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Median-pi-sigma artificial neural network for time series forecasting 

 

Erdinç Yücesoy 

 

Abstract 
This study proposes a novel robust artificial neural network architecture, called the Median–Π (Median–Product) Neural 
Network, for time series forecasting problems involving noisy observations and outliers. Unlike conventional neural network 
approaches that rely primarily on additive neuron structures and external robustness techniques, the proposed architecture 
incorporates robustness directly into the computational structure of the network. In the proposed model, a median-based hidden 
layer is employed to suppress the propagation of anomalous observations and reduce the sensitivity of the network to noise. 
To compensate for the potential loss of representational capability caused by median processing, a second hidden layer 
composed of multiplicative product-unit neurons is integrated into the architecture. This hybrid structure enables the model to 
simultaneously achieve robustness and high-order nonlinear representation capability within a unified framework. Due to the 
non-differentiable nature of the median operator and the highly nonlinear error surface generated by multiplicative neurons, 
the network parameters are optimized using a Particle Swarm Optimization (PSO) algorithm. The forecasting performance of 
the proposed architecture was evaluated using ten different Financial Times Stock Exchange (FTSE) time series datasets and 
compared with several important neural network models in the literature, including multilayer perceptron, Pi-Sigma, 
multiplicative neuron, recurrent, gated recurrent neural network, Long short-term memory deep artificial neural network, and 
dendritic neural network architectures. Experimental results demonstrate that the proposed Median–Π Neural Network 
achieved the lowest average RMSE values in many of the datasets and generally outperformed competing methods in terms of 
forecasting accuracy and robustness. Statistical analyses based on the Friedman test further confirmed the superiority of the 
proposed approach. The findings indicate that integrating median-based robustness with multiplicative nonlinear modelling 
provides an effective and powerful framework for financial time series forecasting under noisy environments. 
 

Keywords Artificial neural networks . Shallow neural networks  . Recurrent artificial neural networks . Forecasting . Time 
series analysis. 
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Introduction 

 

Artificial neural networks (ANNs) are among the most effective machine learning approaches for modelling complex and 

nonlinear systems because of their universal approximation capability and flexible computational structures [1], [2]. Owing to 

these properties, ANN models have been widely applied in various areas such as time series forecasting, signal processing, 

system identification, financial modelling, and pattern recognition [3]–[5]. Neural network-based forecasting models can 

represent nonlinear relationships that cannot be adequately captured by traditional statistical methods [3], [6]. Despite their 

successful applications, conventional ANN architectures are highly sensitive to noisy observations and outliers because of 

their additive neuron structures and gradient-based learning mechanisms [7], [8]. In real-world applications, especially in 

financial systems, sensor measurements, and time series datasets, anomalous observations and noise are inevitable components 

of the data generation process [9], [10]. Since classical feedforward neural networks rely primarily on weighted summation 

operations, the effect of outliers can propagate throughout the network layers and significantly deteriorate model generalization 

performance [7]. This limitation is not only associated with the optimization algorithm but also directly related to the 

computational architecture of the network itself. To improve the robustness of neural networks, numerous studies have 

proposed robust loss functions, regularization techniques, preprocessing methods, and alternative optimization strategies [11], 

[12]. However, most of these approaches attempt to address robustness externally while preserving the traditional additive 

neuron mechanism. Consequently, their effectiveness may become limited under heavily contaminated or highly noisy 

environments [13]. From a robust statistics perspective, the median operator is a well-known measure of central tendency that 

exhibits strong resistance to outliers compared with the arithmetic mean [14], [15]. Motivated by this property, several studies 

have investigated median-based neural architectures and robust neuron models for forecasting applications [7], [16], [17]. 

