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ABSTRACT

A semi-parametric evolutionary method called the Fireworks method (FWA) and a radial bias function neural
network (RBFN) are combined in this study to make a new type of network called RBFN-FWA. Effectively adjusting the
RBFN's biases and weights is the goal of integrating FWA. We next used this proposed methodology to predict how

Bitcoin's price will go in the future. The solo RBF N was trained using various optimization techniques such as GA, PSO,
and GD for comparison purposes. This resulted in three new models: RBFN-GA, RBFN-PSO, and RBFN-GD. We also
use all the other models that can do the same thing. Utilizing error metrics like Mean Absolute Percentage Error
(MAPE) and Normalized Mean Squared Error (NMSE), we evaluated the models' performance. In terms of NMSE and
MAPE, the experimental findings show that RBFNN-FWA is the best comparison model, demonstrating its higher

predictive potential.

KEYWORDS: Time Series Forecasting, Radial Bias Function Network, Fireworks Algorithm

1. INTRODUCTION

The stock market, banks, and the conversion of assets
into digital currency are all parts of the financial market,
which in turn affects the economy. The term "trading"
refers to the buying and selling of a wide range of
financial products. Due diligence is essential before
allocating funds to the stock market, as financial wagers
carry a significant degree of risk. The unpredictable
behavior of the stock market has piqued the interest of
researchers and financial organizations in developing
trustworthy prediction systems. Financial time series
trends reflect the general movement of stock prices and
are particularly difficult to analyze due to the market's

nonlinearity, volatility, and lack of stationarity. In order
to make reliable predictions, stakeholders and investors
need to understand the factors that impact market
behavior, such as investor sentiment, political
manoeuvring, economic circumstances, and commodity
prices. Data analysis is essential for overcoming many of
the challenges encountered in financial market research.
Financial forecasting has seen extensive usage of Al
technologies such as sentiment analysis, machine
learning, and deep learning. With the help of Al
techniques like multilayer perceptrons [1], support
vector regression (SVR) [2], recurrent neural networks
(RNN) [3], and deep learning protocols [4], tasks like
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stock prediction can now be done automatically. More
and more people are turning to hybrid optimization
neural networks (HONNS) [5] because of their great
learning capabilities, fast computation rates, and massive
memory capacities. These properties enhance the
precision of predictions and classifications [6]. Also, in
order to improve efficiency and performance in the
financial markets, a number of metaheuristic algorithms
have been employed to deal with challenging refining
problems. They consist of several algorithms, such as
PSO [11], TLBO [12], CRO [13], GA [8], FWA [9],
FFA[10], PSO [11], and many more. These algorithms
offer versatile methods to enhance forecast accuracy and
optimize trading strategies in dynamic markets. Here is
how the rest of the article is structured: In Section 2, we
delve into the existing background study. In Section 3,
we offer a comprehensive explanation of the materials
and methods used in this study. In Section 4, we learn
about the dataset and how the model was trained. In
Section 5, we explain the simulation setup and analyze
the results. Finally, in Section 6, we wrap up with some
final thoughts. The bibliography is listed at the
conclusion.

2. LITERATURE SURVEY

Although HONNSs are used in many other financial
applications, our study is focused on their exceptional
effectiveness in financial market prediction. For financial
time series forecasts, HONNs and variants are
commonly used because of their fast learning, high
generalization capacity, and minimal complexity
structure. These models have been found to be more
robust and dependable than other artificial neural
network (ANN) models. Any trader serious about
making money investing needs a solid plan for making
predictions and some solid rules to follow. The
combination of non-linearity and market volatility
makes it difficult to build a dependable predictive model.
Tolerance for error, capability to identify market
anomalies and uncertainty, coupled with high accuracy
through mistake minimization or elimination are the
hallmarks of a trustworthy financial prediction model. A
trustworthy prediction model also has the capacity to
adjust to different training procedures to get the best
results. According to Nayak et al. [14], a pi-sigma
HONN was suggested for stock index forecasting. They
also devised an improved neural network model for
computational efficiency in financial time series
forecasting [16]. Dash et al. [15] created a CSA-based
PSNN predictor for gold price prediction, whereas
Sahoo et al. [29] used a PSNN in conjunction with
MOGA to forecast stock market prices. The SDE
technique was also used to train a PSNN by Dash et al.
[17].In [27], the author examined how well a HONN
with ISFLA predicted currency exchange rates. In their
study, Nayak et al. [18] presented and evaluated a new
HONN-based FFA that draws inspiration from nature.
The PSO-GA-based PSNN and the new HBMO with

