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Abstract: In this study, an improved version of the Extreme Learning Machine, namely Improved 

Weighted Regularization ELM (IWRELM), is proposed for hourly precipitation forecasting in multi-

steps ahead. After finding the optimal values of the proposed method, including the number of 

hidden neurons, activation function, weight function, regularization parameter, and the effect of the 

orthogonality, the IWRELM model was calibrated and validated. Thereafter, the calibrated 

IWRELM model was used to estimate the precipitation up to ten hours ahead. The results indicated 

that the proposed IWRELM (R = 0.9996; NSE = 0.9993; RMSE = 0.015; MAE = 0.0005) has acceptable 

accuracy in short-term hourly precipitation forecasting up to ten hours ahead. 
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1. Introduction 

As a fundamental hydrological variable, precipitation significantly contributes to the 

land surface and atmospheric processes. Recently, there have been many applications for 

precipitation forecasting, such as pollutant concentration level monitoring, flood forecast-

ing, and more. Forecasting precipitation is challenging for meteorological scientists due 

to the precipitation timing and quantity variability. As a result of its persistence and com-

plexity, rainfall forecasting has piqued the interest of academics. Moreover, potential 

flooding as the result of snow melt and heavy precipitation in early Spring in Canada 

[1,2], causing significant fatalities and economic damage. Therefore, a quantitative and 

accurate precipitation forecast can be helpful in formulating appropriate measures and 

reducing the risk of floods and landslides leading to property damage and loss of life. 

It is recognized that existing models use complex statistical models, which are often 

neither computationally nor economically feasible, or downstream applications are not 

affected by them. It is therefore being explored as a possible solution to these shortcom-

ings to use machine learning algorithms in combination with the time series concept. The 

most well-known Machine Learning (ML) is the Artificial Neural Network (ANN) trained 

with the backpropagation (BP) training algorithm. Although this method has been used 

by many scholars, it has limitations, such as slow convergence, time-consuming training 

process, stuck in local minima, overfitting, and low generalization proficiency [3–6]. The 

Extreme learning machine (ELM) was introduced by Huang et al. [7] as a single-layer 

feed-forward Neural Network to overcome the classical ANN. The main advantages of 
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ELM are its high generalization capability [7,8], rapid training process, and least adjusta-

ble parameters by the user. 

Along with all these advantages, the random determination of more than 66% of the 

parameters related to the final model (i.e., two matrices of bias of hidden neurons and 

input weights) [9] is one of the limitations of this method. Ebtehaj et al. [9] suggested a 

simple iterative process to reduce the effect of random initialization of these two matrices. 

Moreover, Deng et al. [9] considered the regularization term in the loss function of the 

ELM. They defined a weighting process to improve the ELM generalizability in the pres-

ence of outliers resulting in Weighted Regularized ELM (WRELM). A comparison of the 

WRELM with the first version of the ELM introduced by [7] proved the higher ability of 

the WRELM [8,10]. To the authors’ best knowledge, no study has been carried out on the 

application of the WRELM in hourly precipitation forecasting. 

In the current study, a computer program was coded in MATLAB environment to 

develop an improved version of the WRELM (i.e., IWRELM) by taking advantage of the 

iterative process introduced in [9] and WRELM [10]. The introduced IWRELM is applied 

for hourly precipitation forecasting. Different parameters of the IWRELM, including the 

orthogonality effect, the regularization parameter, the weight function, the activation 

function, and the number of hidden neurons, have been optimized through different de-

fined models. Moreover, various models have been defined for multi-step ahead forecast-

ing of the precipitation in Quebec City, Canada. 

2. Materials and Methods 

2.1. Study Area 

The data used in the current study were recorded hourly at the station of Sainte- 

Catherine-de-la-Jacques-Cartier from 12/14/1994 to 10/31/2022 (Latitude: 46.8378 & Lon-

gitude = −71.6217). The collected data were divided into training and testing stages with 

a ratio of 50:50. The minimum, average, standard deviation, and maximum of the dataset 

are zero, 0.0843, 0.5574, and 18.4 mm/h, respectively. All measurements in the dataset 

were made by the “Ministère de l’Environnement et de la Lutte contre les changements 

climatiques, de la Faune et des Parcs” [11] of Quebec, Canada. 

2.2. Improved Weighted Regularized Extreme Learning Machine (IWRELM) 

Suppose we have a dataset with N training samples, xi (i = 1, 2, …, S) representing 

the inputs and yi representing the outputs associated with those inputs. Assuming that 

the f(x) is used as the activation function and there are h neurons in the hidden layer, the 

mathematical relationship specified by the IWRELM to map the input variables to the 

output variables can be stated as follows: 

1

( ) , 1,2,..,
h

j j i j i
j

z f A y i S
=

 + = = o x

 
(1) 

where zj is the vector of the output weight, f(x) denotes the activation function, oj is the 

input weight matrix, Ai is the bias of hidden neurons, xi and yi denote the input and output 

variables, respectively, S denotes the number of samples, and h is the number of hidden 

neurons. 

