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Abstract

With the incredibly volatile stock market in 2020, many professional investors won big,
but almost all average citizen investors lacked the resources to participate, such as investment
knowledge, time, attention, and buying capital,, leaving them at a great disadvantage. There have
been Al and prediction algorithms that have been developed that are making “smart” investing
available to more people, but the algorithms are still difficult to understand as there is a code
language barrier. The algorithms are also difficult to trust as they are opaque in how they process
strictly numerical data into predictions. Thus, this experiment tested to see if an image data-
based algorithm like the Pix2Pix Conditional Generative Adversarial Network (CGAN) would
be able to predict the next week’s stock prices. By focusing on image data, it promotes more
understanding of the algorithm as common investors can more easily see patterns through visual
representations of stock prices. It also explores the Gramian Angular Summation/Difference
Fields (GAF) image representation method that could encode more pertinent relationships
between data points than a direct candlestick image. Experiments ended up showing that the
model’s prediction GAF image for the next week’s prices had a 74% similarity rate with the GAF
image of the next week’s actual prices, suggesting that the image-based model and GAFs could
be considered for future stock prediction.

Keywords: Generative Adversarial Networks, Stock Market, Time-Series, Optimization,
Prediction, Artificial Intelligence, Gramian Angular Fields, Image Data, CGAN, Candlestick
Graphs
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Introduction

Millions of Americans with money staked
in the stock market lose precious savings in the stock
market every day. In fact, more than 50% of all US
families own publicly traded stock in some form,
often drawn in by promises of money and fortune
(1). The COVID-19 pandemic has only increased
public interest in the stock market, especially with
Congress representatives making more than $290
million through trading in 2020 (2). However, most
of the time, investments in the stock market made by
common citizens lose money, with over $415 billion
lost in 2020 as they do not have the same access to
resources and knowledge as professional investors (3).
Thus, this research aims to address how technology
may be able to help more citizens win in the stock
market, the computer algorithm acting as a stock
market “advisor” by predicting the next week’s stock
prices. This isn’t a new concept, as there are already
existing Al models that operate by predicting future
events through the analysis of historical data and
trends. The most common method used to predict
stock price change is based on LSTM (Long Short-
Term Memory), a deep learning framework for
time-series, to build a predictive model (4, 5). This
method uses numerical stock values (open, close, and
high, low, and volume) directly to train the models
(6). Although this method has seen success so far, it is
impossible for a human to look at the same numerical
data and process the information immediately and
draw useful conclusions (7). If the algorithm used
visual data, particularly starting with graphs that
humans can easily read, it could increase the trust
and transparency of these predictive model to the
average consumer. Therefore, we also wanted to focus
on trying to use image data in our stock prediction
algorithm so it would be easier to understand from
an untrained eye. We turned towards Generative
Adversarial Networks to create an understandable and
accurate model.

Generative Adversarial Networks, or GANSs,
are a class of machine learning frameworks designed
by lan Goodfellow in June 2014 (8). The adversarial
process involves using two neural networks that
compete against each other in a zero-sum game;
the generator tries to create similar images from an
existing data set that will confuse the other network,
the discriminator, into classifying the generated images
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as real data. Since the “indirect” training happens
through the discriminator, it also updates itself and the
generator constantly, allowing the model to learn in
an unsupervised manner. This powerful architecture
has researched in the past for stock prediction, using
networks like Multi-Layer Perception (MLP) and
LSTM, and showed promising results that show the
potential of image-based prediction (9). Specifically,
the Pix2Pix CGAN, typically used for image-to-
image translation, works off of the previous data
entered. Thus, the conditional aspect of the network
ensures that the newly generated image is a time-
series prediction, not just a random candlestick graph,
hypothetically making the predicted images more
accurate. The Pix2Pix CGAN is unique in the way
that it does not use the popular LSTM algorithm

and instead uses a generator with a U-Net-based
architecture and a discriminator represented by a
convolutional PatchCGAN classifier (10). U-Net is an
architecture for semantic segmentation. PatchCGAN is
a type of discriminator that runs convolutionally across
the image, trying to classify if each patch in an image
is real or fake, and then averaging all responses to
provide the ultimate decision

