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Abstract 

As part of the scope of the Artificial Neural Network – Particle Swarm Optimization (ANN-PSO) notion, the 

computational capability of ANNs is integrated with the optimization potential of PSO. This method proves to be 

very effective in solving complex non-linear forecasting problems where traditional approaches would not be 

effective. The data interactions that exist are the ones that are modelled and captured by the ANN component. 

However, the PSO method is charged with the duty of minimizing the biases and weights used in the ANN to 

ensure that the model attains the global minimum without being trapped in tiny local minimum. The application 

of this framework can be extended to cash forecast used in business like the one above in which a days of cash 

requirement forecast is created based on experience and factors like holidays, pay check effects and working days. 

However, the given contribution of the PSO element in learning process is linked with continuous transformation 

of variables under the basic guidelines of swarming intelligence, it makes the learning session of ANN more 

efficient. Therefore, the degree of accuracy of forecasts that are given by such configurations is improved, 

especially in the conditions that are in a state of steady evolution. The ANN-PSO model mirrors similar attributes, 

including its ability to process data in parallel and furthermore, its high compatibility with large-scale data as well 

as it robustness when working with both non-linear and linear data set. Incorporating the PSO into a model 

enhances the range of possible solutions and given the peculiarity of the gradient-based approach, it reduces 

mistakes more effectively than the conventional techniques. They suggested that by applying ANN with PSO the 

framework act as an efficient tool for prediction and for solving various issues in several fields. In this case, the 

ANN-PSO strategy suggested here works out to an impressive overall accuracy of over 98% compared to the 

previous systems. 

Keywords: ANN-PSO; PSO; RMSE; MSE; MAE; MAPE 

1. Introduction 

 

ANN-PSO is a complex computing method in order to address complex optimization and forecasting issues, which 

combines two powerful methods. To offer a sound solution that may be applied on a vast register of programs, this 

architecture integrates the pattern recognizing potential of ANNs and the optimization effectiveness of PSO. 

Because of the combination of each of these methods, the basic disadvantage of each is overcome and the all-

round efficiency of both systems is increased [1]. Because of the complicated computation tasks, ANN-PSO has 

recently become the ideal choice for tasks that require high levels of accuracy and flexibility in order to be 

completed. The functioning of the brain in people is the source of inspiration for computational neural networks, 

which are connected nodes (neurons) utilizing data in sequence. The input layer, one or more hidden layer and 

output layer are all categorized under these layers. It is possible for the neural system to discover correlations and 

trends among the information because every single neuron examines the data that is received before it passes it 

along to the next neuron. ANNs are particularly useful in situations where there are non-sequential and multi-

faceted; for example; image recognition, natural language processing, and analysis for predictive purposes. The 

classic techniques of ANN training, on the other hand, often depend on gradual descent methods [2-3]. These 
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techniques are vulnerable to problems such as delayed converge, sensitive to starting weights, and a propensity to 

be stranded in regional minima. Particle Swarm Optimization, meanwhile, is a population-wide optimizing 

approach that takes its inspiration from the communal actions of swarms, which includes schools of fishes or 

flocking of birds. A collection of atoms that cooperatively search for solutions space is what PSO is all about. 

Kennedy and Eberhart first presented it in 1995. The motion of any one particle is controlled by its individual 

optimal experience (local best) as well as the optimal experience of the whole swarm (global best). Each 

component symbolizes a possible solution. This technique guarantees that the challenge space is explored in a 

productive way and helps PSO converge on optimum solutions, even in situations that are complicated and non-

linear [4]. The fact that PSO is able to carry out universal optimization while necessitating the use of information 

about gradients makes it ideal for a significant number of situations. Despite the fact that both ANNs and PSO 

have their own lists of advantages, when applied independently, each of them is characterized with certain 

limitations. Traditional ANNs often suffer from slow growth rates and insufficient convergence based on the 

structure of source datasets that refer to extremely dimensional and messy data. On the other hand, while PSO is 

excellent in finding the global optimal solutions, it lacks repeatability and accuracy that may be necessary for 

applying tuning in problem area of concerns. These restrictions explain the necessity of using a blended model 

that incorporates Useful elements of both types of approaches. The Artificial Neural Network-PSO model achieves 

this through PSO for the identification of optimum biased and weighted elements of the neural network. This 

enhances the conditioning procedure of the respective neurons within the network and guarantees its convergence 

at minimum across the world. 

 

In the ANN-PSO framework, one of the most appropriate predictive tools is a neural network that has the task of 

analysing the data received and issuing the forecast; output [5-6]. Therefore, PSO optimizes settings of the system 

avoiding a goal function, which most frequently is a difference between anticipated and actual outputs. The 

effectiveness and robustness of the algorithm are therefore enhanced by the employment of swarm intelligence to 

make successive adaptations of both the biases and weights of the ANN. Especially useful for application that 

include changing, multidimensional, or data that is noisy, this combined technique is especially advantageous in 

situations when standard approaches may fail to meet the requirements [7]. The flexibility and speed of the ANN-

PSO model has brought out by the fact that this model is implemented for a diverse area of fields. Its areas of uses 

include stock market prediction, portfolio analysis and credit risk analysis. In the sphere of medical care, it 

facilitates identification of diseases, outcomes assessment of patients as well as provisioning of the optimal 

utilization of resources. Some examples from engineering usage are processes, optimization, allocation of 

resources and defects. This demonstrates that the framework is not only a current-issue, cutting-edge information 

computing tool because it can be all the more effective and sufficiently formalised to accommodate a range of 

issues in categories that are as well as information kinds. 