Recent studies have shown that median-based and dendritic neural structures can provide more stable forecasting performance 

under noisy conditions [9], [18], [19]. Median-based neural architectures have demonstrated promising results in nonlinear 

forecasting problems because they suppress the influence of extreme observations during the hidden layer computation process 

[16]. Nevertheless, many of these approaches still rely on additive neuron structures, which may limit the expressive capability 

of the model when representing higher-order nonlinear interactions. To overcome this limitation, higher-order and 

multiplicative neural network models have been proposed in the literature [20], [21]. Product-unit and Pi-Sigma neural 

networks are among the most important higher-order neural architectures because of their ability to represent nonlinear 

interactions more effectively than classical additive neural networks [22], [23]. Multiplicative neuron structures have been 

successfully employed in nonlinear forecasting and function approximation problems [6], [24]. However, these models 

generally produce highly nonlinear and multimodal error surfaces, making gradient-based training algorithms unstable and 

inefficient [25]. Metaheuristic optimization algorithms have therefore become popular alternatives for training higher-order 

neural architectures. Among these approaches, Particle Swarm Optimization (PSO) has attracted significant attention due to 

its derivative-free optimization mechanism and strong global search capability [26]. PSO-based neural network training 

approaches have achieved successful results in forecasting and nonlinear optimization problems [11], [27]. In addition, robust 

PSO-based learning algorithms have recently been applied to Pi-Sigma and median-based neural network architectures [8], 

[17]. Motivated by the limitations of existing studies, this paper proposes a novel robust neural network architecture called the 

Median–Π (Median–Product) Neural Network. Unlike conventional robust learning approaches that focus primarily on 

preprocessing or optimization strategies, the proposed method embeds robustness directly into the computational architecture 

of the neural network. In the proposed model, a median-based hidden layer is employed to suppress the influence of noisy 

observations and outliers before information propagates throughout the network. To compensate for the potential loss of 

representational power caused by median-based processing, a second hidden layer based on multiplicative product-unit 

neurons is incorporated into the architecture. In this way, the proposed model combines architectural robustness with high-

order nonlinear modelling capability within a unified framework. 



   

  

Because of the non-differentiable nature of the median operator and the complex error surface generated by multiplicative 

neurons, conventional gradient-based optimization algorithms are not suitable for training the proposed network. Therefore, 

Particle Swarm Optimization is employed as the learning algorithm due to its effectiveness in derivative-free and nonlinear 

optimization problems [26]. The proposed architecture aims to provide robust and accurate forecasting performance in noisy 

environments while preserving the expressive capability of higher-order neural structures. 

 

The Proposed Method 

 

The proposed method presents a robust neural network architecture where resistance to noise and outliers is provided at the 

neuron architecture level, rather than through learning algorithms or preprocessing techniques. The core idea is to embed 

robustness directly into the network's computational mechanism by replacing traditional weighted summation in the hidden 

layer with a median-based processing scheme. In the proposed architecture, a median-based hidden layer is used as the first 

stage to suppress the impact of over- and anomalous observations and prevent noisy inputs from propagating throughout the 

network. To compensate for the loss of representational capacity caused by median-based processing, a second hidden layer 

consisting of product unit neurons is included. This multiplicative structure allows the network to model high-order nonlinear 

interactions between features using robust intermediate representations. Due to the nature of the median operator and the 

complex error surface caused by product unit neurons, network parameters are optimized using a derivative-free particle swarm 

optimization method. Consequently, the proposed method integrates architectural robustness and high expressiveness 

modelling capability in a balanced way within a unified neural network framework, making it particularly suitable for learning 

tasks in noisy environments. The architectural structure of the proposed artificial neural network is shown in Figure 1. In the 

architecture, the numbers of input layer, median layer, pi layer and sigma layer neurons are 1݉ ,݌, ݉2 and 1. 

 

 

Fig. 1. The architecture of Median-pi sigma artificial neural network.  

 

Algorithm 1 for the feedforward process of the Median-Pi Sigma artificial neural network is given below. 
 

Algorithm 1. The feedforward process of the Median-Pi Sigma artificial neural network. 
 

Step 1.  Median Layer Computations 



   

  

Median layer computations are calculated by using (1) and (2).  
1௝ݐ݁݊  = Med(ܾ1௝ , ܺ௧−11ݓ௝ , 2௝ݓ2ܺ , … , ܺ௧−௣ݓ௣௝) , ݆ = 1, 2, … , ݉1                                          (1)        

1ܱ௝ = (1௝ݐ݁݊)݂ = 11+௘−೙೐೟1ೕ  ; ݆ = 1,2, … , ݉1                                                                                                                            (2) 

In equation (1),  ݓ௜௝  is the connection weights between i-th input and j-th median layer neuron, ܾ1௝ is the bias value of j-th 
median layer neuron. 
 