HONN proposed by Nayak & Naik [19,22] and Nayak et
al. [19] both use the standard backpropagation GD
Learning to sort things into groups. Using an I[PSO and a
higher-order PSNN, Kanungo et al. [23] developed and
tested a non-linear classifier. Nayak et al. [24] optimized
a HONN using the TLBO algorithm, and they also
proposed a PSO-based HONN for classification [25].
For fuzzy time series forecasting, Pattanayak et al. [21]
presented a unique hybrid DE-PSNN, while Nie and
Deng [20] examined the convergence of a GA-based
PSNN. They went a step farther and suggested a Pi-
Sigma HONN hybrid CRO for the identical objective
[28]. Last but not least, a PSNN was used to examine the
identical time series by Bas et al. [30]. Similarly, RBFN,
another kind of HONN, has helped with a number of
financial forecasting tasks, including time series
forecasting [31], corrosion rate prediction [32], wear
prediction in drilling [33], and network traffic flow
forecasting [34].

The literature review highlights the prevalence of hybrid
evolutionary models in financial forecasting,
predominantly relying on parametric evolutionary-based
approaches. However, less attention has been paid to the
utilization of non-parametric evolutionary algorithms.
This gap motivates our research, where we propose to
integrate a semi-parametric algorithm such as FWA with
RBFN to optimize the weights and biases of RBFN,
yielding a novel model termed RBFN-FWA.
Subsequently, we apply utilizing a hybrid approach for
forecasting the closing price of Bitcoin, addressing the
aforementioned gap in the literature.

3. MATERIALSAND METHOD
In this section, we will delve into GA, PSO, FWA, and
GD algorithms, alongside the RBFN forecasting model.

3.1 Genetic Algorithm

Taking cues from Darwin's idea of natural selection,
Holland unveiled the genetic algorithm in 1975 [8]. This
method mimics natural selection by randomly mixing
solutions and giving preference to the best parents. The
genetic algorithm guides the population towards an ideal
solution over subsequent generations by randomly
selecting members of the current population as parents in
every generation. To learn about the widespread use of
genetic algorithms for forecasting financial time series,
interested readers can peruse a number of studies in the
literature [20, 35]. In a standard genetic algorithm, there
are four steps:

a. Initial Population: A group of chromosomes, one
for each possible solution to an issue, constitutes the
starting point of the procedure. These chromosomes'
genes determine their traits.

b. Selection: The probability of a chromosome being
inherited from one generation to the next is directly
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proportional to its fitness level.

Crucial to the genetic algorithm is the crossover phase. In
order for an organism to develop into a new species, the
DNA of both parents must be transferred during mating,
and a random crossover point is randomly chosen from
each pair of genes. In order to improve algorithmic
exploitation, the crossover operator investigates the
region around a chromosome.

c. Mutation: Exploration can be facilitated by the
mutation operator if certain genes in newly created
progeny undergo mutation. Using chromosomes to
define solutions is a cornerstone of genetic algorithm
modeling. Figure 1 depicts the chromosome structure,
the single-point crossover operation, and the mutation
method used in genetic algorithms.