 

The ability of the ANN-PSO system to overcome limitations of conventional gradient-based methods for training 

is one of the most valuable advantages of this model. Because of the input of swarm insight into the training stage, 

it is possible to escape local minimums and reach the convergence faster The ANN-PSO model is efficient for 

large-scale problems as it increases the accuracy of the forecast and minimizes the time needed for calculation [8]. 

Besides, the ability of the model for nonlinear relationship and confusion information makes it fit for the work 

coming across in real life where data imperfection is inevitable. Another advantage of the syndication of ANN 

with PSO is that this increases the flexibility of the model applied. Professionals and researchers can adjust the 

goal function, the total number of nanoparticles within a swarm as a whole, and the topology framework of neurons 

to create a flexible structure to fit the requirements of a specific situation of interest. Thus, we can be confident 

that, the ANN-PSO model that is introduced here may be appropriate for a wide range of problems: from simple 

regression problems to complex multifunctional optimizing problems. Turning at the analysis side of the ANN-

PSO framework, there is one other feature that can be worth to note, namely, that the used tool is also capable of 

handling the optimization problems that can involve multiple objectives. If other objectives are introduced into the 

designation of the model, it is possible to achieve simultaneously the higher level of several parameters as 

sensitivity, precision, and computational output. Where the outcomes balance different goals and objectives for 

certain industries like architecture and financing where one may need to negotiate between numerous objectives 

and goals this capacity is very valuable [9-10]. The proposed hybrid ANN-PSO approach is effective because, in 

contrast to both ANNs and PSOs alone, it maximizes the strength of each and minimizes the weaknesses that are 

inherent in each of the approaches. The high level of problem solving is enhanced by the global optimization 

ability of PSO, which is compounded, by the neural network ability to learn complex patterns and relationships 

hence a structure that is superior to methods, which are employed individually. The result not only contributes an 

enhancement on the expectation of the precision in the model, but it also ensures that it should be applied to a wide 

range of other fields. Scholars have explored other modifications of the ANN-PSO model in the last few years in 
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order to continue improving the performance of this model. For effective further studies and progress of 

convergence towards the true optimal solution more flexible modifications of the PSO algorithm have been 

developed. These versions are characterized by an ability to make quick shifts regarding such parameters as the 

mass of inertia together with learning scalars. Similarly, other complex neural network structures such as deep 

learning algorithms were incorporated into PSO recently in order to handle even more complex datasets and areas 

of challenge.  These developments explain much about the further development of the ANN-PSO paradigm as 

well as the possibilities offered by this approach for additional development. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. An Overview of ANN's Design 

The ANN-PSO model analysed in concluding is a significant advance in the domain of intelligent computing. The 

predicting ability of artificial brain and ergo, the proficiency and efficacy of particle swarm optimizing are both 

integrated into this hybrid approach which yields a quite effective solution that can be employed across the range 

of applications [11]. Capacity to work with complex and messy data and information, ability to adapt to a number 

of issues in domain names, and very high level of reliability makes it a very handy tool for both researchers and 

practitioners. The ANN-PSO model is one that can only become increasingly useful in enhancing creativity and 

tackling some of the best problems regardless of the sectors as the discipline progresses. This is because this 

framework is likely to take more and more crucial positions at the same time it is already entering new areas fast.  

This schematic depicts a hybrid computational model that combines ANN and PSO, or Particle Swarm 

Optimization. A three-layer ANN is shown on the left side of the picture. The input layer receives raw data, the 

layers that are hidden analyse it using linked neurons, and the output layer produces forecasts or outcomes [12]. 

Each ANN neuron is linked by a weight, and these are variables modified throughout training to reduce errors in 

forecasting. Data flows across the layers as shown by the arrows, highlighting the system's data handling 

capabilities. 

The PSO component, which surrounds the ANN, is represented as a collection of particles that enhance the weights 

of the ANN & biased repeatedly. As it explores searching space, each particle—representing an option for 

responding to the optimisation problem—draws on its own unique knowledge (local best) with the collective 

intelligence of the swarming (global best). Arrows connecting the elements to the ANN show how they contribute 

to optimizing the system's settings. The ANN-PSO paradigm aims to reduce the error measure at the foundation 

of the diagram, which improves forecasting precision and ensures converge to a worldwide optimal. The graphic 

effectively communicates the complementary nature of ANN's learning capacity and PSO's optimizing efficacy. 