Step 2.  Product Layer Computations:   

Product layer computations are calculated by using (3) and (4).      ݊݁2ݐ௞ = ∏ ( 1ܱ௝ ௝ܸ௞ + ܾ2௝,௞)௠1௝=1 ;  ݇ = 1,2, … , ݉2                                 (3) ܱ2௞ = (2௞ݐ݁݊)݂ = 11+௘−೙೐೟2ೖ  ; ݇ = 1,2, … , ݉2                                                            (4) 

In equation (3),  ௝ܸ௞ and ܾ2௝,௞ are the connection weights and biases between j-th median layer neuron and k-th product layer 
neuron, respectively.  
 

Step 3.  Output Layer Computations:   

Output layer computations are calculated by using (5) and (6).      
ݐ݁݊  = ∑ ௞ܱ2௞ߠ + ܾ3௠2௞=1                                                (5) ܺ̂௧ = 11+௘−೙೐೟                                         (6) 

In equation (5),  ߠ௞ represent connection weights between k-th product layer neuron and output neuron. ܾ3 is the bias term in 
the output neuron. 
 

Algorithm 2.  Particle Swarm Optimization (PSO) based training algorithm 

 

Step 1. PSO parameters are determined. These parameters are, number of particles (݊݌ = 30), maximum iteration (݉ܽݎݐ݅ݔ =1000), bounds of inertia weights (݅1ݓ, and bounds of acceleration coefficients ((ܿ1௙ ,(2ݓ݅ , ܿ1௜ ) ܽ݊݀ (ܿ2௙ , ܿ2௜ )). The position 
number of each particle is the total number of parameters. Total number of parameters is (݌ + 1 + 2 × ݉2) × ݉1 + ݉2 + 1.  

Step 2. The initial positions (ܣ) and velocities (ܸ) of the particles are randomly generated using a uniform distribution: ܣ ∼ ;(2,2−)݉ݎ݋݂ܷ݅݊  ܸ ∼ ,ݏ݌ܽ݉ݒ−)݉ݎ݋݂ܷ݅݊  (7)                                                                                                      (ݏ݌ܽ݉ݒ
Step 3. The fitness value of each particle is calculated. The network parameters (ܹ,ܸ1, 3ܾ,2ܾ,1ܾ,ߠ) are extracted from the 
particle position vector ܣ. The median of squared errors (݉݀݁ݏ) is used as the fitness function: ݉݀݁ݏ = median௧ ((ܺ௧ − ܺ̂௧)2)                                                                                                                                                     (8) 

Step 4. Local best (݀݅݌) and global best (ݐݏܾ݁݃݌) positions are created based on the minimum ݉݀݁ݏ value. 

Step 5. New velocity and position values for the particles are calculated for the next iteration: ݅ݓ = 1ݓ݅) − (2ݓ݅ ௠௔௫௜௧௥−௜௧௥௠௔௫௜௧௥ +  (9)                                                                                                                                                 2ݓ݅

ܿ1 = (ܿ1௙ − ܿ1௜ ) ௜௧௥௠௔௫௜௧௥ + ܿ1௜                                                                                                                                                             (10) 



   

  

ܿ2 = (ܿ2௙ − ܿ2௜ ) ௠௔௫௜௧௥−௜௧௥௠௔௫௜௧௥ + ܿ2௜                                                                                                                                                      (11) 

௜ܸ2,௜3 = ௜ܸ2,௜3 × ݓ݅ + ௜2,௜3݀݅݌)1ݎ1ܿ − (௜2,௜3ܣ + ௜3ݐݏܾ݁݃݌)2ݎ2ܿ − ௜2,௜3ܣ ௜2,௜3)                                                                               (12)ܣ = ௜2,௜3ܣ + ௜ܸ2,௜3                                                                                                                                                                               (13) 
 

Step 6. A restart strategy is implemented. At this stage, the local and global best particle positions are saved, and the particles' 
positions are randomly generated once every 10 iterations, as in Step 2. 
 

