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A precise streamflow forecast is crucial in hydrology for flood alerts, water quantity and quality 
management, and disaster preparedness. Machine learning (ML) techniques are commonly employed 
for hydrological prediction; however, they still face certain drawbacks, such as the need to optimize 
the appropriate predictors, the ability of the models to generalize across different time horizons, and 
the analysis of high-dimensional time series. This research aims to address these specific drawbacks 
by developing a novel framework for streamflow forecasting. Specifically, a hybrid ML model, 
WKELM-R, is developed to predict streamflow based on daily discharge and precipitation. The model 
combines ridge regression (RR), locally weighted linear regression (LWLR), and kernel extreme learning 
machine (KELM) to enhance multi-step-ahead predictions by accounting for both linear and nonlinear 
characteristics. In data preprocessing, this study applies multivariate variational mode decomposition 
(MVMD) for decomposition to handle non-stationarity and complexity, Boruta-XGBoost for feature 
selection to select the optimal inputs and decrease the dimension, and gradient-based optimizer (GBO) 
for adjustment of model parameters to overcome the need to optimize the appropriate predictors. To 
demonstrate the ability to handle real-world conditions and different time horizons, WKELM-R was 
applied to a watershed in North Dakota, USA to forecast discharge for three different time horizons. 
The results were compared with those from the existing standalone and hybrid models by multi-
criteria decision-making (MCDM), demonstrating the efficacy and unique capabilities of the new hybrid 
model in streamflow forecasting (for the testing level at t + 3: R = 0.992, RMSE = 0.426, NSE = 0.983; 
at t + 7: R = 0.997, RMSE = 0.249, NSE = 0.994; at t + 14: R = 0.996, RMSE = 0.304, NSE = 0.991).

Keywords  Streamflow forecasting, Multivariate variational mode decomposition (MVMD), Gradient-based 
optimization (GBO), Multi-criteria decision-making (MCDM), Hybrid WKELM-R model

Accurate forecasting of streamflow is essential for effective water resource management. Streamflow forecasting 
models are significantly influenced by the composite properties of severe nonlinearity, high levels of uncertainty, 
and spatiotemporal variability1. Both physically-based and data-driven models have been widely used for 
streamflow simulations2,3. Although the physical models provide detailed simulations of hydrological processes, 
the process of parameter adjustment in these models can be laborious4 because of limited data availability, 
inherent model complexities, and other factors. Therefore, under some circumstances, such physically-based 
models may not be applicable5–7. In contrast, data-driven models are capable of estimating statistical connections 
among input variables and target variables without taking into account the mathematical equations that govern 
hydrological systems8–10. In addition, data-driven models require notably less data compared to physically-based 
models. They can also effectively tackle the issue of missing data9.

Data-driven techniques for prediction can be broadly classified into two distinct categories, time-series (TS) 
methods and machine learning (ML) models11. Some popular TS methods include least squares (LS), multiple 
linear regression (MLR), and stepwise cluster analysis (SCA). TS models in streamflow forecasting use a linear 
relationship among input and target variables with an assumption of stationarity for the recorded data11. As 
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a consequence of these assumptions, the accuracy of both short-term and long-term forecasts is decreased12. 
Given the issues with prediction accuracy and the need for improved results, there is an emphasis on ML models 
as more reliable options13. Unlike TS models, ML models are more adept at identifying intricate correlations, 
non-linearity, and non-stationarity among the elements of a phenomenon14. Some ML models commonly used 
for hydrological modeling include support vector machine (SVM)15, multi-layer perceptron (MLP)16,17, extreme 
learning machine (ELM)18, artificial neural network (ANN)19, kernel extreme learning machine (KELM)20, and 
several others.

Various ML models have been applied for streamflow forecasting in recent years. For example, El-Shafie and 
Noureldin21 performed multi-lead inflow forecasting by using autocorrelation and cross-correlation analyses to 
enhance input patterns and employing regularized neural network (RNN) and ensemble neural network (ENN) 
models to mitigate overfitting. Yaseen, et al.22 used the ELM for streamflow prediction and emphasized that a 
primary limitation of the ELM method was its reliance on a random starting process for the internal hidden layer 
weights. Yaseen, et al.9 further found that the integration of more reliable information as attributes could lead 
to improved efficiency of the ELM approach. In addition, Abozweita, et al.23 assessed the predictive reliability of 
an optimized decision tree (ODT) model using historical inflow and rainfall data for the Terengganu River in 
Malaysia. Although there are some successful applications, ML models are often subject to their inherent “black 
box” characteristic, susceptibility to overfitting, and reliance on empirical methods for model construction24. 
Therefore, there is room to improve their performance and efficacy.

Among various ML modeling efforts, development of hybrid ML models is one of the key alternatives for 
improving their prediction accuracy25–27. Hybrid ML models can effectively exploit the respective advantages of 
different models and enhance their performances28. For instance, Chang, et al.29 demonstrated the advantages 
of employing a hybrid ML model that combined dynamic neural networks and a self-organizing map (SOM) 
to predict flooding using rainfall and previous flooding levels. Dariane and Azimi30 used input selection 
methodologies based on singular spectrum analysis (SSA) and genetic algorithms (GA) to predict river flow 
and demonstrate improved accuracy. Moreover, Tikhamarine, et al.31 showed the capability of the grey wolf 
optimization method in enhancing the precision of streamflow forecasts. Ramaswamy and Saleh32 also combined 
ensemble-based and optimized algorithms to estimate reservoir outflow.

Recently, Ahmed, et al.33 developed a novel modeling framework that combined multi-layer perceptron 
(MLP) with metaheuristic algorithms (MHAs) for estimating monthly streamflow and showed that the MLP 
using nuclear reaction optimization (NRO) achieved the highest predicting accuracy. Moreover, Adnan, et al.34 
presented a new hybrid model named ELM-IRSA to improve river flow modeling. Kilinc, et al.35 developed a 
hybrid ML model that combined CatBoost and genetic algorithm (GA) to forecast river flow on a daily basis. 
Momeneh and Nourani36 examined the efficacy of hybrid models for streamflow forecasting by combining an 
ANN model with several ML models. In addition, Jamei, et al.37 created a hybrid model, MVMD-CNN-BiGRU, 
to predict daily streamflow with one and three days in advance, demonstrating its superior accuracy. In another 
study, Adnan, et al.38 examined the effectiveness of a relevance vector machine mixed with a dwarf mongoose 
optimization algorithm in monthly streamflow modeling.

