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Abstract: This paper aims to explore the potential application of Extreme Learning Machines (ELM) in stock 

price prediction and optimise the ELM model by combining the Crown Porcupine Optimisation Algorithm 

and the Adaptive Bandwidth Kernel Function Density Estimation Algorithm. Specifically, the model's root 

mean square error (RMSE) on the test set is 0.018, which shows its good prediction accuracy. Meanwhile, the 

correlation coefficient R reaches 0.968, proving the model's effectiveness in predicting stock prices. In addition, 

the coefficient of determination R² of the training set and test set are 0.987 and 0.954, respectively, which are 

not much different, indicating that the model has good generalisation ability and is not prone to overfitting. 

This is crucial for practical application, as it implies that the model fits the existing data well and makes accurate 

predictions for future data. In terms of other evaluation metrics such as Mean Absolute Error (MAE), Root 

Mean Square Error (RMSE) and Mean Absolute Percentage Error (MAPE), the performance is excellent in both 

the training and test sets. Together, these results indicate that after optimising the ELM by introducing the 

crown porcupine optimisation algorithm and the adaptive bandwidth kernel function density estimation 

algorithm, the model can effectively capture the changing stock price pattern, thus achieving efficient and 

accurate stock price prediction. In summary, this study not only demonstrates the great potential of ELM in 

stock price prediction but also highlights the importance of improving the model performance through 

advanced algorithm optimisation, which provides a new way of thinking and methodology for financial 

market analysis. This strongly supports investors' decision-making and lays the foundation for related 

research. 

Keywords: extreme learning machine; crown porcupine optimisation algorithm; adaptive 

bandwidth kernel function density estimation algorithm 

 

I. Introduction  

The stock market, as an important part of the modern economy, has attracted the attention of a 

large number of investors and researchers. The fluctuation of stock prices not only affects investors' 

returns, but also reflects the market's expectation of a company's future development potential. 

Therefore, accurate prediction of stock prices has become an important topic of research in many 

fields such as finance, economics, and computer science [1]. With the development of information 

technology, especially the rise of big data and machine learning technologies, traditional stock 

analysis methods are gradually replaced by more complex and efficient algorithms [2]. 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
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Historically, stock price prediction mainly relied on fundamental and technical analyses. 

Fundamental analysis focuses on factors such as a company's financial condition and industry 

outlook, while technical analysis focuses on historical price and volume data. However, these 

methods often fail to adequately capture the non-linear characteristics of the market and its complex 

dynamics, so researchers have begun to explore methods based on time series analysis to improve 

the accuracy of forecasts. Time series algorithms are an important tool for dealing with data that 

changes over time, and the core idea is to use past data to predict future trends. In stock price 

forecasting, time series models provide a basis for investment decisions by capturing patterns and 

regularities in historical price movements. 

Common time series algorithms include the Autoregressive Moving Average Model (ARMA), 

the Seasonal Autoregressive Integrated Sliding Average Model (SARIMA), and the Long Short-Term 

Memory Network (LSTM). The ARMA model is suitable for smooth time series and forecasts because 

it establishes a linear relationship between current and past values. At the same time, SARIMA 

considers seasonal factors on this basis, making the model more flexible and applicable [3]. 

Deep learning algorithms such as LSTM have received widespread attention in recent years for 

their powerful nonlinear modelling capabilities. LSTM can effectively capture long-term 

dependencies and is well suited to handle data with complex patterns and trends, such as stock 

prices. In addition, LSTM can be combined with other features (e.g., trading volume, macroeconomic 

indicators, etc.) to enhance the prediction effect further. In the research of stock price prediction, 

although traditional time series algorithms such as ARMA [4], SARIMA [5] and deep learning models 

such as LSTM show good results, they often face problems such as high computational complexity 

and long training time when dealing with large-scale data. In order to solve these challenges, Extreme 

Learning Machine (ELM) as an emerging machine learning method has gradually attracted the 

attention of researchers. 

Extreme Learning Machine is a kind of Single-hidden Layer Feedforward Neural Network 

(SLFN), whose main feature is its fast learning and efficient generalisation ability. Unlike traditional 

neural networks that need to be trained iteratively by back-propagation algorithms, ELM only needs 

to randomly initialise the weights of the hidden layer nodes during the training process, and then 

directly calculate the output layer weights by the least squares method. This process significantly 

reduces the training time and makes ELM perform well when dealing with large-scale datasets [6]. 

In stock price prediction, the Extreme Learning Machine is able to effectively capture nonlinear 

features and has strong generalisation ability. Since data in the financial market is usually complex 

and diverse, ELM can extract valuable information by reasonably selecting and pre-processing the 

input data. For example, historical prices, trading volumes, technical indicators, and macroeconomic 

factors can be used as input features to be integrated and analysed through the ELM model. In order 

to take advantage of the great potential of ELM in stock price prediction, this paper optimises the 

ELM based on the crown porcupine optimisation algorithm and adaptive bandwidth kernel function 

density estimation algorithm to predict the stock price, which is worth noting that it is a brand-new 

approach in stock price prediction. 