ANN 

Layer of input 

Layer of output 

Layer of hidden 

PSO 

Optimization of process 

Function of objective 
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2. Related Work 

 

According to the author attempted to conduct an analysis of the results of measures by using the Root Mean 

Squared Error (RMSE). The data that were obtained demonstrate the difference, although with a reduced degree 

of precision on a daily basis. The EC approach should thus be included into the cash forecasting process since it 

is necessary to do so [13]. According to the investigator, the application of EA in predictions methodology 

consisted of using several learning approaches in order to locate the optimal solution inside the challenge space 

that was provided. Furthermore, the researchers in the process of predicting approaches in order to predict the most 

appropriate variables in an atmosphere that is always transforming utilized it. The researcher produced different 

models for forecasting. These models were constructed using the techniques of linear and nonlinear regression 

techniques, respectively, in order to discover the optimal value in the context of rapid change.  

 

As a result, it is necessary to choose the appropriate strategy in order to maximize the effectiveness of the cash 

management methods. The next part provides a definition of each of the many evolutionary techniques that were 

used in the research study. PSO is a novel stochastic-based optimizing approach that was first presented by the 

author [14]. The social actions of birds, insects, and swarming served as a source of inspiration and was utilized 

to find solutions to difficulties of any kind. According to the investigator, the computational approach that is used 

in the algorithm for PSO has the capacity to locate the best solution in a variety of engineering, efficiency, 

scientific, and technological domains. The researchers tried for greater optimization in various domains via 

appropriate variable choosing, which includes job shop planning, technological optimization flow purchase goods 

organizing along with others.  

 

Using the constructively and collaborative instructional technique, the aforementioned literature review 

contributes to the comprehension and development of a cash management paradigm. Particle swarm optimizer is 

distinguished by the fact that each component has a strong memory that allows it to successfully retain and 

communicate data amongst itself and other particles in order to address any optimization issues that may arise 

[15]. Variating the PSO variables according to the kind of usage resulted in a significant number of enhancements 

being made to the fundamental algorithms for PSO by the investigator. As a result, researchers need to pick 

parameters with great care in order to get the optimum convergent throughout the procedure of implementing. An 

explanation was provided by the authors on the significance of selecting variables, which is a significant factor in 

determining the most effective approach. In order to enhance the rate of converging inside the issue space, the 

author devised the resistance component "w". In order to counteract the effects of the shift in both the previous 

velocity and the new velocity, an inertia constant was applied. The PSO could fail to be able to make it out toward 

the universal best if the value of "w" is too little. This is because the PSO is unable to conduct searches in the 

worldwide space.  

 

Table 1: Summary of existing work 

 

Method Advantages Research Gap 

ANN Training with PSO [16] 
The weights and biases of the 

ANN were optimized using a 

global optimization technique. 

Limited performance in high-

dimensional spaces due to lack 

of adaptive parameters. 

Adaptive PSO in ANN [17] 
The use of adaptive variables 

accelerated converge and 

diminished the possibility of 

encountering regional minima. 

Poor results when dealing with 

noisy datasets and restricted 

ability to explore in dynamic 

settings. 

Hybrid ANN-PSO for 

Forecasting [18] 

Enhanced forecasting precision 

by combining the optimization 

of numerous factors. 

For data sets of this size, the 

computational cost is still 

somewhat considerable. 

ANN-PSO in Healthcare 

Diagnosis [19] 

Improving the accuracy of 

illness prediction algorithms by 

handling medical information 

that is non-linear. 

Applicability to datasets that 

include sparse or missing 

information is limited. 
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ANN-PSO for Resource 

Optimization [20] 

Speeded up optimization 

processes in engineering while 

decreasing computational error. 

There are not any reliable ways 

to deal with the 

unpredictability of resource 

restrictions. 

ANN-PSO with Multi-

objective Optimization [21] 

Expertly managed technical 

difficulties including trade-offs 

between competing goals. 

The method has difficulties 

when used to challenges 

involving more than three 

goals at once. 

ANN-PSO in Financial 

Forecasting [22] 

Enhanced optimisation and 

historical data models for use in 

financial market forecasting. 

Had trouble with datasets that 

had a lot of volatility, which 

meant I had to do more pre-

processing. 

ANN-PSO for Fault 

Detection in Systems [23] 

Automatically adjusting ANN 

weights in response to system 

modifications for improved fault 

detection. 

Systems with insufficient 

feedback loops have limited 

capacity to remedy issues. 

Advanced ANN-PSO with 

Chaotic Functions [24] 

The incorporation of chaos 

theory with PSO enhanced its 

global search capability. 

Not thoroughly tested on huge 

datasets in the real world. 

ANN-PSO with Deep Neural 

Networks [25] 

By integrating PSO with deep 

learning methods, we were able 

to accomplish state-of-the-art 

performance in picture 

identification challenges. 

Massive neural networks 

demand a lot of computing 

power. 

ANN Training with PSO 
A new method for optimizing 

ANN biases and weights has 

been introduced. 

Because no adaptive 

parameters are used, efficiency 

is limited in spaces with many 

dimensions. 

Adaptive PSO in ANN 
With adaptive parameters, 

convergence was sped up and 

local minima were less likely to 

occur. 