In spite of the attempts to develop hybrid ML models, they still face several major drawbacks, such as the need 
to optimize the appropriate predictors, the ability to generalize across different time horizons, and the analysis of 
high-dimensional time series. Therefore, more efforts are needed to develop effective methodologies for deriving 
optimum solutions in hydrologic forecasting31. One of these efforts involves the integration of hybrid ML models 
with data preprocessing techniques31. Such combinations can help models overcome the mentioned drawbacks. 
One of the preprocessing techniques is time series decomposition, which has been extensively investigated 
in hydrologic modeling39. Among the choices for time series decomposition, MVMD has been found to be 
reliable. In contrast to variational mode decomposition (VMD), MVMD can concurrently break down all input 
characteristics with adequate precision and hence reduce computing cost and time40. In addition, decomposing 
the inputs into different frequency components helps in isolating and examining each portion individually, 
making it easier to identify patterns and correlations. Furthermore, the modeling accuracy can be potentially 
enhanced by using a combination of two decomposition methods that reveal the intricate correlations among 
the input features41,42. So, feature selection strategies can effectively improve predictive performance by reducing 
network noise and optimizing network processing learning. In addition, feature selection strategies with selecting 
the optimal inputs can help decrease dimension of the problems. Furthermore, adjusting the scaling factors 
associated with hybrid models is amongst the most critical phases to obtain the greatest potential efficiency 
and accuracy. In this regard, metaheuristic optimization algorithms, random search, grid search strategy, and 
manual search (trial and error strategy) are able to improve the parameters of ML models.

In this study, a new hybrid ML model, B-MVMD-WKELM-R-GBO, is developed for streamflow prediction 
with combination of linear and nonlinear ML models and data preprocessing strategies. This study uses 
multi-stage MVMD for data preprocessing to handle non-stationarity and complexity, and XGBoost feature 
selection for choosing the most related inputs and decreasing dimension of the problem. In addition, this study 
integrates RR and LWLR with KELM to effectively analyze high-dimensional time series and utilizes GBO to 
optimize the hyperparameters. To demonstrate the improvements in computational efficiency and accuracy, 
B-MVMD-WKELM-R-GBO is compared with several other robust models. In addition, three multi-criteria 
decision-making  (MCDM) techniques (MARCOS, ARAS, and COPRAS) are utilized to determine the most 
precise forecasting framework for streamflow, while considering six metrics including R, RMSE, MAPE, NSE, 
IA, and U95%. More importantly, the new approach is tested through a real application in the Upper Turtle River 
watershed in North Dakota, USA to highlight its broad implications and the ability to generalize across different 
time horizons.

Scientific Reports |        (2024) 14:30910 2| https://doi.org/10.1038/s41598-024-81779-z

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Materials and methods
A hybrid ML model, B-MVMD-WKELM-R-GBO, was developed for understanding the dynamic 
interconnections between precipitation and streamflow in this study. The B-MVMD-WKELM-R-GBO model 
was enhanced in the MATLAB R2022a and Python 3.9 environments. Therefore, the proposed ML model 
developing process was carried out in two distinct steps. Firstly, data pre-processing was conducted by using 
XGBoost feature selection and MVMD. Secondly, a hybrid model was created by coupling RR, LWLR, KELM, 
and GBO. The model was executed on a Windows 10 device with an Intel Core i7 CPU running at a speed of 
3.20 GHz and 16 GB of RAM. The hybrid B-MVMD-WKELM-R-GBO model was then applied to forecast the 
discharge of the Upper Turtle River for 3 days ahead (t + 3), 7 days ahead (t + 7), and 14 days ahead (t + 14). 
Figure  1 shows the overall flowchart of this hybrid model. The specific modeling procedures and steps are 
detailed in the following subsections.

Data pre-processing and preparing
One of the difficult problems in constructing ML models that rely on a large number of input characteristics 
is selecting the appropriate and most effective mix of input features to be used as inputs of the models. In 
the last decades, the introduction of AI-based techniques and the progress of data mining technologies have 
led to the emergence of feature selection techniques. These techniques facilitate effective identification of the 
characteristics that are important to selecting an objective variable from current variables based on a certain 
logic. The process of selecting features is crucial in constructing a prediction model because it directly affects the 
correctness of the model. Therefore, the model’s efficacy and cost can be improved by selecting the most suitable 
features.

In the proposed approach, both the lags of the observed data and the observed dataset itself are listed as 
input data. Then, the selection of optimum input parameters is carried out through two distinct phases. The 
preliminary phase occurs before the execution of decomposition. This phase is primarily focused on finding 
the relevant delays. In the subsequent phase, the feature selection technique identifies the optimal input data 

Fig. 1.  Schematic flowchart depicting the development procedures of the hybrid model (this figure was 
generated using Microsoft Visio Professional 2019, version 1808: ​h​t​t​p​s​:​​/​/​w​w​w​.​​m​i​c​r​o​s​​o​f​t​.​c​​o​m​/​e​n​/​m​i​c​r​o​s​o​f​t​-​3​6​5​
/​v​i​s​i​o​/​f​l​o​w​c​h​a​r​t​-​s​o​f​t​w​a​r​e​​​​​)​.​​​​
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decomposed by the MVMD approach. The second phase is to tackle the extensive number of decomposed inputs 
and determine the inputs with the greatest influence.

First stage of feature selection
The XGBoost algorithm (Sánchez-Maroño et al.43; Kursa and Rudnicki44) was used to detect the lags of the features 
that have statistical significance. An analysis was conducted on each time horizon to identify the important 
factors linked to the five distinct lags of the Q(t + 3), Q(t + 7), and Q(t + 14) indices in this study. Therefore, 9, 
16, and 8 characteristics were selected (Fig. 2) based on their ranks to forecast Q(t + 3), Q(t + 7), and Q(t + 14), 
respectively. The optimal time delays selected in the present step were necessary for the subsequent stages.

Signals decomposition
Signals decomposition is also vital because the success of an ML model is completely contingent on the 
information acquired from the input dataset. In fact, the more reliable the input dataset is, the more reliable 
the model’s prediction is. MVMD, created by Ur Rehman and Aftab40, represents a generalized variant of the 
variational mode decomposition (VMD) process. It is specifically designed to handle multivariate collections 
of data. Furthermore, in contrast to the univariate mode decomposition approach, MVMD exhibits a more 
precise mathematical foundation and a superior ability to identify the shared frequency patterns across signals45. 
Therefore, the MVMD approach concurrently decomposed the selected input characteristics identified in the 
previous stage. This process entailed decomposing the independent variables into many sub-series, known as 
Intrinsic Mode Functions (IMFs), along with a residual component. The goal of this process was to reduce the 
complexity of the main signals. Thus, the optimal values of K, representing the total number of modes, were 5 for 
Q(t + 3), 10 for Q(t + 7), and 12 for Q(t + 14) in this study. In addition, these numbers were obtained by a series 

Fig. 2.  Scores of input modes achieved by XGBoost (a) for Q(t + 3); (b) for Q(t + 7); and (c) for Q(t + 14).
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of trial and error processes. Note that choosing a correct K value is essential. If K is too high, it can lead to mode 
aliasing, while a too low K value results in insufficient feature extraction and poor decomposition.