Step 7. The fitness values for new particles are calculated according to Equation (8).  
 

Step 8. Local best (݀݅݌) and global best (ݐݏܾ݁݃݌) positions are updated based on the minimum ݉݀݁ݏ value. 
 

Step 9. If the proportional change in the fitness values of ݐݏܾ݁݃݌ between two consecutive iterations is less than 10−3, the 
algorithm is terminated either as part of the early termination strategy or upon reaching the maximum number of iterations. If 
the algorithm has not been stopped, return to Step 5. 
 

The algorithm for the optimization of the hyperparameters and the validation of the model is given in Algorithm 3 

 

Algorithm 3. Optimization of the hyperparameters and the validation of the model 
 

Step 1. To find the best architecture, the search space is defined by the number of inputs (݌), the number of first-layer neurons 
(݉1), and the number of second-layer neurons (݉2). 
Step 2. The dataset is divided into three parts: training, validation, and test data in a block structure. ݊݊݅ܽݎݐ,  ݐݏ݁ݐ݊ and ݈ܽݒ݊
represent the number of training, validation and test set lengths. The learning samples are created by using (14) data. The inputs 
of the network for validation and test are created by using (15) and (16). 
 ்ܺ௥௔௜௡ = { 1ܺ, ܺ2, … , ܺ௡௧௥௔௜௡}                                                                                                                                                     (14) ܺ௏௔௟௜ௗ௔௧௜௢௡ = {ܺ௡௧௥௔௜௡+1, ܺ௡௧௥௔௜௡+2, … , ܺ௡௧௥௔௜௡+௡௩௔௟}                                                                                                                (15) ்ܺ௘௦௧ = {ܺ௡௧௥௔௜௡+௡௩௔௟+1, ܺ௡௧௥௔௜௡+௡௩௔௟+2, … , ܺ௡௧௥௔௜௡+௡௩௔௟+௡௧௘௦௧}                                                                                                (16) 
 

 

Step 3. Validation errors are calculated for each point in the search space by training the artificial neural network using 
Algorithm 2 with 5 different random initialization sets. The validation errors obtained for each point in the search space using 
5 different random initialization weights are averaged. These averages are treated as the validation errors for each parameter 
configuration. 
 

Step 4. The hyperparameter set with the lowest average validation error is identified as the optimal hyperparameter values (݌௢௣௧ , ݉1௢௣௧ , ݉2௢௣௧). 
 

Step 5. To determine the optimal set of hyperparameters, the artificial neural network is trained using Algorithm 2 with 10 
different sets of random initial weights. A new training dataset consisting of the ்ܺ௥௔௜௡ and ܺ௏௔௟௜ௗ௔௧௜௢௡ subsets is used as the 
training data. This increases the number of training examples by incorporating the validation data. Forecasts for ்ܺ௘௦௧ are 
calculated separately for 10 repetitions using the trained networks. The RMSE values are calculated using the forecasts 



   

  

obtained for the 10 repetitions. Finally, the mean, standard deviation, minimum, and maximum statistics of the RMSE values 
calculated for the 10 repetitions are computed. These statistics are used to compare the results of the proposed method with 
those of alternative methods. 
 

Applications and performance comparisons 

The performance of the proposed new artificial neural network was investigated using time series of Financial Times Stock 
Exchange (FTSE) adjusted closing values obtained from the Yahoo finance website. Ten time series with 250 observations 

randomly selected based on the starting dates, were used in the application. The start and end dates of the time series selected 

based on a random starting point are given in Table 1 and the graphs of the ten-time series with 250 observations is shown in 

Figure 2.  

 

Table 1 Ten time series of 250 data points, randomly selected from open data between 02-Jan-2024 and 12-Dec-2025. The data was downloaded from 

finance.yahoo.com. 