Poor results when dealing with 

noisy datasets and restricted 

ability to explore in dynamic 

settings. 

Hybrid ANN-PSO for 

Forecasting 

Improved accuracy in 

forecasting by optimizing 

multiple parameters 

simultaneously. 

For data sets of this size, the 

computational cost is still 

somewhat considerable. 

ANN-PSO in Healthcare 

Diagnosis 

Improving the accuracy of 

illness prediction algorithms by 

handling healthcare data that is 

non-linear. 

Applicability to datasets that 

include sparse or missing 

information is limited. 

ANN-PSO for Resource 

Optimization 

Speeded up optimization 

processes in engineering while 

decreasing computational error. 

There are not any reliable ways 

to deal with the 

unpredictability of resource 

restrictions. 

ANN-PSO with Multi-

objective Optimization 

Expertly managed technical 

difficulties including trade-offs 

between competing goals. 

The method has difficulties 

when used to challenges 

involving more than three 

goals at once. 

ANN-PSO in Financial 

Forecasting 

Enhanced optimisation and 

historical data modelling for use 

in financial market forecasting. 

Had trouble with datasets that 

had a lot of volatility, which 

meant I had to do more pre-

processing. 
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ANN-PSO for Fault 

Detection in Systems 

Automatically adjusting ANN 

weights in response to system 

modifications for improved fault 

detection. 

Systems with insufficient 

feedback loops have limited 

capacity to remedy issues. 

Advanced ANN-PSO with 

Chaotic Functions 

The incorporation of chaos 

theory with PSO enhanced its 

global search capability. 

Not thoroughly tested on huge 

datasets in the real world. 

When the value of "W" is big, PSO has the capacity to enhance its searching capacity by progressively decreasing 

its weight in order to achieve the best possible global result. In the current study, a PSO-based management of 

cash approach was developed to pick the correct input parameters in order to calculate the financial requirements 

of the future. The PSO method may be used in a variety of uses in order to locate the best approach by using a 

convergence point. A computer model that is comprised of neurons, the basic arrangement within the natural 

system is referred to as a neural network. A process that is analogous to that of the human brain is carried out by 

it. Known as neurons, it is composed of massive processing pieces that are coupled with one another. The ANN is 

a powerful artificially intelligent technology that can effectively tackle any difficult issues that arise in the real 

world. "Learning" is the guiding notion behind its operation. It is necessary to train and test the neural network's 

data utilizing any learning method in order to address any issue using ANN.  

 

Backward propagating plants, radial basis function, and multi-layered perceptron techniques for learning are the 

many kinds of learning algorithms that may be employed for implementations. A literature review was carried out 

with the purpose of gaining an understanding of the ANN model, which is used to solve forecasting issues that are 

very complicated and nonlinear. In the past, numerous studies have been conducted with the purpose of utilizing 

ANN for various anticipating use cases. These applications include global radiation, predicting the weather that 

forecast details determined by the level of humidity that remains in the, and forecasting thunderstorms based on 

liquid converge. The artificial neural network, or ANN, is a method that is used in the field of intelligence in 

computation. According to the researcher, it functions in a manner similar to that of a human mind, which is 

capable of determining the most successful remedy for any kind of difficult issue.  

 

It was advised by the authors that only one hidden layer was utilized in order to develop and evaluate the neural 

system with an appropriate percentage of neurons concealed. The use of ANN may be used to tackle problems that 

cannot be resolved using conventional mathematical and numerical approaches. According to the investigator, 

ANN are an alternative technique that optimises different kinds of discrete, target, and vector functions by using 

a variety of learning algorithms. A comprehensive examination was performed in the literature that follows to 

investigate the role of ANN settings in different financial issues as well as programs including forecasting 

internationally stock exchange prices depending on marketplace condition, handling finances using the present 

trading trend, structures for processing a picture, gathering accurate urban data, forex trading currency, electricity 

production through the power of wind, determine the images that move.  

 

3. Objective of the research work 

 

The main goal of the ANN-PSO model study is to create a reliable and effective hybrid computing architecture 

that merges the strengths of ANN and PSO in terms of optimisation and modelling predictions. The goal of this 

study is to maximize the biases and weightings of ANN using PSO's broad searching capacity, thereby overcoming 

the shortcomings of standard ANN training techniques including sluggish completion and vulnerability to local 

minima. Medical Care, financial markets, engineering either and ecological simulation are just a few of the sectors 

that could benefit from the hybrids algorithm's increased precision, scaling, and flexibility in tackling complicated, 

non-linear, multifunctional issues. The project aims at identifying directions for further investigations of hybrid 

approach for optimization as well as enhancing characteristics that define success including sensitiveness and 

efficacy together with accuracy. The ultimate goal is to provide a flexible resolution for real-world problems. 