II. Data from Data Analysis 

The dataset selected for this paper is an open-source dataset that records opening, high and 

closing prices, it is a comprehensive collection of financial data that provides a detailed view of daily 

trading activity on the CBX. The dataset has been carefully designed to include important 

components of each trading day, such as the opening price (open), the day's high (high), the closing 

price at the end of the trading session (close), and volume. We select some of the data for presentation 

and the results are shown in Table 1. 

Table 1. Selected data sets. 

date open_value high_value low_value last_value 

2015/12/30 1689.22 1689.71 1673.62 1689.63 

2015/12/29 1675.79 1691.02 1673.37 1689.94 
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2015/12/28 1655.92 1677.17 1652.76 1675.88 

2015/12/23 1647.66 1655.77 1641.41 1655.77 

2015/12/22 1655.71 1655.71 1642.6 1647.67 

2015/12/21 1657.62 1657.86 1649.55 1656.75 

2015/12/18 1659.32 1659.58 1650.21 1657.62 

2015/12/17 1660.69 1660.69 1656.11 1658.96 

2015/12/16 1656.43 1660.81 1652.61 1660.81 

2015/12/15 1653.74 1656.34 1646.09 1656.34 

2015/12/14 1659.8 1661.31 1652.81 1653.09 

2015/12/11 1672.94 1673.43 1657.84 1659.99 

2015/12/10 1680.02 1680.25 1673.3 1673.3 

2015/12/9 1679.15 1681.56 1675.01 1680.02 

2015/12/8 1685.04 1685.39 1676.48 1679.34 

2015/12/7 1673.22 1685.7 1669.19 1682.51 

2015/12/4 1677.37 1679.78 1671.6 1673.21 

We select the time and the opening price in the data to be used in our experiment, which aims 

to predict the daily opening price of a stock through a time series algorithm. 

III. Method 

A. Extreme Learning Machine 

Extreme Learning Machine (ELM) is an emerging machine learning algorithm mainly used to 

train single hidden layer feedforward neural networks. Compared with traditional neural network 

training methods, ELM has significant advantages in speed and efficiency and is especially suitable 

for handling large-scale datasets. The structure of the Extreme Learning Machine is shown 

schematically in Figure 1. 

 

Figure 1. The structure of the Extreme Learning Machine. 

The basic principle of an Extreme Learning Machine is to map the input data through randomly 

generated hidden layer nodes and then calculate the output weights through simple linear regression. 

Specifically, ELM first randomly initialises the parameters of the hidden layer nodes, including 

weights and biases. These parameters are not adjusted during the training process, but are fixed. This 

process allows ELM to quickly construct a high-dimensional feature space, thus improving the 

model's performance [7]. 

In ELM, the number of hidden layer nodes and the activation function are pre-set. By linearly 

combining the input samples, a hidden layer output matrix is generated H. Each column of H 

corresponds to the output of a hidden layer node, which are processed by activation functions (e.g., 

sigmoid, ReLU, etc.). Since these hidden layer nodes are randomly generated, the overfitting problem 

can be effectively avoided. Once the hidden layer output matrix H is obtained, the least squares 

method can be used to solve the output weights. 
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B. The Crowned Porcupine Optimisation 

The Crowned Porcupine Optimisation (CHO) algorithm is an emerging population intelligence 

optimisation algorithm inspired by the behavioural traits of the Crowned Porcupine. The algorithm 

aims to solve complex optimisation problems by simulating the foraging and survival strategies of 

crowned porcupines in nature [8]. 

The Crown Hedgehog Optimization Algorithm (CHOA) is an emerging nature-inspired 

optimisation algorithm inspired by the foraging and survival strategies of the Crown porcupine. The 

algorithm shows good performance in dealing with complex optimisation problems, especially for 

high-dimensional, nonlinear and multi-peaked functions. 

The Crown Hedgehog is a small mammal that lives on the edges of grasslands and forests and 

is known for its unique foraging behaviour. When searching for food, this animal evaluates its 

surroundings through multiple senses, including smell, sight and hearing, and makes decisions 

accordingly. The Crowned Porcupine Optimisation Algorithm simulates this process to find the 

optimal solution by establishing a mechanism for information exchange and cooperation between 

individuals. 

The implementation steps of the algorithm are: 

Initialisation: a set of initial individual positions are randomly generated, each representing a 

potential solution, and their fitness values are calculated. 

2. fitness evaluation: each individual is evaluated for fitness to determine their performance in 

the current solution space. 

3. Information sharing: Based on the fitness value, the better-performing individual is selected 

as the "leader", and their information is shared with other individuals. This process allows the group 

to move in a better direction. 