Individual 1: KRERERIEN —1
Inclividual 2: RARREIENEIRH] Initalization
Individual 3: RN

v
felected for Repfoduction:

Individual 2: F RS (R
- Selection:
Individual 1: FAPAR R S A

1 Individual 2: RAYRCR( N

Crossover Point; 3 ndividal m Reproduction
PR 1 29 4 5 1)

Mutation:{Random change n 1 or more elements)

Offspring 1: mm Mutation
Offspring 2 mm

Replacement and new populations

ofspin . EAEI] ) Crossover
oterng . AN KR

Figure 1 GA Operations

3.2 Particle Swarm Optimization (PSO)

The PSO algorithm is among the most influential swarm
intelligence and intelligent optimization approaches. The
PSO method, first suggested and created in 1995 [11] by
Russell C. Eberhart and James Kennedy, the concept
aims to emulate the social behaviors of animals,
resembling a flock of birds searching for food. This
program mirrors human communication and information
exchange. PSO has proven effective in resolving
numerous optimization challenges, either independently
or in conjunction with other contemporary techniques.
This approach finds the best solution by using agents,
called particles, whose paths are affected by both random
and predictable factors. When in reality, the group's
"best" position and each particle's best position are
influencing how particles move. You may see the PSO
flowchart in Figure 2. The literature contains pertinent
publications [36—37] for anyone interested in the use of
PSO for FTS prediction.

Choose initial parameters

Figure 2 Working Principles of PSO

3.3 Gradient Descent (GD) Learning

GD serves as an optimization technique employed to
minimize the cost function in machine learning and deep
learning models. Its principal objective lies in
discovering the optimal parameters (weights and biases)
of a model, consequently reducing the error or loss
function. The operational framework of the GD Learning
[38]isdepicted in Figure 3.

< start >

Figure 3 Working principles of GDL

3.4 Radial Basis Function Network (RBFN)

RBFN [39] stands out among artificial neural networks
with its distinctive two-layer design. Neuron activation
within the hidden layer depends on the distance from
input-space centers, employing radial basis functions for
this purpose. By consistently utilizing the radial
activation function, the network demonstrates
exceptional performance in tasks such as function
approximation and pattern recognition. Utilizing
RBFNs [40] for financial time series prediction serves as
a notable application, and modifying their architecture
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can potentially enhance their performance in specialized
domains. This network proves valuable across various
contexts because of its ability to cluster input patterns
based on the centers of radial basis functions, thereby
enabling it to discern complex correlations within the
data. An architecture of RBFN forecasting model given
in Figure 4. The key component of RBFN is the radial
basis function, typically Gaussian, which measures the
similarity between input data and reference points called
centroid. The Gaussian RBF function ¢, forthe ;"
neuron is defined as:
2

n 2
-2 (x_Pj) /_2”'j

@, (x)=exp /7! W

Input Layer

Hidden Layer

N, "
redrens Tuning weights

Figure 4 Architecture of RBFN Forecasting model

Where X is the input vector, p, is the centroid vector of the
J'neuron, and r, is the width parameter (spread) of the
neuron's RBF.

Yo = f(w,x)= Swe,(x)+bias @
i=1

Where,W, are the weights connecting hidden layer
neurons to the output and Y is the output of the network.

3.5 FireworksAlgorithm (FWA)

In 2010 [41], Tan and Zhu presented the Fireworks
Algorithm (FWA), which stands for an evolutionary
algorithm that was newly devised and is based on swarm
intelligence. The process begins with the selection of a
fixed number of spots in the solution space, much like
fireworks. As aresult of their explosive mechanism, these
pyrotechnics produce a shower of sparks. After
iteratively improving the solution's quality, the best
solutions derived from fireworks and sparks are selected
to be the fireworks for the subsequent generation. Thanks
to its impressive global search and information usage
capabilities, FWA has garnered significant attention from
researchers and has shown great performance on a variety
of real-world challenges. One way to think about an
explosion in a localized setting is as a search. In Figure 5,

we can see the FWA operating concept. The amount of
sparks C, can be expressed as follows if £, is a explosive
and M, is the amplitude of an outburst:

[ Randomly initialize n locations

¥

r)[ Setup n fireworks at n locations

¥

[ Obtain the location of sparks ]

[ Evaluate the quality of the
locations

4 Select n locations ]

Figure 5 Working principle of FWA

- k)= £

Z(f(kj)_fmin +e
J=1
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=

In Eq. (3), the largest possible explosion amplitude is
denoted by fmin the least and most objective functions

among P fireworks are denoted by fmin and fmax,
respectively; by m, the parameters that determine the

sparks produced by a firework; and by€, a constant that
prevents zero division.