Second stage of feature selection
Following the breakdown of signals, the input dataset included 45 modes, represented as 5 × 9 IMFs for Q(t + 3). 
For Q(t + 7), there were 160 modes, stated as 10 × 16 IMFs, while there were 96 modes for Q(t + 14), represented 
as 12 × 8 IMFs. As a result of the increase in variables after decomposition, the XGBoost method was used 
again to determine the effective time delays of the features and remove ineffective variables from the input data 
acquired from the decomposition process to improve computational efficiency. During this stage, the variables 
with the highest rank (rank 1) were chosen as the input dataset for the ML models, instead of picking ranks 1 
and 2 as performed in the first feature selection step. Following the implementation of the XGBoost technique 
for feature selection, 35 out of the 45 input modes for Q(t + 3), 68 out of the 160 input modes for Q(t + 7), and 
39 out of the 96 input modes for Q(t + 14) were chosen as feed for the ML models.

Development of the hybrid WKELM-R-GBO model
Kernel extreme learning machine
Huang et al.46 improved the ELM through the utilization of the kernel function (K), which altered the feature 
mapping g(x) associated with the hidden layer47. Not only does the kernel function Krn(x, x1) reduce the 
number of internal variables in the KELM, but it also evolves convergence and more powerful performance in 
generalization48. In addition, the concept of ELM as a single hidden layer feed-forward neural network (SLFN) 
was considered by Huang et al.49. The equation representing the generalized SLFN can be expressed as50–52:

	 Z (x) = G (x) ω = T r� (1)

in which x and G respectively represent the given input variable and matrix, which reflects the feature mapping 
of the hidden layer; T r denotes the data extracted from the training set (i.e., the output matrix from the hidden 
layer); and ω is the weight associated with the comprehensive feature transformation, which is calculated by 
finding the pseudoinverse of matrix G46,47,50:

	
ω = GT

(
I

γ
+ GGT

)−1

T r� (2)

in which I  and γ denote the identity matrix and the regularization coefficient, respectively. Thus, the function 
for ELM can be formulated as46,49:

	
Z (x) = G (x) ω = G (x)

(
GT

(
I

γ
+ GGT

)−1

T r

)
� (3)

In the subsequent phase, the substitution of the feature mapping in the hidden layer with a kernel function (K) 
is undertaken to augment both stability and generalization, resulting in the creation of a KELM. The function 
for KELM is given by46:

	
Z (x) = G(x)

(
GT

(
I

γ
+ GGT

)−1

T r

)
=

[
Krn (x, x1)

. . .
Krn (x, xN )

]T ((
I

γ
+ ΨKELM

)−1

T r

)
� (4)

in which

	 ΨKELM = GGT = G (xi) .G (xj) = Krn (xi, xj)� (5)

Because the wavelet kernel function (Krnw) is capable of identifying both global and local characteristics in 
data, it is often chosen in a variety of ML applications. Several Krnw  exist, including the Gaussian, linear, 
exponential, and polynomial kernel53. In this research, we used the following Krnw  because of its effectiveness 
in both training and testing54,55:

	
Krnw

(
xi − xi

T
)

=

[
cos

(
a.

(
xi − xi

T
)

b

)
.exp(−∥xi − xi

T ∥2

c
)

]
� (6)

in which a, b, and c are the tuning parameters. Since these parameters have significant impacts on the efficacy56, 
it is crucial to determine their optimal values. In this study, the optimal a, b, and c were determined by using the 
GBO algorithm.

Thus, using the KELM learning framework can eliminate the variations in optimization constraints in the Support 
Vector Machine (SVM) and Least Squares Support Vector Machine (LSSVM). Because of its optimization 
restrictions, KELM exhibits an improved generalization performance compared with SVM and LSSVM46. It 
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can be inferred that the KELM method has a comparable performance in terms of its ability to generalize from 
training data to novel, unknown data, making it a viable technique in the field of machine learning.

Locally weighted kernel extreme learning machine
This study combines the Locally Weighted Linear Regression (LWLR) method (Atkeson, et al.57) with the KELM 
model to enhance its predictive capability. Particularly, we utilized the LWLR method employing the Multiple 
Linear Regression (MLR) approach, commonly known as the locally weighted KELM (WKELM)58. With the 
resulting method, the dependent variable ¥s is determined by a linear function of independent x59,60:

	
¥s = β0

s +
∑L

j=1
βj

sxj
s + Es� (7)

in which Es is the random error; β0
s , β1

s , . . . , βL
s  are the regression coefficients obtained by the Least Square 

(LS) method. Furthermore, a function of fitness is used to choose the path that provides the highest level of 
agreement with the observed data (¥O) by applying the multiple regression approach, as follows57:

	
MinimizeF = 0.5

Nin

∑Nin

k=1

(
β0

s +
∑L

j=1
βj

sxj
s + Es − ¥O

)2
� (8)

in which Nin is the total number of input variables.

The matrix form of Eq.  8 can be expressed as (Xβ − ¥)T (Xβ − ¥). (X)T (Xβ − ¥) is provided by the 
derivative of (Xβ − ¥)T (Xβ − ¥)with respect to β. The resultant matrix is considered to be equal to 0 in 
order to derive the LS as shown in Eq. (9)57,61:

	 β = (XT X)−1XT¥� (9)

in which X  and ¥ indicate the input and output dataset matrix, respectively.

The LWLR utilizes a weight function to characterize the relationship between the training dataset and the 
prediction57,59:

	
MinimizeF = 0.5

Nin

∑Nin

k=1
WLW LR

(
β0

s +
∑L

j=1
βj

sxj
s + Es − ¥O

)2
� (10)

in which WLW LR represents the weight function matrix.