Based on Equation (1), which consists of S equations, a matrix representation of the 

equation can be expressed as: 

Gz = y (2) 

1[ ,..., ]TSz z z=  (3) 

1[ ,..., ]TSy y=y  (4) 
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Due to the random definition of the output weight (i.e., O) and bias of hidden neuron 

(i.e., A), the matrix G is known. Therefore, the only unknown variable in Equation (2) is z. 

Because the matrix G is, in most cases, not a square matrix, it is not possible to calculate z 

using Equation (2) directly [7]. To solve this problem, it is easier to use the minimization 

of the loss function to calculate the optimal least-squares. The loss function in IWRELM is 

defined as follows: 

2 2

2 2
min

z
E C z= +W(y -Gz)  (6) 

where C is the regularization parameter and W is the weight of each sample through the 

weighting process in IWRELM. In the weighting process, Equation (6) is considered as 

Equation (7) and assigned different weights to all samples so that the samples with the 

least error receive the most weight and vice versa: 

2 2

2 2
min ( z)

z
E C z= +y -G  (7) 

The solution of the output weight (i.e., w) from Equation (7) is as follows: 

( )
1

ˆ T Tz C
−

= +G G I G y  (8) 

Here, I is the identity matrix. Moreover, C should not be zero. It could be a positive 

value less than 1 (0 < C < 1). The applied functions for the weighting process are defined 

in Table 1. The process of calculating the output weight using Equation (7), the weighting 

process by the functions provided in Table 1, and the recalculated loss function based on 

Equation (6) is repeated according to the iteration number defined by the user. 

Table 1. Weight functions applied in IWRELM. 

No. Function Definition 

1 i

4

1 1.349 ( z) / IQR 2.5

w 2 (3 1.349( z) / IQR ) 2.5 1.349 ( z) / IQR 3

10 Otherwise−

  


=  −   



y - G

y - G y - G  

2 2 2w (abs(r) 1 (1 r ) ; r (1.349 ( z)) (4.685 IQR)=   − =  y -G  

3 w 1 max(1,abs(r)); r (1.349 ( z)) (1.345 IQR)= =  y - G  

4 w (abs(r) pi) sin(r) r; r (1.349 ( z)) (1.339 IQR)=   =  y - G  

5 w 1 (1 abs(r)); r (1.349 ( z)) (1.4 IQR)= + =  y - G  

6 2w 1 (1 r ); r (1.349 ( z)) (2.385 IQR)= + =  y -G  

7 w tanh(r) r; r (1.349 ( z)) (1.205 IQR)= =  y - G  

8 w tanh(r) r; r (1.349 ( z)) (2.795 IQR)= =  y - G  

9 w 1 abs(r) 1; r (1.349 ( z)) (2.985 IQR)=   =  y - G  

10 w 1 max(0.0001,abs( z))= y - G  

* IQR is the interquartile range. 

3. Results and Discussion 
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This section details the IWRELM-based modeling in finding the optimal parameters, 

including the number of hidden neurons (NHN), the activation function, the weight func-

tion, the regularization parameter, and the effect of the orthogonality. Finally, the perfor-

mance of this model in multi-steps ahead precipitation forecasting is investigated using 

the found optimal values and functions. 

Figure 1 shows the statistical indices of the developed IWRELM in hourly precipita-

tion forecasting. Details of the statistical indices provided in Figure 1, including correla-

tion coefficient (R) and Nash–Sutcliffe efficiency (NSE), Mean Absolute Error (MAE) and 

Root Mean Square Error (RMSE), and Corrected Akaike Information Criteria could be 

found in recently published studies [12,13]. 

The precipitation at the next time is estimated using the value of this variable by con-

sidering one to three delays as follows: 

Pr(t) = f(Pr(t-1), Pr(t-2), Pr(t-3)) (9) 

where Pr(t), Pr(t-1), P(t-2), and Pr(t-3) denote the precipitation at time t, t-1, t-2, and t-3, 

respectively. 

  

(a) AIC and Correlation-based indices (b) Absolute-based indices 

Figure 1. Performance evaluation of the WRELM with the different number of hidden neurons. 

The twenty different values in the range of [10, 200] were checked for NHN. Due to 

Figure 1b, it can be seen that the R and NSE indices are greater than 0.99, indicating a high 

level of accuracy in forecasting hourly precipitation with a different number of hidden 

neurons. Evaluating the effect of NHN in IWRELM indicates that increasing the number 

of hidden neurons generally enhances the model’s accuracy. Based on Figure 1b, increas-

ing the NHN leads to a significant reduction of the MAE and RMSE, especially for NHN 

of more than 100. For NHN less than 100, an increase of 10 units of NHN significantly 

changes the values of MAE and RMSE. For example, the MAE and RMSE of NHN = 10 

(RMSE = 0.012 & MAE = 0.0007) are more than 10% and 12% lower than the value of these 

indices for NHN = 20 (RMSE = 0.0106 & MAE = 0.00062) while the difference between the 

values of these two indices for NHN = 200 and NH = 190 is less than 2%. However, in 

some instances, the increase in NHN did not correspond directly to the decrease in MAE 

and RMSE. For example, the values of these two indices corresponding to NHN = 110, 13, 

and 150 are higher than those corresponding to NHN = 100, 120, and 140, respectively. 