We hypothesized that image data and the
Pix2Pix CGAN model would be able to predict
stock prices, and conducted two main experiments,
which will be referenced throughout this paper. Both
experiments were meant as an iterative experimental
process to further discover the potential and use of
CGANSs in time series prediction. The main difference
between the two experiments is the type of data that
was used. The same stock market index was used, the
Standard and Poor’s 500, otherwise known as SPY,
because it gives a general sense of how the market
is doing and the specific stock is not particularly
important as we are testing the overall effectiveness
of the prediction method. For the first experiment, I
used images of candlestick graphs from 1993 to 2003,
but in the second experiment, we used more recent
data spanning from 2009 to 2019 and eliminated the
graph formatting distractions by directly encoding
the numbers into GAF images. Candlestick charts
cleanly display the open, high, low, and close of the
day, and are easy to interpret at a glance, making them
our first choice as image data to train the CGAN on.
However, because the stock market’s prices have such
a large range over each 10-year period, the candlestick
charts automatically scale themselves to display each
week’s candles most optimally (Fig. 1). This raises the
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problem of standardizing each image’s scale, which

is incredibly difficult to do as many of the smaller
candlesticks become invisible when the scale becomes
too big. After reading about Gramian Angular Fields
(GAFs), which represent numerical time-series data

in a non-Cartesian coordinates system, we realized

it would eliminate the issue of scaling for all pieces

of data (11). The black and white encoded images do
lose transparency for the general reader of the data
images (Fig. 2). Nonetheless, using the GAF package
is a clean way to ensure all images are equal (5x5
pixels) and can speak to the promise of time-series
prediction using image-based data (12, 13). After

both experiments, we saw that our results supported
our hypothesis: the conditional generative adversarial
network was able to use image data to predict the price
of the S&P 500 with relative accuracy.

Results

In the first experiment, images of candlestick
graphs of SPY data from 1993 to 2003 were analysed
to see if the Pix2Pix CGAN on Google Colabratory
could be used to predict the next week’s stocks.
Unfortunately, we were unable to come up with
conclusive results as the generated images looked
completely different from the real graphs. They could
also not be interpreted because each candlestick would
have multiple ending points and spindles, which
indicate the prices at which the stock closes and opens
at, crucial to determining a prediction for the next
day. However, all the fake images were able to pick
up the general candlestick shape, with a rectangle
and spindles sticking out on the ends, as well as the
separation between the five candlesticks, which can
speak to the effectiveness of the CGAN itself (Fig. 3).

In the second experiment, GAFs were
analyzed to encode the highest price that the S&P
500 hit each day from 2009 to 2019. We also wanted
to quantify our results and accuracy of the method,
so we decided to use a cosine similarity function to
determine the similarity between the fake images that
were generated as predictions and the real images
that were used as tests (Fig. 4). After calculating the
similarity percentage of each pair of images using a
pixel-by-pixel comparison, we got a final average of
0.7383, or around a 74% similarity rate of the entire
model.
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Discussion

When analyzing our first experiment, it
was identified that there were some fundamental
things amiss with the images we trained the Pix2Pix
CGAN on, so it wasn’t unexpected that we didn’t
have clear and conclusive answers. The CGAN
was unable to pick up the significance of white and
black candlesticks, which represented bullish and
bearish patterns, and tended to make all the generated
images white candlesticks. There were also often
many spindles and cutoff points on one candlestick,
which was inaccurate and didn’t provide any actual
interpretable value. One of the most fundamental
problems with these graphs in experiment 1 is that
the images included the axis numbers, axis titles,
and white space around each image. The axis labels
were unreadable and only added noise to the image.
A deeper problem discovered was that the images did
not have the same scaling for each photo, which meant
some photos would display more range of monetary
value than others. In the second experiment, although
an average of 74% accuracy may not seem very high,
if we consider the context of CGANSs as well as the
danger of overfitting, this proves that the CGAN model
has great potential in being used as a trustworthy way
to predict stock market data.

There are benefits and drawbacks of both
types of usage of the CGAN model proposed. The
model that uses the candlestick graphs makes the data
easier to understand for the public eye, but they are
more difficult to train with because they have more
components within the image the CGAN needs to filter
out and account for when trying to make a prediction.
The second method with the GAF images is harder
to understand, but it can streamline the process of
training the CGAN and prediction, which would likely
provide more accurate results.

There are two novel things about the research
completed in this paper: the usage of image rather
than raw numerical data, and the encoding of time-
series data using GAFs. The goal of exploring and
implementing this new method of predicting stocks is
to increase awareness and promote more engagement
with this intersection of financial and Al literacy.
Future work could involve a series of “mix and
matches”. This means changing variables such as the
kind of GAN used (implementing LSTM, MLP, or
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other networks), the specific stock or index used, using
a different data point out of the OHLC of a stock,
running multiple experiments with OHLC and then
evaluating all of them together to get a better overall
sense of the stock, etc. (14). We believe there is a point
where these two approaches explored in our research
can come together so that not only can we include
visual data to increase transparency with consumers,
but also preserve the accuracy rate achieved when
using GAFs (15). This method could be applicable

to different kinds of time-series datasets and can be
further developed so that the model is easier for the
public to use, adapt to, and understand.