The matrix form of the aforementioned equation can be expressed as (Xβ − ¥)T W (Xβ − ¥). To get optimum 
outcomes from Eq. (10), it is necessary to let the derivative of the fitness function (F ) with respect to β be 057,61:

	
∂F (β)

∂β
= XT W Xβ − XT W¥ = 0� (11)

	 β = (XT W X)−1XT W¥� (12)

The WKELM, based on Eq. (12), is then integrated into the kernel function to enhance the predictive efficiency. 
Hence, Eqs. (4) and (5) can be rewritten as:

	 ΨKELM = G (xi) .G (xl) = Krn (βxi, βxl)� (13)

	
Z (x) =

[
Krn (x, x1)

. . .
Krn (x, xN )

]T ((
I

P ∗ × γ
+ ΨKELM

)−1

T r

)
� (14)

in which the penalty variable P ∗ is given by:

	
P ∗ = Nt

∥T r∥ � (15)

where Nt is the total size of the dataset.

To enhance the efficiency and accuracy of the model, the WKELM model was combined with the RR model 
(Hoerl and Kennard62) in this study, forming a hybrid model referred to as WKELM-R. Figure  3 shows its 
conceptual modeling framework. The resulting hybrid WKELM-R model can be expressed as:
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	 ¥̂W KELM−R = η1 · ¥̂W KELM + η2 · ¥̂Ridge� (16)

where η1 and η2 are positive real numbers within [0, 1], which are determined by optimization using GBO.

Gradient-based optimizer algorithm
The GBO (Ahmadianfar et al.63) centers on the utilization of two discrete mechanisms, Local Escaping Operator 
(LEO) and Gradient Search Rule (GSR). The primary search operator prioritizes the identification of local 
optima, emphasizing exploitation. Conversely, the secondary search mechanism is designed to seek global 
optima, emphasizing exploration. Therefore, the GBO algorithm integrates the advantages of gradient-based 
and population-based techniques, resulting in a very efficient and robust search mechanism64–66.

Requirements for ML models
The partitioning technique for input data is crucial and complex for building ML forecasting models. 
Implementing an appropriate method based on the length of the time series for predicting difficulties may 
effectively avoid or reduce the incidence of overfitting. Therefore, overfitting can be prevented as long as the 
dataset is long enough (in this study, the dataset ranges from January 1, 2010 to December 31, 2021). During this 
step, the dataset was divided into training and testing subsets, with 70% of the data for model training and the 
remaining 30% for model testing. Furthermore, all the inputs and goals were scaled to a range of 0–1 in order to 
optimize the convergence and effectiveness of the ML models. In addition, standalone ML models were trained 
and tested with the datasets before the decomposition phase.

It is necessary to carefully adjust the controlling factors in order to optimize the performance of ML-
based forecasting methods. This study employed the GBO optimization technique (with 100 iterations and 50 
population sizes) to get the best tuning settings, using the root-mean-squared error (RMSE) as the convergence 
criterion to achieve the highest feasible accuracy. That is, RMSE was utilized as an evaluation criterion inside the 
GBO framework, successfully assessing the sensitivity of the tuning parameters of the models. It was notable that 
even minor changes to the parameters could result in significant variations in RMSE, indicating their influence 

Fig. 3.  Conceptual framework of the WKELM-R model (this figure was generated using Microsoft Visio 
Professional 2019, version 1808: https://www.​microsoft.co​m/en/microso​ft-365/visi​o/flowchart-software).
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on the model efficacy. The control factors of the hybrid ML models for Q(t + 3), Q(t + 7), and Q(t + 14) are 
summarized in Table 1.

Study area and datasets
The Upper Turtle River (UTR) watershed in North Dakota (ND), USA (Fig.  4) was selected for this study 
because streamflow prediction is of the utmost importance for agriculturally dominant areas. The area of the 
UTR watershed is 664.24 km2, covering parts of Grand Forks and Nelson counties in ND. The lowest elevation 
point (295 m) in the watershed is located at the southeast boundary, while the highest elevation point (481 m) is 
in the west. According to the 2019 National Land Cover Database, agricultural lands account for 67.03% of the 
watershed area. In addition, the areas with poor soil conditions such as riparian zones and salt marshes are used 
for livestock farming. The watershed drains to its outlet located at the USGS gaging station 05082625 at Turtle 
River State Park near Arvilla, ND (47° 55′ 55″ N, 97° 30′ 51″ W). On average, 44.7-cm precipitation falls in this 
watershed each year, which is characterized by a climate mostly defined by dynamic continental circumstances. 
In this study, a 12-year dataset (January 1, 2010–December 31, 2021) was used for prediction of discharge of 
the Upper Turtle River. Table 2 shows the basic hydroclimatic data and Table 3 presents their statistical details.

Table 3 shows different trends of the hydrometeorological data. The two major hydrological variables 
(discharge Q and precipitation P) are highly variable as shown by the high kurtosis (44.15 for Q and 40.21 for 
P) and skewness (5.26 for Q and 5.34 for P). The statistics indicate strongly peaked distributions and numerous 
low values. It is hence challenging to accurately forecast streamflow in the watershed. These complicated and 
changing features of this watershed make it a good site to test the capability of the new ML model predicting 
streamflow under a range of real situations.

Results and discussion
Analyses of results
Tables 4 and 5 provide a comprehensive overview of the statistical results (including R, RMSE, MAPE, NSE, 
IA, and U95%) for the standalone and hybrid models in prediction of Q(t + 3), Q(t + 7), and Q(t + 14) under 
varying situations (such as variable K values) throughout both the training and testing phases. MAPE 
measures the percentage error and RMSE measures the magnitude of the prediction error. Thus, these two 
metrics complement one another and provide useful information. In addition, U95% quantifies the uncertainty 
surrounding predictions; NSE measures how well the model predicts outcomes in comparison to the mean of 
observed values; and R quantifies the proportion of variance in the dependent variable that can be explained by 
the independent variables in the model. Furthermore, IA offers a thorough evaluation of model correctness by 
considering both the amount and direction of errors.