4 ABOUT THE DATASET AND TRAINING
RBFNMODEL

We collected daily Bitcoin data from www.
yahoofinance. com spanning from January 2, 2020, to
January 2, 2024. The datasets underwent pre-processing
using sigmoid normalization [42]. Figure 6 illustrates the
fundamental statistical properties of the Bitcoin closing
price, while Figure 7 depicts the historical trend of
Bitcoin's closing prices. Among the various available
features, we selected Open, Close, Adj Close, High, and
Low as inputs for the RBFN model.
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Figure 6 Statistical Properties of Close Price of Bitcoin
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Figure 7 Close Price history of Bitcoin

Employing a sliding window [42] procedure with a
window size of 3, we divided these features into training
and testing datasets, maintaining a 60:40 split ratio
between the two sets of data. A sliding widow of size 3 is
depicted in figure 8.

Training datasets

A
r ™ - ™
x(D) x(2) x(3) Sox(4)
x(2) x(3) x(4) Slox(5)
x(3) x(4) x(3) -< x(6) | >
[x(4) x(5) x(6) | x(7)]
J N J
Y Target data

Testing datasets
Figure 8§ Sliding window of'size 3

Our prediction model underwent training and evaluation
using these methods. The proposed RBFN metaheuristic
technique is founded on a single-hidden-layer model.
FWA, GA, PSO, and GD were individually employed to
determine the weights of hidden-output neurons and the
bias vectors connecting them. The entire training process
of RBFN using FWA is visually depicted in Figure 9.
Suppose thatthe inputvector — i[n]=[i,,i,,i5,...,0, ]

represents the modified closing prices. Suppose that the

inputvector i[n] iscoupledtoaweightvector

W[n]= [Wy1sWigseees Wy

for each summing unit neuron. The output neuron of the
model receives the final closing price after the model is
inputted with a series of patterns i{#n] The model's

predicted output, Y , 1s very near to the goal value, Y’,
when fed the input data. Here is the process for deriving

the error signal €(n)
e(n)=Y"'-Y*

[ Randomly initialize n locations

! Create RBFN model
Setup n fireworks at n locations ] J
Initialize weights and biases
(_ otain the location of sparks | P

i

( Evaluate the quality of the locations |

—
Best location ? Yes
—

Supply input data

Calculate loss

Update weight
No

Select n locations ]

No Max_iterations

reached?

es

Figure 9 Training RBFN using FWA

Algorithm 1 delineates a top-tier methodology for RBFN
model training via an evolutionary algorithm.
Researchers keen on employing this technique may
choose any single evolutionary algorithm from those
outlined above for their training endeavors.

Algorithm-1: Procedure to train RBFN using
evolutionary approach

1.  Adjustevolutionary parameters such as mutation

rate, crossover rate, and others.

Initialize the population.

Generate training and testing data using the sliding

window method.

While there is remaining test data:

Seta counter variable (counter) to 1.

Normalize the data using the Sigmoid function.

Training Phase:

Initialize an iteration variable (iteration) to 0.

While iteration is less than or equal to a predefined

maximum iteration limit:

10. Provide the training data and an individual from the
evolutionary algorithm to the RBFN model.

11. Calculate hidden layer signals.

12.  Compute the output at the output neuron.

13. Use metaheuristic operators to update weights and
thresholds.

Rl

i A
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14. Identify the best-fit individual and update the
population accordingly.