 

4. Motivation for the research work 

 

The increasing need to solve complicated, non-linear, multidimensional optimization challenges in several fields 

including finance, health care, the field of engineering, & ecological modelling is driving research into the ANN-

PSO model. When applied to real-world problems, standard methods such as optimizing with gradients in ANNs 

often fail due to delayed completion and a propensity to be stuck in local minimums. PSO enhances ANN's 

efficiency by optimising its mix of weights and biases; it is well known for its worldwide search capabilities and 
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ease of use. With the combined strengths of ANN's ability to forecast and PSO's global optimization capabilities, 

the ANN-PSO approach provides a powerful and effective answer to the challenges posed by noisy and variable 

data. Exploring the prospective of this hybrid method to advance machine learning and process of decision-making 

is driven by the need to solve limits in precision, scaling, and flexibility. 

 

5. The proposed Method 
 

In addition to being a non-gradient technique, adaptive algorithms are also suited for the training of ANN. It is 

possible for biological processes of EA to choose the best answer, and it investigates the vast issue space in order 

to conduct a more effective search and avoid locating local minimums. The usage of EA in predictions 

methodology used a variety of learning approaches in order to locate the optimal solution within the framework 

of the issue space that was provided. The researchers additionally applied it in predicting approaches in order to 

determine the optimum values in an environment that was always changing. The purpose of this training was to 

improve the effectiveness of ANN-CFM by incorporating ANN-PSO for the cash forecast procedure. As a result, 

training was implemented utilizing the worldwide optimisation approach PSO. In a number of different disciplines, 

such as predicting stocks during the years 2004 and 2007, the hybrid evolving technique was used in order to 

determine the direction of the market for that time. A hybrid evolution strategy was recommended to the authors 

as being appropriate for environments that are constantly changing. With the purpose of determining the amount 

of epileptic risk present in an electroencephalogram data. A comparison of the hybrid ANN-PSO and the traditional 

back propagating was carried out in order to evaluate their combined effectiveness. A significant improvement has 

been made in the effectiveness of ANN in forecasting the process of soil settling. The authors made an effort to 

highlight the way in which technical optimizing may benefit from the use of international optimization strategies. 

In order to improve both weighting and bias, the cash predicting methodology that used basic ANN was 

implemented.  

 

As a result, considering the space of concern that has been provided, there is a possibility that local minima may 

develop. Consequently, the ANN-PSO model has to be developed in order to meet the requirements. Utilizing a 

hybrid evolution technique for the cash predicting process is recommended in order to enhance the optimizing of 

weighting and bias. The neural network was trained using the feeding forward method, and the weights were 

optimized with PSO. This was done in order to reduce the error for the FNN. A distinctive framework for the cash 

management procedure was provided. When employing a hybrid technique, the PSO not only modifies the 

configuration of its neural network in order to determine the ideal cash need, but it also expands its search space 

by means of prospecting and exploiting. For resolving any minimizing issue, both the PSO and the ANN have 

their own distinct characteristics. Taking the issue space and determining which global minimum exists is a 

difficult undertaking to do. A local search is carried out in an issue space by the basic ANN because of the intrinsic 

characteristic that it has. PSO widens the search process to find a global a minimum, in contrast to the typical 

training strategy that uses ANN, which may be trapped in the neighbourhood.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Architecture of proposed method 
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A perceptron with several layers was used in the training of the hybrids cash handling system, which was taught 

via a feed forward neural network. In order to optimise the weights among the input, hidden, and output layers, 

the three-layered hybrids network design allows an alternate collection of input neurones, one hidden layer, where 

allows an alternate number of neurones, and a unique collection of input neurones, that range from four and six 

for the supplied data set. Randomised weights were used to establish a connection between the three distinct layers 

that were present. As a function to activate, the sigmoidal effects were utilised, namely tansig in the input-hidden 

phase and logsig in the hidden-output phase. Tansig was utilised in those layers. To provide an accurate prediction 

of the cash required, the optimised variables then sent to the output layer. The cash for a day, it is necessary A 

substitution was made in the formula using the newly discovered variables in order to determine the best cash 

flow. For determining the global highest values amongst all of the localised best values, optimise the weightings 

using PSO. During the short term, [DOM, DOW, HE, SE] [RY, MOY] Long Term Plans Start by setting the 

settings for the ANN and the PSO. Adjust the Data from the Bank Instruction of the Networks by the use of a Feed 

Forward Neural Network, with an adequate quantity of Hidden Neurones and a method for learning. (44) When it 

comes to cash forecasting, the hybrid technique has been used in order to improve accuracy via the optimisation 

of bias and weights through the utilisation of the following PSO variables. Both the beginning location and the 

beginning speed of the particles are equal to rnd [0-1]. Training Factor equals four the number of particle that are 

employed is thirty v) the diameter of each particle is six iii) the greatest weight (wmax) is equal to 0.9, while the 

minimum size (wmin) is equal to 0.5. In order to create the appropriate results, the hybrid financial oversight 

approach is responsible for initiating the feed forward system and optimising the weight. Fig.3.8 is an illustration 

of the diagram that represents the Cash Optimisation system during the installation of a hybrid evolving strategy 

for cash forecasting within a financial organisation.  

𝑤(𝑘) = 𝑍(𝑘)𝑏(𝑘−1) + 𝑐(𝑘)                                                (1) 

Where 𝑍(𝑘): Maximum weight for layer k. The weight matrices for layer l is denoted as 𝑤(𝑘) ,while activating 

from the preceding layer is denoted as a 𝑏(𝑘−1). layer l's biased term is denoted as 𝑐(𝑘). 