Beginning with Q(t + 3) in Table 4, the B-MVMD-WKELM-R-GBO model provided reliable results in both 
training and testing phases when it is juxtaposed with other hybrid models. Throughout the training process, 
it achieved remarkable values of R (0.996) and NSE (0.993), and very low U95% (0.805) and RMSE (0.291), 
indicating its precise and reliable forecasts. During the testing phase, the values of R and NSE remained high 
(0.992 and 0.996, respectively), while the RMSE, MAPE, and U95% experienced marginal increases. On 
the contrary, the efficacy of all other models exhibited a decline, indicating the possibility of overfitting and 
difficulties in extrapolating findings throughout the testing and training phases. For example, the B-MVMD-

Time horizon Models Tuning parameters

t + 3

B-WKELM-R-GBO a = 1.90E + 03, b = 2.00E + 02,c = 2.00E + 03, γ = 1985.56,P ∗ = 0.48
B-Ridge-GBO P0 = 0.45
B-GRNN-GBO spreadparameter = 3
B-ENET-GBO α = 0.01, L1_ratio = 1
B-LGBM-GBO r = 0.04, ms = 43.25,mv = 0.28, ra = 5.99, s = 7.19,c = 0.93
MVMD K = 5

t + 7

B-WKELM-R-GBO a = 1.64E + 03, b = 1.76E + 03,c = 1.25E + 03, γ = 200.99,P ∗ = 6.99E − 05
B-Ridge-GBO P0 = 7.05E − 5
B-GRNN-GBO spreadparameter = 5
B-ENET-GBO α = 0.01, L1_ratio = 1
B-LGBM-GBO r = 0.15, ms = 66.30,mv = 0.57, ra = 3.06, s = 7.88,c = 0.01
MVMD K = 10

t + 14

B-WKELM-R-GBO a = 1.70E + 03, b = 1.89E + 03,c = 2.09E + 02, γ = 33.67,P ∗ = 4.13E − 05
B-Ridge-GBO P0 = 2.41E − 05
B-GRNN-GBO spreadparameter = 2.5
B-ENET-GBO α = 0.0001, L1_ratio = 1
B-LGBM-GBO r = 0.39, ms = 66.78,mv = 0.25, ra = 1.02, s = 3.44,c = 1E − 3
MVMD K = 12

Table 1.  Control parameters.
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GRNN-GBO model showed difficulties during testing, suggesting constraints in making forecasts for Q(t + 3). 
In contrast, the B-MVMD-ENET-GBO and B-MVMD-LGBM-GBO models provided better performances in 
both training and testing phases, highlighting their dependability as the second and third models.

For the medium-term forecasting horizon Q(t + 7), as shown in Table 4, the B-MVMD-WKELM-R-GBO 
model consistently yielded better results in both testing and training phases, demonstrating its capability 
generating reliable forecasts in the medium future. The results of the B-MVMD-Ridge-GBO model demonstrated 
its dependability in testing, despite a small reduction in R during the training phase. The B-MVMD-GRNN-GBO 
model had difficulties during testing, indicating possible restrictions for this period. The B-MVMD-ENET-GBO 
and B-MVMD-LGBM-GBO models continued to provide competitive performances.

This modeling study revealed that when the prediction time expanded to (t + 14), all models encountered 
more difficulties in generalization. However, the B-MVMD-WKELM-R-GBO model remained successful, with 
higher R and NSE values (0.996 and 0.991) and lower RMSE and MAPE values (0.304 and 16.694) throughout 

Data Sources

Discharge (m3/s) United states geological survey (USGS)

USGS 05082625 at Turtle River State Park near Arvilla, ND

Precipitation (mm) National Oceanic and Atmospheric Administration (NOAA)

Maximum temperature (°C) National Oceanic and Atmospheric Administration (NOAA)

Minimum temperature (°C) National Oceanic and Atmospheric Administration (NOAA)

Petersburg 2 N, ND US, USC00327027, 48.0356°, -98.0096°

Wind speed at 2 m (m/s)
Wind direction at 2 m (degrees)
Wind speed at 10 m (m/s)
Wind direction at 10 m (degrees)

POWER (NASA prediction of worldwide energy resources)

Location: Latitude 48.0356°, Longitude − 98.0096°

Table 2.  Description of the hydrometeorological data and their sources.

 

Fig. 4.  Location of the Upper Turtle River watershed (this map was generated using ArcGIS Pro, version 3.1.2: 
https:​​​//w​ww.e​sri​.c​om​/en-us​/arcgis/​produc​​ts/​arcgis-pro/overview).
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testing. The B-MVMD-Ridge-GBO and B-MVMD-ENET-GBO models exhibited comparable performances 
during the testing phase. Nevertheless, the results of the B-MVMD-GRNN-GBO model showed a significant 
disparity in performance between the training and testing phases.

The comparisons of the hybrid and standalone ML models demonstrate the persistent advantages of the hybrid 
ML models in predicting streamflow across different horizons. For the short-term (Q(t + 3)), the B-MVMD-
WKELM-R-GBO model stood out with the best performance and showed much better R and NSE values, lower 
RMSE, U95%, and MAPE in comparison with the standalone models. These findings indicated that combining 
MVMD and WKELM-R with a robust optimizer GBO improved the precision of forecasts. The hybrid models, 

Hybrid model R RMSE MAPE NSE IA U95%

Q(t + 3)
K = 5

B-MVMD-WKELM-R-GBO
Train 0.996 0.291 13.003 0.993 0.998 0.805

Test 0.992 0.426 22.548 0.983 0.996 1.181

B-MVMD-Ridge-GBO
Train 0.943 1.168 46.780 0.880 0.964 3.238

Test 0.954 1.031 62.880 0.901 0.971 2.857

B-MVMD-GRNN-GBO
Train 0.957 1.035 49.480 0.906 0.973 2.852

Test 0.920 1.360 98.449 0.827 0.943 3.769

B-MVMD-ENET-GBO
Train 0.977 0.720 37.757 0.954 0.988 1.997

Test 0.987 0.534 43.882 0.973 0.993 1.480

B-MVMD-LGBM-GBO
Train 0.984 0.604 11.361 0.968 0.992 1.674

Test 0.968 0.826 33.167 0.936 0.983 2.289

Q(t + 7)
K = 10

B-MVMD-WKELM-R-GBO
Train 0.991 0.459 16.993 0.982 0.995 1.270

Test 0.997 0.249 21.267 0.994 0.999 0.690

B-MVMD-Ridge-GBO
Train 0.977 0.717 41.200 0.955 0.988 1.987

Test 0.988 0.509 46.479 0.976 0.994 1.410

B-MVMD-GRNN-GBO
Train 0.958 1.024 47.767 0.908 0.973 2.830

Test 0.866 1.674 109.882 0.738 0.909 4.640

B-MVMD-ENET-GBO
Train 0.962 0.926 46.902 0.925 0.980 2.567

Test 0.978 0.687 56.400 0.956 0.988 1.904

B-MVMD-LGBM-GBO
Train 0.987 0.553 9.874 0.973 0.993 1.532

Test 0.948 1.083 46.010 0.890 0.967 3.000

Q(t + 14)
K = 12

B-MVMD-WKELM-R-GBO
Train 0.985 0.589 14.543 0.970 0.992 1.634

Test 0.996 0.304 16.694 0.991 0.998 0.842

B-MVMD-Ridge-GBO
Train 0.938 1.176 63.791 0.879 0.966 3.260

Test 0.957 1.001 73.758 0.907 0.973 2.774

B-MVMD-GRNN-GBO
Train 0.959 1.000 43.152 0.913 0.975 2.765

Test 0.820 1.875 97.717 0.672 0.891 5.198

B-MVMD-ENET-GBO
Train 0.939 1.166 67.669 0.881 0.967 3.234

Test 0.956 1.004 78.862 0.906 0.973 2.783

B-MVMD-LGBM-GBO
Train 0.977 0.729 40.543 0.953 0.988 2.022

Test 0.902 1.422 83.286 0.811 0.943 3.942

Table 4.  Statistical metrics of the B-MVMD-WKELM-R-GBO model and four other hybrid ML models. 
Significant values are given in bold.