The reason for this could be related to the random determination of input weights and the 

bias of hidden neurons (Two main matrices in ELM-based methods such as WRELM), 

which include more than 66% of the total number of optimized values [8]. Considering 

that in the models presented in this study, the iteration number is equal to 1000, and when 

facing such conditions, its value is increased to 100,000, the best results related to IWRELM 

with different NHNs have been presented. 

Considering that the values of regression-based indices in different models are not 

significantly different (similar to Figure 1), R and NSE are not provided to evaluate other 

parameters of IWRELM. Figure 2 shows the statistical indices of the IWRELM used for 
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finding the optimal activation function, the weight function provided in Table 1, the reg-

ularization parameter (defined in Equation (6)), and the effect of orthogonality on the 

modeling performance. For the activation function, six different functions (i.e., Sigmoid 

(Sig), sine (Sin), tangent hyperbolic (Tanh), radial basis function (Radbas), triangular basis 

function (Tribas), and hard limit (Hardlim)) were compared. The RMSE and MAE of the 

IWRELM with the activation function Hardlim are more than 7 and 9 times higher than 

Sig and Radbas, respectively, as the functions that only performed better than Hardlim in 

these two indices. 

Comparison of other functions indicated insignificant differences between them, so 

that the Sin outperformed the others. For the weight functions provided in Table 1, which 

is the most crucial feature of the IWRELM compared to the classical ELM, the difference 

between all the functions is remarkable so that the RMSE and MARE of function No. 9 are 

about more than four times greater than those for functions No. 1, 3, 6, 7, and 8. The per-

formances of functions No. 1, 3, 6, 7, and 8 are very close, so function No. 3 outperformed 

others (i.e., functions No. 1, 6, 7, and 8) with a minimal difference, and this function is 

chosen as the optimal function. The regularization parameter is selected in the range of 

[0.0001, 0.8]. The results indicated that the best performance of the IWRELM is achieved 

in the lowest value of the regularization parameter (i.e., C = 0.0001). Moreover, the statis-

tical indices provided in Figure 2d proved the importance of using the orthogonality func-

tion to define random initialized matrices (i.e., the bias of hidden neurons and input 

weights). 

  

(a) Activation function (b) weight function 

  

(c) Regularization parameter (d) Orthogonality 

Figure 2. Investigation of the effects of (a) Activation function, (b) weight function, (c) regularization 

parameter, and (d) orthogonality on the IWRELM performance. 

Figure 3 shows the statistical indices of the IWRELM in forecasting hourly precipita-

tion from one to ten times ahead. To develop these models, three lags were considered as 

input variables like Equation (3) for one hour ahead (1HA). For two to ten hours ahead, 

the first inputs are Pr(t-2) to Pr(t-10), the second inputs are Pr(t-3) to pr(t-11), and the third 

ones are from Pr(t-4) to Pr(t-12), respectively. It can be seen that increasing the time ahead 

for forecasting the precipitation (i.e., from 1HAT to 10HA) decreases the values of two 
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correlation-based indices (i.e., R and NSE) and increases the values of the RMSE and MAE 

indices. Also, the index values for 10HA precipitation forecasting, where the performance 

is almost the weakest, are acceptable (R = 0.99965; NSE = 0.99926; MAE = 0.00054; RMSE = 

0.015). Based on the results of this study, the method developed here (i.e., IWRELM) has 

a high ability to forecast precipitation several hours in advance. 

  

(a) Correlation-based indices (b) Absolute-based indices 

Figure 3. Assessment of the WRELM capacity in multi-steps ahead precipitation forecasting. 

4. Conclusions 

In this study, the Improved Weighted Regularization Extreme Learning Machine 

(IWRELM) was proposed for hourly forecasting of precipitation one to ten hours ahead. 

By calibrating this model for one hour ahead, the optimal values of the number of hidden 

neurons (e.g., 100), the regularization parameter (e.g., C = 0.0001), the most efficient acti-

vation function (e.g., Sine function), and the weighting function (e.g., function no. 3 in 

Table 1) were found. Using the optimal values of the different parameters, the model’s 

performance was checked up to ten hours ahead. The results showed that the model’s 

accuracy decreases with the increase of the forecast time ahead. Nevertheless, the model’s 

accuracy in forecasting precipitation ten hours ahead remains acceptable (R = 0.9996; NSE 

= 0.9993; RMSE = 0.015; MAE = 0.0005). Since there has been no evaluation of the input 

variables, a feature selection can be used in future studies and a comparison of the model’s 

performance with optimal inputs can also be performed. 
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