𝑏(𝑘) = 𝑒(𝑤(𝑘))                                                          (2) 

𝑏(𝑘) : Activation output for layer k. e: Activation function (e.g., sigmoid, ReLU). 

𝑏𝑂 = 𝑒(𝑤𝑂)                                                            (3) 

𝑏𝑂 : Final ANN output. 

𝐻 =
1

𝑚
∑ (𝑥𝑗 − 𝑥𝑗̂

𝑚
𝑗=1 )2                                                  (4) 

Where H: Function for loss. 𝑥𝑗 : The actual worth. The predicted value is 𝑥𝑗 . m is the quantity of samples. 

𝑍(𝑘) = 𝑍(𝑘) −
𝜕𝐻

𝜕𝑍(𝑘)                                                    (5) 

𝑢𝑗
𝑣+1 = 𝑧. 𝑢𝑗

𝑣 + 𝑑1𝑠1(𝑞𝑗
𝑏𝑒𝑠𝑡 − 𝑦𝑗

𝑣) + 𝑑2𝑠2(𝑞𝑗
𝑏𝑒𝑠𝑡 − 𝑦𝑗

𝑣)                      (6) 

Where 𝑢𝑗
𝑣+1 : The speed of particle i at revision v+1.  “z” stands for the inertia weight.  𝑑1𝑠1: variables that speed 

up cognitive and social processes.  𝑑2𝑠2  are arbitrary numbers in the interval [0,1].  p i best: Best possible location 

of particle for the individual 𝑞𝑗
𝑏𝑒𝑠𝑡: top spot on a global scale. 

𝑦𝑗
𝑣+1 = 𝑦𝑗

𝑣 + 𝑢𝑗
𝑣+1                                                    (7) 

Where x i t+1  : Updated position of particle j. 

𝐸(𝑦) = 𝑂𝐹(𝑦)                                                           (8) 

Where 𝐸(𝑦): Optimal fitness at point x for the particle. 

𝑧 = 𝑧𝑚 −
(𝑧𝑚−𝑧𝑛).𝑣

𝑉
                                                       (9) 

𝑧𝑚 and 𝑧𝑛 are the maximum and lowest inertial weights, respectively.  The version that is currently being used.  

T: Maximum quantity of cycles is set here. 
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Figure 3. Hybrid evolutionary framework flow diagram 

The flowchart depicts the amalgamation of ANN and PSO for addressing optimisation challenges. The procedure 

starts with the initialisation of Artificial Neural Network and Particle Swarm Optimisation settings. This step 

involves defining the architecture of the ANN, comprising the number of layers, neurones, and function activation, 

while also establishing the requirements for PSO, comprising particle locations, velocity, inertial weight ((z)), and 

accelerating constants ((d_1) and (d_2)). The initial configuration is essential to guarantee that each of the neural 

networks and the optimisation procedure are tailored to the specific challenge. Subsequently, the input data, 

including financial or additional domain- particular information, is introduced into the system. The artificial neural 

network has been taught on this information to discern similarities or generate recommendations. In this step, the 

neural network modifies its biases and weightings using conventional techniques, such as descent into gradients, 

Begin 

Set the neural network and PSO variables to their 

initial values. 

Enter the financial data so the network may be 

trained and tested. 

Optimize the weight utilizing PSO after training 

using ANN on bank data. 

Optimize on a global and individual level as 

needed, pbest, gbest 

Particle location and velocity 

should be updated. 

Has a global 

solution been 

identified or not? 

End 

No 

Yes 
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to reduce the error potential. This training creates an initial model that will then be refined via PSO. Evaluating 

the ANN now facilitates comprehension of its basic efficiency prior to optimisation. 

The subsequent step is optimisation, during which PSO is used to refine the weights and biases of the ANN. PSO 

functions at individuals and global scales. Each particle, symbolising a prospective solution, assesses its location 

in relation to its individual optimum and the collective optimum across all particles. This guarantees the 

optimisation of the ANN's parameters to enhance accuracy and generalisation. The dual-level optimisation utilises 

the advantages of intelligent swarms to enhance the framework above the limitations of traditional ANN training. 

The procedure culminates in a repetitive adjustment of particle locations and velocities. During every iteration, the 

procedure verifies if a global solution was successfully attained by satisfying established converging conditions. 

Should the solution remain suboptimal, the system persists in adjusting locations and velocity until the most 

advantageous option is identified. Upon identifying a global solution, the procedure concludes, yielding a model 

of ANN with optimised weights, prepared for deployment in the selected domain. 

𝑍𝑂 = 𝑃𝑆𝑂(𝑍𝑖)                                                       (10) 

𝑐𝑜 = 𝑃𝑆𝑂(𝑐𝑖)                                                         (11) 

|ℎ𝑏𝑒𝑠𝑡 − ℎ𝑝𝑟𝑒𝑣
𝑏𝑒𝑠𝑡 | < 𝜖                                                (12) 

𝑒𝑜 = 𝑃𝑆𝑂(𝑒𝑝)                                                       (13) 

𝑍𝑂: Conclusively refined weights. 𝑍𝑖: Initial weights of the ANN. The parameters of the function that activates are 

denoted as 𝑒𝑝. ϵ: Convergence threshold. 