 

Statistics Q (m3/s) P (mm) TMax (ºC) TMin (ºC) WS2M (m/s) WD2M (degrees) WS10M (m/s) WD10M (degrees)

Kur 44.15 40.21 1.99 2.23 4.26 2.38 4.12 2.38

Max 53.66 61.00 39.40 22.20 13.51 351.81 17.70 351.81

Min 0.05 0.00 − 27.80 − 37.80 0.52 5.69 0.75 5.69

Ave 1.64 1.66 9.94 − 1.34 3.63 210.19 5.19 210.24

Med 0.31 0.00 23.90 13.90 3.30 188.00 5.05 202.50

SD 3.34 5.05 14.61 13.31 1.45 77.02 1.93 77.03

Skew 5.26 5.34 − 0.29 − 0.42 0.82 − 0.46 0.76 − 0.46

Table 3.  Descriptive statistics of all historical hydrometeorological data. Kur kurtosis, Max maximum, Min 
minimum, Ave average, SD standard deviation, Skew skewness), Med median, Q discharge, P precipitation, 
TMax maximum temperature, TMin minimum temperature, WS2M wind speed at 2 m, WD2M wind direction 
at 2 m, WS10M wind speed at 10 m, WD10M wind direction at 10 m.
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particularly B-MVMD-WKELM-R-GBO, continued to outperform the standalone models for both medium-
term Q(t + 7) and long-term Q(t + 14) projections. This study also emphasized the susceptibility of standalone 
models to forecast horizons, resulting in a decrease in accuracy over extended timeframes. On the other hand, 
the hybrid models exhibited robustness and resilience, making them especially well-suited for prediction that 
needs the flexibility of adjusting to different temporal patterns. Thus, the B-MVMD-WKELM-R-GBO model 
provided an attractive option for precise and adaptable time series forecasting over various timeframes.

Figures 5, 6 and 7 show the scatter plots of the observed and predicted discharges of the Upper Turtle River 
at (t + 3), (t + 7), and (t + 14) during the testing period. The evaluation of the forecast results for these three 
time horizons shows that the B-MVMD-WKELM-R-GBO model outperformed the B-MVMD-Ridge-GBO, 
B-MVMD-GRNN-GBO, B-MVMD-ENET-GBO, and B-MVMD-LGBM-GBO methods with the highest R2. 
Although the B-MVMD-ENET-GBO model’s accuracy dropped at (t + 7) and (t + 14), it still showed an overall 
good performance, especially for Q(t + 3) (R2 = 0.9745). On the other hand, the B-MVMD-Ridge-GBO model 
produced middling results with R2 ranging from 0.9117 to 0.9186, indicating an acceptable match but lacking 
robustness. The B-MVMD-GRNN-GBO model’s difficulties in properly representing discharge dynamics were 
most apparent with R2 values below 0.85. However, the B-MVMD-LGBM-GBO model showed steady but lower 
results overall. Therefore, the results reinforced the effectiveness of the B-MVMD-WKELM-R-GBO model 
in delivering precise and dependable forecasts, highlighting its ability to improve the accuracy of streamflow 
predictions.

The violin plots in Figs. 8, 9 and 10 respectively illustrate the relative errors of the discharges forecasted by the 
hybrid ML models at (t + 3), (t + 7), and (t + 14) throughout the training phase. It is evident that the proposed 
B-MVMD-WKELM-R-GBO model exhibited a more precise and consistent distribution of violins, with smaller 
relative errors. Specifically, the relative errors ranged from − 4.743 to + 0.632 for (t + 3), − 3.009 to + 0.963 for 
(t + 7), and − 2.713 to + 0.838 for (t + 14) when predicting Q of the Upper Turtle River. The proposed model 
outperformed all other hybrid ML models in terms of accuracy. Therefore, the B-MVMD-WKELM-R-GBO 
model demonstrated its superior performances in predicting streamflow for (t + 3), (t + 7), and (t + 14).