4. Position update: The position of each individual is updated based on the leader's information 

and its state. Position updating usually includes random perturbations and strategies for moving 

towards the leader to balance exploration and exploitation. 

5. Iteration: repeat steps 2 to 4 until the stopping condition is met (e.g., the maximum number of 

iterations or the fitness reaches a preset threshold). 

6. Output: return the individual's position corresponding to the best fitness, i.e., the optimal 

solution. 

In conclusion, the Crowned Porcupine Optimization Algorithm is a novel and efficient group 

intelligence optimisation method, which provides a new way of thinking for solving complex 

optimisation problems by simulating the behaviour of crowned porcupines in nature. 

C. Adaptive Bandwidth Kernel Function Density Estimation 

Adaptive Bandwidth Kernel Function Density Estimation (ABKDE) is a nonparametric 

probability density function estimation method. Compared with traditional kernel density estimation 

(KDE), ABKDE improves the accuracy and flexibility of the estimation by adaptively adjusting the 

bandwidth, mainly when the data is unevenly distributed or has a complex structure. 

Kernel density estimation is a commonly used statistical method for inferring potential 

probability density functions from sample data. The basic idea is to obtain an overall density estimate 

by placing a kernel function (e.g., a Gaussian kernel) on each observation and superimposing the 

contributions of all kernel functions. Traditional KDEs use a fixed bandwidth to control the width of 

the kernel function, which works well when the data is more evenly distributed. Still, in the presence 

of significant data clustering or sparse regions, a fixed bandwidth can lead to overly smooth or overly 

volatile results. The specific principle of kernel density estimation is shown in Figure 2. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 August 2024                   doi:10.20944/preprints202408.1116.v1

https://doi.org/10.20944/preprints202408.1116.v1


 5 

 

 

Figure 2. The specific principle of kernel density estimation. 

The core idea of adaptive bandwidth is to dynamically adjust the bandwidth according to the 

distribution of local data points. In regions with denser data points, a smaller bandwidth can capture 

more details. In contrast, in sparse regions, a larger bandwidth is used to avoid noise from 

significantly affecting the results. This flexibility allows ABKDE to reflect the actual 

distribution characteristics of the data more accurately. The specific principle of adaptive 

bandwidth is shown in Figure 3. 

 
The specific principle of adaptive bandwidth. 

The implementation steps of the algorithm are: 

1. select the kernel function: first, select a suitable kernel function, e.g., Gaussian kernel, 

Epanechnikov kernel, etc., which will determine the shape of the influence of each data point on 

the final density estimation. 

2. Calculate local density: For each sample point, calculate the number of data points within a 

specific range around it and determine the required bandwidth at that location based on the 

information of those points. Commonly used methods include distance-based methods such as 

the k-Nearest Neighbour (k-NN) method, which sets the local bandwidth by selecting the k 

nearest neighbours. 

3. Update bandwidth: Dynamically adjust the bandwidth corresponding to each sample point 

according to the number and distribution of local data points. Typically, denser regions get 

smaller bandwidths, while sparse regions get larger bandwidths. 

4. Perform density estimation: the final kernel density estimation is performed using the adaptive 

bandwidth, where each sample point corresponds to its adaptively computed bandwidth, and 

all results are summed to obtain the overall probability density function. 

5. Post-processing: Optionally, the results can be smoothed to eliminate possible small-scale 

fluctuations and improve interpretability. 

In conclusion, the adaptive bandwidth kernel function density estimation algorithm overcomes 

some of the shortcomings of the fixed bandwidth method by dynamically adjusting the data influence 

in the local region, making the probability density estimation more flexible and accurate [9]. 

An Extreme Learning Machine Stock Price Prediction Algorithm Based on the Optimisation of 

the Crown Porcupine Optimisation Algorithm with an Adaptive Bandwidth Kernel Function Density 

Estimation Algorithm 

A new ELM optimisation framework is formed by combining the crown porcupine optimisation 

algorithm with the adaptive bandwidth kernel function. In this framework, CHOA is firstly utilised 

to search for the optimal hyperparameter configurations, including the number of hidden layer 

nodes, the type of activation function, and the adaptive bandwidth parameter. In this way, the large 

amount of time and effort required for manual parameter tuning can be effectively avoided. 

Secondly, in the feature mapping stage, the input data is processed by the adaptive bandwidth 

kernel function, which enables the ELM to better capture the nonlinear features in the data. This 
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process not only improves the fitting ability of the model on the training set, but also enhances its 

generalisation performance on the test set [10]. 

IV. Experiment 

In the division of the dataset, we divide the training set and test set according to the ratio of 7:3, 

70% of the data is used for training, and 30% of the data is used for testing the trained model. This 

experiment is conducted using a local server with a 3090 graphics card and 32G of RAM, this 

experiment is based on Matlab R2023b. 

