 0.81 0.3 0.5 0.47 0.51 0.48 0.56
GAF InceptionV3 Buy 0.57 0.75 0.63 = 0.66 0.65 0.65 =
Sell 0.47 0.3 0.32 - 0.5 0.47 0.48 -
Hold 0.47 0.24 0.28 0.52 0.5 0.27 0.29 0.52
GAF MobileNetV2  Buy 0.58 0.81 0.66 = 0.57 0.76 0.64 =
Sell 0.48 0.29 0.33 - 04 0.26 0.28 -
Hold 043 0.32 0.34 0.52 0.5 04 0.42 0.55
GAF Xception Buy 0.58 0.76 0.65 — 0.65 0.65 0.65 —
Sell 0.48 0.29 0.34 - 0.5 0.5 0.5 -
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Fig. 8: Accuracy Comparison for Different Models Model Accuracy with and without Finetuning.

The figures presented in Figs 7 and 8 capture a nuanced comparison of overall model accuracy, both with and without the application of
fine-tuning. Remarkably, the effect of fine-tuning varies quite distinctly across different combinations of image-creation methods and
pre-trained models. For instance, InceptionV3 experiences a noticeable improvement in its performance metrics, as its accuracy ascends
from an initial 0.5 to 0.56 after fine-tuning. Similarly, the Xception model’s accuracy receives a modest but positive bump, rising from
0.52 to 0.55 post-fine-tuning.

Conversely, the GAF-VGG16 and ResNet50 models see a slight but palpable dip in their performance after fine-tuning, with their accu-
racies descending from 0.54 to 0.52 and from 0.49 to 0.45, respectively. Intriguingly, the MobileNetV2 model remains unaffected by the
fine-tuning process, maintaining its accuracy at 0.52.

The data underscores that fine-tuning is not a one-size-fits-all solution for enhancing model performance. While certain model configura-
tions stand to gain from the fine-tuning process, others might experience an adverse impact. As such, the decision to implement fine-
tuning must be judiciously considered, factoring in the specific intricacies and performance benchmarks of each unique model configura-
tion.

The way that certain CNN architectures handle patterns makes them more effective for financial data. InceptionV3, for instance, detects
both short-term and long-term trends in stock photos by simultaneously using various filter sizes. This is helpful since patterns of varying
lengths are frequently found in financial data. Another powerful model that can learn intricate features with less processing power is
Xception, which works well with big financial datasets. ResNet50, on the other hand, is useful for deep networks since it retains crucial
information across multiple layers, but it might not work as well for more local patterns. Accurate predictions can be made by selecting
the CNN model that best fits the characteristics of financial data.

5. Conclusion

This paper presents an application of pre-trained CNNs for predicting the trends in a financial time series. Specifically, VGG16, Res-
Net50, InceptionV3, MobileNetV2, and Xception were used to predict the trend in a financial time series. The numerical time series was
converted into an Image using the Grammian Angular Field and Markov Transition Field. The pre-trained models were also fine-tuned,
and their performance was optimized even further. The operational feasibility of these adapted CNN models is rigorously assessed in the
Indian Financial sector. This assessment is specifically targeted at twenty diverse stocks from the NSE index: Nifty. We showed that in
our experiments, the model InceptionV3 performed better compared to other models. Although the margin of improvement was small,
nevertheless, InceptionV3 emerged as a consistently strong performance model. Specifically, the prediction accuracy came out to be 67%
on twenty different stocks. The model’s prediction accuracy of 67% on 20 stocks was better than chance. Despite these promising studies
like [43] shows that such accuracy can only generate profits when combined with a tested trading strategy. Real-world gains are also
influenced by market conditions and transaction costs.

This figure shows that in the long run, such models would result in considerable profit following the Law of Large Numbers. The analy-
sis presented in the article further augments the existing knowledge base by offering substantial insights for future research endeavors
and contemporary methodologies operating at the confluence of Economics and Artificial Intelligence. Furthermore, this article tried to
present a new guideline for improving the performance of stock trend prediction using advanced CNN-based models.
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