Time Series Start Date End Date 
Number of 

Observation 
Start Date End Date 

1 Feb 05, 2024 Jan 29, 2025 250 Sep 29, 2020 Feb 22, 2021 

2 Apr 10, 2024 Apr 02, 2025 250 Jan 06, 2020 May 28, 2020 

3 Jul 15, 2024 Jul 09, 2025 250 Aug 30, 2022 Jan 23, 2023 

4 Dec 04, 2024 Nov 28, 2025 250 Aug 20, 2020 Jan 12, 2021 

5 Dec 05, 2024 Dec 01, 2025 250 Jul 20, 2021 Dec 08, 2021 

6 Feb 26, 2024 Feb 19, 2025 250 Jan 10, 2020 Jun 03, 2020 

7 Dec 09, 2024 Dec 03, 2025 250 Nov 08, 2021 Mar 31, 2022 

8 Dec 03, 2024 Nov 27, 2025 250 Jun 09, 2020 Oct 28, 2020 

9 Jun 21, 2024 Jun 17, 2025 250 Jan 27, 2022 Jun 21, 2022 

10 Oct 10, 2024 Oct 06, 2025 250 Mar 22, 2022 Aug 12, 2022 

 

 



   

  

 
Fig.2.  The graph of ten time series of 250 data points, randomly selected from open data between 02-Jan-2024 and 12-Dec-2025. 

 

The performance of the proposed new artificial neural network was compared with the methods given in Table 2 using time 

series belonging to the Financial Times Stock Exchange (FTSE). Other important artificial neural networks in the literature 

were used to investigate the performance of the proposed method. The methods used in the comparison and the references 

where the methods were proposed are given in Table 2. 

 

 

Methods References 

Pi-sigma artificial neural network (PS-ANN) [22] 

Multiplicative neuron model artificial neural network (SMN-ANN) [6] 
Multi-layer perceptron artificial neural network (MLP-ANN) [1] 

Long short-term memory deep artificial neural network (LSTM) [4] 
Simple recurrent neural network (SRNN) [28] 

Dendrite neuron model artificial neural network (DNM-ANN) [29] 
Gated recurrent neural network (GRU) [30] 

Table 2 Methods and references used in the comparison. 

 

The statistics obtained from all methods for the Time Series 1 is given in Table 3. The proposed method is denoted by the 

abbreviation PM in the table.  

 



   

  

 

Table 3. The statistics obtained from all methods for FTSE Times Series 1. 

 

The results obtained for FTSE Time Series 1 are presented in Table 3. As seen in Table 3, the proposed PM method 

demonstrated the best overall forecasting performance among the other methods. The PM model achieved the lowest error rate 

with an average RMSE value of 52.8892, performing approximately 0.78 RMSE units better than the second-best methods, 

SMN (53.6731) and PS (53.6735). Furthermore, the PM method produced the lowest minimum RMSE value (52.2222). This 

indicates that the proposed method can achieve high-accuracy forecasts. Although the standard deviation of the PM method 

(0.3734) is higher compared to highly stable methods like SMN and PS, this variability is acceptable considering the significant 

improvement in accuracy achieved. In addition, the maximum RMSE value of the PM method (53.4639) remains competitive, 

demonstrating that the proposed architecture exhibits a certain resilience against large deviations and unstable forecasts. 

Among the compared methods, the SMN and PS models demonstrated remarkable stability with very low standard deviation 

values (0.0030 and 0.0032, respectively); however, the average RMSE values of both methods were significantly higher than 

those of the proposed PM architecture. While recurrent neural network-based models such as GRU and LSTM exhibited similar 

prediction performance, they lagged the PM method in terms of overall accuracy. On the other hand, the MLP and DNM 

models were the weakest performing methods, achieving the highest average RMSE values (54.0782 and 54.1683, 

respectively). Overall, the proposed PM model, despite having a more complex architecture (3,4,3), demonstrated effective 

generalization performance without leading to overfitting. These findings indicate that the proposed architecture more 

successfully captures the underlying nonlinear structure of FTSE time series data and provides a significant performance 

advantage compared to commonly used basic methods in the literature such as SMN, PS, MLP, GRU, LSTM, and DNM. The 

results obtained for FTSE Time Series 2–10 are presented in the supplementary material (Tables 4–12). Examining Table 4, 

the proposed PM method showed poor performance on Time Series 2 data. PM had the highest error rate among all compared 

methods, with an average RMSE value of 52.8892. The standard deviation (0.3735) indicates a moderate level of variance, 