15. Incrementiterationby 1.

16. Endtheiteration loop.

17. Testing Phase:

18. Use thetest data and the fittest individual from the
population in the RBFN model.

19. Evaluate the RBFN output and calculate the error.

20. Increment counterby 1.

21. Endthetesting loop.

22. Calculate the average error over all test cases.

23. Setasmall value for counter.

5 RESULTAND DISCUSSION

All models were designed using Google Colab in a
Windows 10 environment. Each model was individually
applied to forecast the closing price of Bitcoin. Initially,
they were trained using training datasets, and once the
trained model fixed optimal weights and biases, test
datasets were applied. Every model was employed to
predict the closing price over two different time horizons:
1-day ahead and 7-day ahead forecasting. We employed
MAPE and NMSE metrics as defined by Behera et al.
[42] to gauge the concert of each model. The testing
performance of each model was evaluated in terms of
Average MAPE and Average NMSE for 10 runs. Table 1
presents the error comparison for each model, and for
visualization purposes, we calculated the 1-day-ahead
average and 7-day-ahead average for each model. The
pair comparison bar plot is depicted in Figure 10.

Table 1 Error Score Comparison

Mo Error Period BTC -

MAPE 1-day 0.49123

RBFN - 7 -day 0.58901
FWA -

NMSE 1-day 0.48992

7 -day 0.57851

MAPE 1-day 0.50124

RBFN - 7 -day 0.59902
PSO -

NMSE 1-day 0.49993

7 -day 0.58852

MAPE 1-day 0.51125

RBFN - 7 -day 0.60903
GA -

NMSE 1-day 0.50994

7 -day 0.62853

MAPE 1-day 0.62205

RBFN - 7 -day 0.71983
GD -

NMSE 1-day 0.64074

7 -day 0.75933

0.70004
07 MAPE 0.67094

= NMSE

0.6 0.56923
0.56014 “-
054012 053422 055013 054423

05

Average Value

RBFN-FWA RBFN-PSO RBFN-GA RBFN-GD
Models

Figure 10 Average Errors for 1-Day and 7-Day Bitcoin
Price Forecasts.

Analyzing the data presented in Table 1 and Figure 9
reveals a distinct trend: the RBFN model, trained with
the semi-parametric algorithm FWA, consistently
exhibits superior performance compared to its
counterparts trained with parametric algorithms such as
GA, PSO, and the conventional GD algorithm. Notably,
the RBFN-FWA model outperforms competitive
models, including RBFN-GA, RBFN-PSO, and RBFN-
GD, in terms of both MAPE and NMSE values. This
superiority holds true for both 1-day-ahead and 7-day-
ahead forecasting horizons, emphasizing the robust
forecasting capabilities of the RBFN-FWA model in the
context of Bitcoin closing price predictions.

Additionally, the performance of RBFN-FWA can be
scrutinized through the 1-day ahead forecasting plot
generated for Bitcoin, as illustrated in Figure 10. This plot
offers a detailed visualization of the model's predictive
accuracy and its ability to capture the nuances of Bitcoin
price movements over short-term intervals.

70000 — actual closing prices
~-- training prices

--- testing prices

60000
50000

& 40000

=

2

i

k]

G 30000
20000

10000

0 200 400 600 800 1000 1200 1400
Days

Figure 11 One-day ahead forecasting plot of RBFN-
FWA for Bitcoin

6 CONCLUSIONS

In this research, we integrated a semi-parametric
evolutionary algorithm, known as FWA, with an RBFN
to create a hybrid network termed RBFN-FWA. FWA
was utilized to effectively adjust the biases and weights of
the RBFN. Subsequently, we applied this hybrid model
to predict future price movements of Bitcoin. For
comparison purposes, we trained the standalone RBFN
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using alternative optimization algorithms, including GA,
PSO, and GDL, resulting in three additional models:
RBFN-GA, RBFN-PSO, and RBFN-GDL. We
evaluated the performance of all models using MAPE
and NMSE metrics. The experimental results
demonstrated that RBFN-FWA outperforms the other
comparative models in terms of both NMSE and MAPE,
indicating its superior predictive capability. In future
research, we plan to explore the application of the FWA
algorithm with other variants of ANNs to develop
additional hybrid models. Furthermore, we intend to
employ the RBFN-FWA model to forecast other
financial time series data.
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