Standalone model R RMSE MAPE NSE IA U95%

Q(t + 3)
K = 0

B-WKELM-R-GBO
Train 0.817 1.979 45.309 0.657 0.872 5.485

Test 0.897 1.504 69.562 0.788 0.929 4.170

B-Ridge-GBO
Train 0.729 2.310 77.638 0.532 0.819 6.404

Test 0.873 1.674 110.511 0.738 0.906 4.640

B-GRNN-GBO
Train 0.724 2.353 94.431 0.515 0.795 6.515

Test 0.818 1.916 169.945 0.657 0.873 5.308

B-ENET-GBO
Train 0.730 2.309 77.123 0.533 0.820 6.401

Test 0.874 1.667 109.984 0.740 0.907 4.621

B-LGBM-GBO
Train 0.797 2.043 66.386 0.634 0.869 5.664

Test 0.872 1.608 95.906 0.758 0.923 4.457

Q(t + 7)
K = 0

B-WKELM-R-GBO
Train 0.598 2.801 89.961 0.313 0.589 7.745

Test 0.727 2.397 140.414 0.463 0.726 6.639

B-Ridge-GBO
Train 0.442 3.031 150.187 0.195 0.493 8.403

Test 0.681 2.532 221.344 0.401 0.668 7.016

B-GRNN-GBO
Train 0.558 2.840 159.996 0.293 0.581 7.872

Test 0.613 2.657 282.758 0.340 0.630 7.355

B-ENET-GBO
Train 0.448 3.021 145.311 0.200 0.511 8.375

Test 0.684 2.504 213.889 0.414 0.684 6.939

B-LGBM-GBO
Train 0.653 2.922 181.653 0.252 0.456 8.099

Test 0.525 2.873 282.853 0.229 0.485 7.950

Q(t + 14)
K = 0

B-WKELM-R-GBO
Train 0.359 3.192 115.838 0.109 0.384 8.807

Test 0.436 2.963 190.335 0.181 0.462 8.206

B-Ridge-GBO
Train 0.300 3.226 191.862 0.090 0.317 8.941

Test 0.413 2.999 274.214 0.161 0.402 8.312

B-GRNN-GBO
Train 0.333 3.195 193.917 0.107 0.332 8.855

Test 0.348 3.077 289.754 0.117 0.330 8.529

B-ENET-GBO
Train 0.300 3.226 191.906 0.090 0.317 8.941

Test 0.413 3.000 274.280 0.161 0.402 8.312

B-LGBM-GBO
Train 0.370 3.146 137.049 0.134 0.382 8.720

Test 0.399 3.007 189.485 0.156 0.446 8.338

Table 5.  Statistical metrics of the B-WKELM-R-GBO model and four other standalone ML models. Significant 
values are given in bold.
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To compare the consistency of predictions from different models, it is essential to evaluate the standard 
deviation errors (SDEs) since stability is very important in forecasting. Figure 11 shows the SDEs of Q predicted 
by the five ML models in the testing stage. For Q(t + 3), the B-MVMD-WKELM-R-GBO model provided reliable 
results in testing, with the lowest SDEs (0.122), suggesting that it successfully captured fundamental patterns 
and demonstrated consistency throughout the testing phase. The proposed model continued to demonstrate 
outstanding performances for Q(t + 7) and Q(t + 14), with the lowest SDEs (0.026 for Q(t + 7) and 0.049 for 
Q(t + 14)). However, the B-MVMD-Ridge-GBO, B-MVMD-ENET-GBO, and B-MVMD-LGBM-GBO models 
exhibited poor performances. In summary, this study showed that the B-MVMD-WKELM-R-GBO model 
consistently demonstrated robust performances in all circumstances, making it a viable and appropriate method 
for streamflow forecasting.

The MCDM approaches were used to compare the rankings of the hybrid MVMD-based models. Figures 
12, 13 and 14 display the rankings of the five different hybrid MVMD-based models based on the MARCOS, 
ARAS, and COPRAS scores, which range from 0 to 1. As shown in Fig. 12 for Q(t + 3), the B-MVMD-WKELM-

Fig. 5.  Comparisons of the predicted and measured discharges (Q) of the Upper Turtle River at (t + 3) during 
the testing period for five hybrid ML models.
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R-GBO model stood out as the leading choice, with a MARCOS score of 0.828, an ARAS score of 1, and a 
COPRAS score of 1. This again demonstrated its exceptional precision of operation. The B-MVMD-GRNN-
GBO and B-MVMD-Ridge-GBO models were placed at the bottom of the list, showing that there was room for 
development. The B-MVMD-ENET-GBO model showed competitive performances, but it was inferior to the 
new proposed model. The B-MVMD-WKELM-R-GBO model maintained its dominance for Q(t + 7) (Fig. 13), 
further confirming its reliable performance. The B-MVMD-GRNN-GBO and B-MVMD-Ridge-GBO models 
exhibited better performances, indicating their capacities to adapt to the prediction patterns. Therefore, the 
highest MARCOS, ARAS, and COPRAS scores confirmed that the hybrid MVMD-based WKELM-R model had 
a higher level of accuracy in forecasting Q for (t + 3), (t + 7), and (t + 14) than other models.

Figure 15 displays the Taylor plots of the simulation results from the five hybrid ML models (B-MVMD-
WKELM-R-GBO, B-MVMD-Ridge-GBO, B-MVMD-GRNN-GBO, B-MVMD-ENET-GBO, and B-MVMD-
LGBM-GBO) for (t + 3), (t + 7), and (t + 14). The Taylor diagrams provide a detailed comparison of the observed 
and forecasted discharges using standard deviation and correlation coefficient. The proposed model showed a 
strong correlation with the reference Q, ranging from 0.97 to 0.995 at t + 3, 0.99 to 0.999 at t + 7, and 0.99 to 

Fig. 6.  Comparisons of the predicted and measured discharges (Q) of the Upper Turtle River at (t + 7) during 
the testing period for five hybrid ML models.
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0.997 at t + 14. The standard deviation values for these correlations were between 0.30 and 0.35. The B-MVMD-
Ridge-GBO, B-MVMD-GRNN-GBO, B-MVMD-ENET-GBO, and B-MVMD-LGBM-GBO models, while 
reasonably satisfactory, did not surpass the performance of the B-MVMD-WKELM-R-GBO model. Therefore, 
the predictions from the B-MVMD-WKELM-R-GBO model are more accurate than the other hybrid models 
for all time horizons.

Figures 16, 17 and 18 depict the variations in Q values predicted by the five ML models over the evaluation 
period. The B-MVMD-WKELM-R-GBO model exhibits considerable proficiency in forecasting daily discharge 
Q, with patterns closely aligned with the measured Q at (t + 3), (t + 7), and (t + 14). Therefore, the B-MVMD-
WKELM-R-GBO model shows enhanced precision and reliability in characterizing the intricate temporal 
dynamics associated with daily discharge across all evaluated scenarios.

Discussion
The novel hybrid B-MVMD-WKELM-R-GBO model was developed and applied for forecasting daily streamflow 
of the Upper Turtle River in ND, USA based on hydrometeorological factors at time intervals of (t + 3), (t + 7), 

Fig. 7.  Comparisons of the predicted and measured discharge (Q) of the Upper Turtle River at (t + 14) during 
the testing period for five hybrid ML models.
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and (t + 14). The evaluations revealed that all hybrid models outperformed the standalone models. Several other 
studies (e.g., Adnan et al.67; Mostafa et al.68; Adnan et al.69; and Panahi et al.70) also indicated that hybrid ML 
techniques can efficiently use the distinct benefits of multiple models to improve forecasting of high-dimensional 
time series. Furthermore, the comparative evaluation of the performances for the B-MVMD-WKELM-R-GBO 
model against both standalone ML models and other hybrid ML models (Tables 4 and 5) demonstrated its 
efficiency in streamflow forecasting.

This study employed different approaches to improve the precision of streamflow prediction models. The 
MVMD method can be a feasible solution for dealing with the multivariate oscillatory characteristics of input 

Fig. 9.  Relative errors of discharges of the Upper Turtle River forecasted by five hybrid ML models for (t + 7) 
during the testing period.

 

Fig. 8.  Relative errors of discharges of the Upper Turtle River forecasted by five hybrid ML models for (t + 3) 
during the testing period.
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Fig. 11.  Standard deviation errors (SDE) of the predictions from the five hybrid ML models during the testing 
period.