and the method's stability can be considered acceptable. Overall, the PM method performed poorly on FTSE Time Series 2 

compared to the basic methods in the literature (especially SMN and PS). This result reveals that the proposed method is not 

equally effective for every time series and may be sensitive to the structural characteristics of the dataset. In summary, the 

findings in Table 4 show that the PM method achieved limited success on FTSE Time Series 2. This highlights that the 

generalization ability of the method varies among different time series and emphasizes the importance of dataset-specific 

analyses in future studies. Statistical results for Time Series 3 are given in Table 5. Table 5 shows that the proposed PM method 

stands out as the most successful method by far among the tested methods. PM demonstrated a significant advantage over all 

other methods compared, with an average RMSE value of 39.00. There is a difference of approximately 10.02 units between 



   

  

PM and its best competitor, the PS method (49.0167). The PM method (configuration (3,1,2)) has shown superiority not only 

in average performance but also in minimum RMSE (35) and maximum RMSE (40) values. While the average RMSE values 

of other methods are above 49, even PM's maximum error (40) is significantly better than the average performance of other 

methods. The standard deviation value (1.00) indicates a moderate variance, which can be considered acceptable given the 

high accuracy gain achieved by the method. This result strongly suggests that the proposed method captures the structural 

features of this series very well and exhibits an effective generalization capacity. Table 6 also shows that the PM method 

exhibits successful performance on FTSE Time Series 4 data. With an average RMSE value of 66.9769, it has the lowest error 

rate among the compared methods. There is a difference of approximately 1.253 units between PM and its closest competitor, 

the PS method (68.2303). The PM method (configuration (3,3,3)) presents a competitive and consistent profile in terms of 

average performance as well as minimum RMSE (66.4200) and maximum RMSE (67.3435) values. In particular, the 

maximum RMSE value is below the average RMSE of most other methods, revealing that the method exhibits strong resistance 

to excessive deviations in its predictions. The standard deviation value (0.3725) indicates a moderate variance, showing that 

PM exhibits acceptable stability while maintaining a high level of accuracy. Overall, the PM method has demonstrated a 

significant advantage over the basic methods in the literature (SMN, PS, MLP, GRU, LSTM, DNM) in the FTSE Time Series 

4. Despite using a more complex configuration ((3,3,3)), the method's successful generalization demonstrates that the proposed 

approach fits well with the structural characteristics of this dataset. Performance results obtained on FTSE Time Series 5 data 

are given in Table 7. The proposed PM method stood out by demonstrating the best performance. With an average RMSE 

value of 65.8609, it achieved the lowest error rate among all compared methods. Furthermore, the ((3,1,1) configuration) 

exhibited a competitive profile not only in terms of average performance but also in terms of minimum RMSE (65.1601) and 

maximum RMSE (66.3908) values. In particular, the minimum RMSE value shows that the method can achieve very low error 

levels under the most optimal conditions of the dataset. The standard deviation value (0.3259) indicates a moderate level of 

variance, revealing that PM provides reasonable stability while maintaining a high level of accuracy. In summary, the findings 

in Table 7 show that the PM method is the most successful method on the FTSE Time Series 5 and offers a balanced 

performance between average prediction accuracy and stability. The values obtained on the FTSE Time Series 6 data are given 

in Table 8. The PM method also exhibited the most successful performance on this time series. PM had the lowest error rate 

among all methods compared, with an average RMSE value of 47.1953. There is a difference of approximately 0.633 units 

between PM and its closest competitor, the PS method (47.8287). The PM method (configuration (4,4,1)) presented a 

competitive profile not only in terms of average performance but also in terms of minimum RMSE (47.1020) and maximum 

RMSE (47.9285) values. In summary, the findings in Table 8 show that the PM method is the most successful method on the 

FTSE Time Series 6 and provides a clear advantage over its competitors in terms of average prediction accuracy. 