The adaptation curve during the model training process is shown in Figure 4, which shows that 

the training effect of the model becomes better gradually from the model adaptation curve. 

 

Figure 3. The adaptation curve. 

Using the test set to test the prediction effect of the model, draw the residual plot of the model, 

i.e. the difference between the actual value and the predicted value, the results are shown in Figure 

5, from Figure 5, it can be seen that the residuals are mainly distributed in the top and bottom of 0 

and fluctuation amplitude is not large, the RMSE value of 0.018, which indicates that the model in 

the test set of the performance of the effect of the model, the model's ability of the generalisation of 

the model is relatively strong. 

 

Figure 4. The difference between the actual value and the predicted value. 

The model prediction effectiveness is evaluated by outputting 95% confidence kernel density 

estimation curves, optimised adaptive bandwidth kernel density estimation curves and unoptimised 

fixed bandwidth kernel density estimation curves and the results are shown in Figure 6. 
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Figure 5. Optimised adaptive bandwidth kernel density estimation curves. 

Confidence intervals for the predicted values are plotted around the actual values and the results 

are shown in Figure 7. 

 

Figure 6. Confidence intervals for the predicted values. 

The scatter plot of predicted and actual values of the test set is plotted and the results are shown 

in Figure 8. As can be seen from the results, R=0.968, which indicates that the model has a good 

prediction effect and can predict the stock price well. 

 

Figure 7. The scatter plot of predicted and actual values of the test set . 

The prediction effectiveness of the training and test sets is evaluated using R2, MAE, RMSE and 

MAPE and the results are shown in Table 2. 

Table 2. modelling assessment. 

 R2 MAE RMSE MAPE 
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Training Set 0.98768 0.0084355 0.011914 0.01399 

Test set 0.95494 0.0081253 0.010891 0.013614 

The R2 of the training set is 0.987, while the R2 of the test set is 0.954, which is not much different 

from each other, indicating that the model has a better generalisation ability. Meanwhile, on the MAE, 

RMSE and MAPE, both the training set and test set perform well. 

V. Conclusion 

In this paper, we delve into the potential application of Extreme Learning Machines (ELMs) in 

stock price prediction and optimise them effectively with the Crown Porcupine optimisation 

algorithm and the Adaptive Bandwidth Kernel Function Density Estimation algorithm. Specifically, 

we divide the dataset into training and testing sets in the ratio of 7:3 to ensure that the model can be 

effectively validated in different data environments. 

In addition, we calculated the correlation coefficient R and obtained a value of 0.968, a value that 

further emphasises the reliability of the model in terms of stock price prediction. By comparing the 

coefficient of determination R² for the training and test sets, we found that the training set is 0.987 

while the test set is 0.954, which is not much different. This indicates that our model not only fits the 

training data well, but also has a strong generalisation ability to effectively deal with unseen data. 

In summary, this study has deeply optimised the ELM by introducing advanced optimisation 

algorithms and kernel function density estimation techniques, so that it demonstrates excellent 

performance in the stock price prediction task. In the future, with the increasing volume and 

complexity of data in the financial market, this method is expected to provide new solutions to a 

wider range of financial prediction problems. Meanwhile, it also provides a useful reference for 

further research on applying machine learning algorithms in finance. 

VI. Discussion 

Extreme Learning Machine (ELM), as an emerging machine learning method, has shown good 

performance in the field of stock price prediction. Combining the Crown Porcupine optimisation 

algorithm and the adaptive bandwidth kernel function density estimation algorithm, the ELM is 

effectively optimised to make it more efficient and accurate in handling complex financial data. This 

optimisation not only improves the learning ability of the model, but also enhances its sensitivity to 

market fluctuations, thus providing investors with more reliable decision support. 

In our study, the correlation coefficient R reaches 0.968, a high value that fully demonstrates the 

model's reliability in stock price prediction. Usually, the closer the correlation coefficient is to 1, the 

stronger the linear relationship between the predicted and actual values. By comparing the coefficient 

of determination R² between the training and test sets, we find that the training set is 0.987 while the 

test set is 0.954, which is not much different. This result suggests that although the model was well 

fitted during training, it also has a strong generalisation ability to deal effectively with unseen data. 

This is particularly important for financial markets, where the market environment changes rapidly, 

and the model needs to be adaptable to maintain a stable predictive performance. 

In conclusion, by combining the Crown Porcupine optimisation algorithm with the adaptive 

bandwidth kernel function density estimation algorithm, we have successfully enhanced the 

effectiveness of the Extreme Learning Machine in stock price prediction. These research results 

provide new perspectives for academics and strong support for investment decisions in practice. In 

the future, we can continue to explore more optimisation methods and apply them to other financial 

fields to improve model performance further and create greater value for investors. 
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