Materials And Methods

Experiment 1: Candlestick Graphs

In the first experiment, I used SPY (SPDR
S&P 500 trust) data from 2/22/1993 to 4/17/2003,
10 years, to create 512 images in total. Each image
featured 5 candlesticks on one graph since each
candlestick represents one day, the entire image
represents one week of trading. In addition, each
image is at the size of 800 x 575 pixels, including the
extra margin of white space. Each graph is lined with
a black outline, with axis labels including the written
month and date. The background of the graph is the
same for each one, a light blue with white lines, and
each candlestick is of the same width, though they are
either black or white depending on if the stock fell
or rose from its opening price that day, respectively
(Fig. 1). They also have needles on each side of each
candlestick as it represents the range the price hit that
day.

Experiment 2: GAF Images

In the second experiment, the data was
shifted to be more recent SPY data in a time range
from 01/02/2009 to 12/30/2019, 10 years with 552
images in total. This time frame was chosen because
it avoids any extremely dramatic movements in the
overall market. The data starts by recovering from the
2008 recession and ends right before the COVID-19
pandemic, which resulted in drastic aftereffects,
including the huge crash in March of 2020.
Considering the goal of this experiment was to test
the effectiveness of the image prediction method, this
particular time frame avoided potentially “confusing”
the CGAN with such dramatic stock differences in
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short amounts of time, as they were “black swan”
events and don’t accurately represent what the
algorithm would be predicting if applied to the real
world.

The most important difference in the second
experiment was that the use of Gramian Angular
Fields, or GAFs, was implemented.. My original
reason to choose GAFs is that it was difficult to
manipulate the graphs do not include the white
margins and different words on the axis changes a
numerical data point to a pixel, it can only do one
numerical data point at a time, so the high data point
was chosen since we were curious about possible
predicting the “potential” of a stock. However, after
studying the mathematics meaning of GAFs, it
was concluded that a GAFs image provides more
pertinent information of the times series data: GAFs
essentially are relationships between every point and
every other point in the time series. It also allows
for the exploration of a more effective image-based
presentation than a traditional candlestick chart for
time series data.

To turn the numerical stock data into images,
I used two slightly different methods for the two
experiments. In the first experiment, I used the Python
package Matplotlib Finance to create candlestick
graphs from the numerical data. I looped through all
the data in 5-day increments and saved them to my
Drive through a mounted folder on Google Colab.
In the second experiment, I followed the same steps,
only creating GAF images using the code package
from the Chen and Tsai experiment. Then, I split my
image data in both experiments into A and B sets, with
subsections of training and testing sets. For experiment
1, I split the 512 images into two folders- A and B.
256 images went into each, and within each A and B
folder were 51 images placed into testing and 205 in
the training folder that met a 20/80 split, respectively.
Folder A contained the first week and every other
week’s (even weeks) data after that, while the B folder
included the second week and every other week’s (odd
weeks) data afterward. This allowed for the Pix2Pix
CGAN to place every two weeks’ images together and
hypothetically find a correlation from one week to the
next. In the second experiment, I followed the same
steps, the only difference being that there were 552
GAF images in total, with 276 in A and B each and 54
test and 222 training images, maintaining the 20/80
split from the first experiment.
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Figures and Figure Captions

Figure 1. Image #430 from the training data of Set A in Experiment 1. 5 candlesticks are displayed with 3 white
(bullish) and 2 black (bearish) candles. Created using Matplotlib graphs in Google Colaboratory.

Figure 2. Real GAF image #442 from the training data of Set A in Experiment 2. Originally 5 by 5 pixels, it is a
blown up black and white image, and was created in Google Colabratory using the GAF package from the original
“Encoding Candlesticks as Images” paper (8).

Figure 3. Fake Generated Image #2270 in Experiment 1. There are 5 white rectangles on a light blue square
background, which was generated by the Pix2Pix CGAN in Google Colabratory as the next week prediction of stock
prices.

Figure 4. Screenshot of my code in Google Colabratory of the cosine similarity function I used to calculate the
accuracy rate displayed on the last line of output.
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