𝐸(𝑦) =∝1 𝐸1(𝑦) +∝2 𝐸2(𝑦)                                             (14) 

𝑢𝑗
𝑣+1 = 𝑚(𝑛(𝑢𝑗

𝑣+1, 𝑢𝑚), 𝑢𝑛)                                                (15) 

For multiple goals, the weight variables are α 1 and α 2. The revised speed of particle j at iteration v+1 is denoted 

as 𝑢𝑗
𝑣+1.The greatest permissible velocity is 𝑢𝑚 and the smallest allowed velocity is 𝑢𝑛. 

ℎ𝑏 = 𝑎𝑟𝑔𝑚𝑖𝑛(𝐸(𝑦𝑗
𝑣))                                                    (16) 

ℎ𝑏: The particle's best global positioning up to this point. At point 𝑦𝑗
𝑣 , the optimal fitness value of the particles j 

is denoted as 𝐸(𝑦𝑗
𝑣). A fitness model E determines the quality of a certain solution. 

𝑞𝑗
𝑏 = {

𝑦𝑗
𝑣 ,    𝑖𝑓 𝐸(𝑦𝑗

𝑣) <  𝐸(𝑞𝑗
𝑏)

𝑞𝑗
𝑏 ,     𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                                              (17) 

The optimal location of particle j, which is the most effective solution so far, is represented by 𝑞𝑗
𝑏.  The particle's 

present spot at iteration t is represented by 𝑦𝑗
𝑣  , and the fitness score of that location is 𝐸(𝑦𝑗

𝑣). 

𝑦𝑛 =
𝑦−𝑦𝑛

𝑦𝑚−𝑦𝑛
                                                                 (18) 

𝑦𝑛and 𝑦𝑚 are the lowest and highest values of y in the dataset, respectively. y norm is the normalised measure of 

the input y. 

6. Results 

The results also indicated that the efficiency improvement of developing the ANN-PSO models is significant when 

compared with either the single ANN or any other conventional optimisation techniques. The enhancement of the 

relative weighting of the neural network through PSO global and local search both, the mixed approach achieved 

desirable low error rates while enhancing the overall accuracy of the predictions. Another technique used here 

named PSO demonstrates the capability to locate potential solutions which can be experimentally proved to have 

a higher convergence rate in order to achieve optimum results. It clearly indicates that depending on the various 

sort of data, the model has better accuracy, reliability, and sensitive measures; thus, it is a more flexible and robust 

model. At the same time, thanks to the balancing of the exploration and exploitation of the searching space, the 

ANN-PSO method significantly reduces the computation intensity. Comparing to other models such as ABC and 

GA, it can experience that the proposed ANN-PSO model is much better than others in controlling of complex are 

and large data are. The ability of the hybrid model to avoid being stuck in local optimum is another layer of 

reliability of the performance assurance of the model. Despite the fact that optimised model reveals good 

generalization, it needs less time to train compared to the former model. What has been understood is that the 
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ANN-PSO model is a robust instrument when it comes to problems with more complexities in the several domains 

and the specific study has realized suitability of the method. 

MAE: MAE is a measure of the magnitude of the errors made on a set of prediction without regard to direction. 

MSE: The mean squared error or MSE is relatively a frequently used index of the accuracy that incorporates a 

prediction with its actual value. 

RMSE: The MAPE error metric is similar to the ACC but uses percentages to quantify how well a model predicts 

outcomes. 

Table 2: Analysing ANN-CFM vs. ANN-PSO for Short-Term Optimisation 

No of working days Normal data  ANN-CFM data ANN-PSO data  

1 27 26 24 

2 21 22 20 

3 17 18 17.5 

4 13 14 13.8 

5 12 11 10.4 

6 14 9 8.5 

7 10 8 6.4 

8 11 7 6.2 

9 8 7.4 5 

A constant enhancement in cash requirement optimisation with the ANN-PSO model is shown by comparing 

Normal Data, ANN-CFM data, and ANN-PSO data throughout 9 days of work. In comparison to ANN-CFM (26 

lakhs INR) and Normal Data (27 lakhs INR), the ANN-PSO models obtains the lowest cash need (24 lakhs INR) 

on Day 1. Over the course of the time, ANN-PSO maintains its lead over the other approaches. By Day 7, ANN-

PSO has drastically cut the payment required to 6.4 lakhs INR, compared to 8 lakhs INR for ANN-CFM and 10 

lakhs INR for Normal Data. Day 8 and Day 9 show that the ANN-PSO model is effective in reducing cash needs, 

with values of 6.2 lakhs INR and 5 lakhs INR, accordingly, comparing to greater value in all other techniques. The 

combined advantages of artificial neural networks & particle swarm optimisation are shown by these findings, 

which demonstrate the improved optimisation capabilities of the ANN-PSO model. Consequently, managing 

resources becomes more efficient and adaptable. 