Table 9 shows the results of the methods tested on FTSE Time Series 7 data. The PM method showed the best performance, 

achieving the lowest error rate. PM ranked first among all compared methods with an average RMSE value of 66.1236. There 

is a difference of approximately 0.0325 units between PM and its closest competitor, the DNM method (66.1561). The PM 

method (configuration (5,4,1)) showed a significant advantage in terms of both average performance and minimum RMSE 

(64.8651). This value indicates that the method can achieve very low error levels under the most optimal conditions of the 

dataset. The maximum RMSE value (66.8435) also remained at a competitive level, and the standard deviation (0.6578) 

indicates a moderate level of variance. This variance reveals that PM demonstrates reasonable stability while maintaining a 

high level of accuracy. Overall, the PM method produced the most successful result in FTSE Time Series 7 compared to the 

basic methods in the literature. Despite using a more complex configuration, the method's successful generalization supports 

the idea that the proposed approach fits well with the structural characteristics of this series. Table 10 presents the performance 

results for FTSE Time Series 8 data. The PM method also yielded the most successful result on this time series. With an 

average RMSE value of 66.4114, it ranked first among all compared methods. There is a difference of approximately 1.924 

units between PM and its closest competitor, the PS method (68.3357). The PM method (configuration (1,1,3)) presented a 



   

  

competitive and consistent profile in terms of its average performance as well as its minimum RMSE (66.196) and maximum 

RMSE (67.0214) values. In particular, the maximum RMSE value is below the average performance of other methods, 

revealing that the method exhibits strong resistance to excessive deviations in its predictions. The standard deviation value 

(0.2550) indicates a moderate level of variance, showing that PM exhibits acceptable stability while maintaining a high level 

of accuracy. In summary, the findings in Table 10 show that the PM method is the most successful method on FTSE Time 

Series 8. The results obtained on FTSE Time Series 9 data are presented in Table 11. The proposed PM method showed 

relatively low performance compared to others on this time series. With an average RMSE value of 34.9822, it had a high error 

rate among the compared methods. The standard deviation value (0.5649) indicates a moderate variance, showing that the 

method could not produce sufficiently effective estimates on this dataset. In summary, the findings in Table 11 show that the 

PM method achieved limited success on FTSE Time Series 9. This highlights that the generalization ability of the method 

varies among different time series and once again demonstrates the importance of dataset-specific analyses in future studies. 

Finally, the results obtained on Time Series 10 are reported in Table 12. Among the tested methods, the proposed PM method 

demonstrated successful performance. PM achieved the second-best result among the compared methods with an average 

RMSE value of 42.60871. There is a difference of approximately 1.50 units between PM and the best performing DNM method 

(41.1040). This difference is reasonable and reveals that PM generally demonstrates a competitive performance. The PM 

method (configuration (5,1,4)) exhibited exceptional stability, especially in terms of standard deviation (0.0112). This value is 

one of the lowest variances among all methods, indicating that the method produces highly consistent estimates under different 

conditions. The narrow range between the minimum RMSE (42.5882) and maximum RMSE (42.6301) values also confirms 

this high stability. Overall, the PM method demonstrated a strong and balanced performance in the FTSE Time Series 10 

compared to the basic methods in the literature. 

Considering the results obtained from all tables, the PM method generally demonstrates superior performance. PM achieved 

the lowest average RMSE value in 7 out of 10 time series, making it by far the most successful method, while it showed the 

second-best performance in 2 series and lagged its competitors in only 2 series (specifically Time Series 2 and Time Series 9). 

The PM method provided significant improvements in both average prediction accuracy and minimum RMSE in many series, 

achieving significant differences of 1–10 units over its competitors in some series (e.g., Time Series 3, 6, and 8). Furthermore, 

the standard deviation values of the method are generally moderate, offering a balanced profile between high accuracy and 

reasonable stability. These findings show that PM can largely successfully model the structural features of different time series 

and is generally more effective than classical and deep learning-based methods (GRU, LSTM, MLP, etc.) in the literature. On 

the other hand, the series-dependent variability in PM's performance is noteworthy. The significant performance degradation 

observed in some series (Series 2 and 9) indicates that the method is not equally adaptable to every dataset and is sensitive to 

data characteristics. Consequently, the proposed PM method generally outperformed comparison methods in the literature in 

comprehensive experiments conducted on FTSE time series. These results suggest that further development of the PM method 

through testing on larger datasets and different financial time series could make a significant contribution to the literature.  