 

Fig. 10.  Relative errors of discharges of the Upper Turtle River forecasted by five hybrid ML models for (t + 14) 
during the testing period.
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datasets as pointed out by Tao et al.71. It provides a distinct way to select adaptive mode parameters via scale 
segmentation. It improves the precision of the XGBoost technique by using multivariate modulated oscillations 
that share common frequency components across all of the data input channels. Several studies confirmed 
MVMD effectively and simultaneously captured both non-stationarity and non-linearity in multivariate data, 
allowing it to overcome mode mixing challenges. For instant, the research conducted by Fang, et al.72 on daily 
streamflow prediction using the MVMD-ensembled transformer model revealed that the use of MVMD for 
decomposing both input and target variables markedly improved model efficacy. This technique accurately 
reflects the complicated interdependence, hence enhancing the accuracy of streamflow forecasting.

Furthermore, using two decomposition approaches together can help improve the model performance 
by quantifying the complex relationships between the input characteristics, as indicated by Jamei et al.41 and 
Prasad et al.42. In addition, according to the results from this study, employing MVMD to decompose the data 
into various frequency components increased the dimensionality of the problem in relation to the number K. 
Therefore, feature selection approaches such as XGBoost can play a crucial role in improving prediction precision 
by selecting the most effective signals decomposed by MVMD and decreasing the mentioned dimensionality. In 
this study, XGBoost accurately assessed the significance of individual time-lagged data components, making it 
easier to choose a subset of the most important inputs for streamflow prediction.

At the first phase of model development, the framework enhanced the precision of the KELM model 
combined with LWLR. Then, WKELM was further integrated with RR using a linear correlation (Eq. 16) that 
reduced computational time and cost and prevented overfitting. In addition, the GBO method was applied 
to find optimal hyperparameters. Hence, the model’s accuracy was improved by optimizing the ML model 
parameters to adapt iteratively to the unique features of datasets, resulting in a substantial enhancement of the 
model’s predictive capabilities. Kadkhodazadeh and Farzin73, Khozani et al.74, and Adnan et al.75 came to the 
same conclusion.

Therefore, the B-MVMD-WKELM-R-GBO model was identified as one of the most suitable options 
for streamflow forecasting after conducting a thorough investigation of statistical outcomes, comparative 
assessments, and model performances across several forecasting timeframes. For short-term forecasting 
(Q(t + 3)), this model showed outstanding accuracy in both training and testing stages with high R and NSE 
and low RMSE and MAPE. Although there were slight changes in RMSE, MAPE, and U95% throughout the 
testing, the B-MVMD-WKELM-R-GBO model outperformed other ML models, demonstrating its resilience 
and dependability. Furthermore, the model’s efficacy was also demonstrated for medium-term (t + 7) and long-
term (t + 14) forecasts compared to other simple and hybrid ML models. The scatter plots, violin plots, Taylor 

Fig. 12.  Performance evaluation of five hybrid ML models for forecasting Q of the Upper Turtle River using 
MARCOS, ARAS, and COPRAS scores for (t + 3).
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diagrams, as well as MCDM evaluation and standard deviation errors provided further evidence of the constant 
precision of the B-MVMD-WKELM-R-GBO model at various time intervals.

Conclusions
Streamflow forecasting is essential in hydrology for comprehending water availability and managing water 
resources. A novel hybrid B-MVMD-WKELM-R-GBO model, which incorporated MVMD, XGBoost, WKELM, 
RR model, and the GBO method, was developed and applied for predicting daily discharge of the Upper Turtle 
River watershed in North Dakota, USA. This study showcased the importance of feature selection in building 
precise forecasting models using XGBoost to find pertinent features and improve the input values. Particular 
efforts were made in this study to tackle the issues of non-stationarity, intricacy, and noisy input datasets by using 
the MVMD method to enhance the overall modeling accuracy. The findings demonstrated the dominance of 
the hybrid models, especially the new B-MVMD-WKELM-R-GBO model, in terms of precision, dependability, 
and resilience over several forecasting timeframes. The thorough statistical assessments confirmed the efficacy 
and reliability of the B-MVMD-WKELM-R-GBO model in capturing the underlying patterns and assuring 
accuracy in streamflow forecasts. The B-MVMD-WKELM-R-GBO modeling results demonstrated its superior 
precision based on various statistical metrics. In addition, the MCDM provided more understanding of the 
model performances, and the B-MVMD-WKELM-R-GBO model constantly received top rankings in terms of 
MARCOS, ARAS, and COPRAS scores. It is also demonstrated that MVMD efficiently handled non-stationarity 
and complexity and XGBoost notably decreased the dimension of the problem by selecting the optimal inputs. 
The results highlighted that the WKELM-R-GBO accurately analyzed the high-dimensional time series through 
the precise parameter optimization provided by GBO and combination of linear and nonlinear ML models.

While B-MVMD-WKELM-R-GBO showed impressive efficacy in streamflow prediction, its structure 
presented constraints in comprehending and validating the intricate connections between predictors and 
targets. Further research is needed for potential enhancements, such as combining ML models with numerical 
models. In addition, the B-MVMD-WKELM-R-GBO model has the potential to be diversified and can be 
improved by using approaches such as Bayesian model averaging76 and bootstrapping models77. Evaluating the 
new hybrid ML framework in various applications can potentially advance the related knowledge and modeling 
methodologies and also facilitate the development of more effective hydrological and agricultural management 
strategies under climate change scenarios.

Fig. 13.  Performance evaluation of five hybrid ML models for forecasting Q of the Upper Turtle River using 
MARCOS, ARAS, and COPRAS scores for (t + 7).
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Fig. 14.  Performance evaluation of five hybrid ML models for forecasting Q of the Upper Turtle River using 
MARCOS, ARAS, and COPRAS scores for (t + 14).
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Fig. 15.  Taylor diagrams of the simulations from five hybrid ML models for (a) Q (t + 3); (b) Q (t + 7); (c) Q 
(t + 14).
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Fig. 16.  Comparisons of the predicted and measured discharges (Q) of the Upper Turtle River at (t + 3) during 
the testing period for five hybrid ML models.
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Fig. 17.  Comparisons of the predicted and measured discharges (Q) of the Upper Turtle River at (t + 7) during 
the testing period for five hybrid ML models.
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Data availability
The datasets used in this study are available at the Parameter-elevation Regressions on Independent Slopes 
Model (PRISM; https://prism.oregonstate.edu), the Prediction of Worldwide Energy Resources (POWER) 
Data Access Viewer (https://power.larc.nasa.gov/), and the National Oceanic and Atmospheric Administration 
(NOAA; https://www.noaa.gov/). The discharge data are available at the USGS National Water Information ​S​y​s​t​
e​m (http://waterdata.usgs.gov/nwis/). The modeling data generated in this study are available from the authors.
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