 

 

Figure 4. Evaluation of ML models in comparison to more traditional approaches. 
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Table 3: Results of MAE Statistical Measures 

Methods dataset MAE 

ANN-PSO (Proposed method) Long-term 1.0450 

Short-term 0.7050 

ANN-CFM Long-term 1.7805 

Short-term 1.2145 

When looking at both short-term and long-term datasets, the ANN-PSO model performs better with regard to of 

Mean Absolute Error (MAE) than the ANN-CFM model. When it comes to long-term datasets, ANN-PSO 

outperforms ANN-CFM with a much lower MAE of 1.0450, showing that it can make better forecasts over longer 

periods. The results are comparable for short-term datasets, where ANN-PSO achieves an MAE of 0.7050 

compared to ANN-CFM's 1.2145. From the results we can see, the ANN-PSO model performs better in the end as 

well as in the short, when it comes to reducing errors in predictions. The incorporation of Particle Swarm 

Optimisation into the artificial neural network improves its weight optimisation process, leading to superior 

accuracy and flexibility in ANN-PSO comparing to the classic ANN-CFM technique, which is reason it performs 

better. 

 

 

Figure 5. Comparing ML models to more conventional methods for evaluation. 
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Figure 6.  Efficacy of different systems. 

The results show that ANN-PSO is more accurate than ANN-CFM when looking at Mean Absolute Percentage 

Error (MAPE) on both short-term and long-term samples. The efficiency of ANN-PSO in long-term forecasts is 

shown by its significantly reduced MAPE of 2.9170 for long-term datasets compared to ANN-CFM's 7.7805. A 

MAPE of 11.2930 against 16.2145 shows that ANN-PSO is superior to ANN-CFM in short-term datasets as well. 

These results show that ANN-PSO always surpasses the other model on both datasets when it comes to reducing 

predicted percentages mistakes. Huge enhancement in the overall level of MAPE reduction is attributed towards 

the blended approach of ANN-PSO in which weights of models are optimised by incorporating nanoparticles with 

neural networks and Particle Swarm Optimisation. This method is found to be more accurate and robust as 

compared to the traditional ANN-CFM strategy. 

Table 5: Exploratory DL models in relation to proposed methods 

Methods dataset MSE 

ANN-PSO (Proposed method) Long-term 2.5700 

Short-term 2.9400 

ANN-CFM Long-term 2.7604 

Short-term 10.6800 
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Analysing long term and short-term data, we observed that the newly proposed technique ANN-PSO approximate 

closer to actual gas/regas prices than the traditional technique ANN-CFM when using Mean Squared Error (MSE). 

ANN-PSO has a lower MSE of 2.5700 for long-term datasets as compared to, MSE ANN-CFM, 2.7604 thus in 

the long-run period, more accurate projections fewer mistakes with ANN-PSO. In the short-term datasets, this gap 

is highly distinguishable, at most; ANN-CFM records 10.6800 MSE in contrast to ANN-PSO, which is 2.9400. 

This also reveals that ANN-PSO greatly improves the immediate forecasting accuracy, decreasing large errors, in 

addition to increasing the accuracy of long-term weather forecasting. This reduction in MSE is due to 

improvements in the model’s flexibility and higher performance relative to the ANN-CFM method; this owes to 

the integration of Particle Swarming Optimisation to the neuron’s weights in the hybrid ANN-PSO method. 

7. Conclusion  

One of the latest milestones in the development of computer intelligence can be considered the ANN-PSO model 

based on both the blind predicting power of the ANNs and the capacity to fine-tune the operation of the PSO. 

Thus, the efficacy of utilizing this hybrid technique up for tackling complex, nonlinear, and multipurpose problems 

has been demonstrated across numerous fields, including architectural enhancement, energy control, medicine, 

and finance and others. They also pointed out that the proposed ANN-PSO approach for ANN education has the 

advantage of being faster convergent, more accurate, and, less sensitive to noisy input and local minimums. This 

is achieved by mitigating the drawbacks of classical gradient-related techniques. As has been noted earlier, the 

integration of swarm computing into the training of ANNs leads to improved efficiency in particular in the sectors 

that require dynamic capability and accurate foresight. Nonetheless, the ANN-PSO model has a number of 

advantages to be able to achieve optimal results; however, the following challenges remain key to the advancement 

of the model. Such problems involve the need to reach more flexibility for applications that execute in real time 

and the computational burden that is linked with massive issues. Because of these constraints, more research must 

be done in order to refine the model to its potential. Based on above discussion, there are some possible directions 

for the future study on the ANN-PSO model: An enhancement of the scalability of extremely large amounts of 

data using cloud computing solutions and parallel computer systems may afford productivity. Further improving 

the efficiency will be done by creating the adaptive PSO modifications that change the mentioned variables based 

on the input’s difficulties. Enhanced neural networks that can be incorporated with particle swarm optimization 

easily optimize complex very environments. Some examples of such designs are models based on deep learning.  
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