 

 

 

 

 

 

 

 

 

 



   

  

Average performances obtained based on mean RMSE values across ten different FTSE time series are presented in Figure 3. 

 

Fig 3. Comparison of all methods based on their overall mean RMSE values computed across 10 FTSE time series. 

Figure 3 shows that the proposed PM method exhibits by far the best performance in terms of overall average RMSE value, 

with 53.49. PM achieved an average RMSE value approximately 1.20 units lower than PS (54.69), the second-best method, 

and approximately 1.75 units lower than the methods producing the highest errors. These results support the fact that the PM 

method maintains its successful performance in individual time series across all series and provides a statistically significant 

advantage compared to comparison methods in the literature (SMN, DNM, MLP, PS, GRU, LSTM). In particular, the fact that 

PM reduces the average error value by around 2-3% compared to its competitors indicates that the method has high 

generalization capability and robustness. In conclusion, the findings in Figure 3 confirm that the proposed PM method is the 

most successful method in terms of overall average performance in comprehensive tests performed on FTSE time series. This 

graph supports the series-specific results in Tables 3–12 from a holistic perspective, demonstrating that the PM method has 

the potential to contribute to the literature in the field of financial time series forecasting. 

 

 

 

 

 

 

 



   

  

To compare the performance of the methods at different time series Friedman test is performed.   

 

   

 

Total N 30 

Test Statistic 40.580 

Degree Of Freedom 6 

Asymptotic Sig. (2-sided test) 0.000 

 

Friedman test results showed statistically significant differences in mean rankings among seven estimation methods evaluated 

on ten different time series (Q = 27.82, p < 0.001). The proposed PM method demonstrated superior performance with a mean 

rank of 1.00, achieving the best ranking in almost all time series. The SMN and PS methods were the second most successful 

methods with the same mean rank (3.17), showing competitive performance. The LSTM (mean rank = 4.13) and GRU (mean 

rank = 4.47) methods produced moderate results, while the MLP (mean rank = 5.83) and DNM (mean rank = 6.23) methods 

showed the weakest performance. These results strongly support the idea that the developed PM method is an effective and 

successful approach to time series estimation problems. 

 

Conclusions and Discussions 

 

This study proposes a novel artificial neural network architecture, the Median-Π (Median-Product) Neural Network, for 

estimation problems involving noisy observations and outliers. In the proposed architecture, the median-based structure used 

in the first hidden layer suppresses the propagation of outliers throughout the network, while the multiplicative neuron structure 

used in the second hidden layer increases the model's capacity to represent high-order nonlinear relationships. Thus, robustness 

and representational power are combined within a single integrated neural network framework. Due to the non-differentiable 

nature of the median operator and the highly complex error surface created by the multiplicative neurons, the network 

parameters were optimized using the Particle Swarm Optimization algorithm. The performance of the proposed model was 

evaluated on 10 different FTSE time series datasets, each containing 250 observations, under a systematic experimental 

structure based on training, validation, and test sets. Furthermore, the proposed architecture was compared with various 

important estimation methods commonly used in the literature, including classical multilayer perceptron networks, recurrent 

neural network structures, and robust neural network models. Experimental findings have shown that the proposed Median–Π 
architecture provides stable and competitive prediction performance, especially under noisy data conditions. The results reveal 

that the median-based processing mechanism provides inherent robustness against outliers, while the multiplicative structure 

enhances the model's ability to effectively detect nonlinear patterns. The findings also demonstrate that the robustness problem 



   

  

can be addressed directly at the architecture level, not just through preprocessing techniques or alternative loss functions. One 

of the most significant advantages of the proposed model is its ability to maintain high expressiveness through multiplicative 

interactions while reducing the structural sensitivity of classical additive neural networks. However, because multiplicative 

neural network structures create highly nonlinear optimization surfaces, the training process becomes dependent on meta-

heuristic optimization methods, which can increase computational costs. In future studies, it would be beneficial to investigate 

alternative optimization strategies, develop hybrid learning algorithms, and evaluate the proposed architecture on larger and 

more diverse datasets. Furthermore, integrating the Median–Π architecture with modern deep learning frameworks can be 
considered a promising research direction for future studies. 
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