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Abstract 
This study introduces a novel approach utilizing the Maximal Overlap Discrete Wave-
let Transform (MODWT) to enhance daily streamflow forecasting at two USGS stations 
(14211500 and 14211550) from 1998 to 2021. The MODWT is integrated with three 
machine learning models: Extremely Randomized Trees (ERT), Artificial Neural Networks 
(ANN), and Gaussian Process Regression (GPR). Autocorrelation and partial autocor-
relation functions were employed to determine relevant lags and generate multiple input 
variables, which were then analyzed through MODWT to derive multi-resolution analysis 
features. The hybrid model incorporating MODWT significantly improved prediction ac-
curacy. Among the methods, ANN with MODWT (ANN6_MODWT) demonstrated supe-
rior performance compared to standalone ANN, ERT, and GPR models. ANN6_MODWT 
achieved improvements of 15.60%, 24.70%, 39.74%, and 28.34% in terms of correla-
tion coefficient (R), Nash-Sutcliffe efficiency (NSE), root mean square error (RMSE), 
and mean absolute error (MAE) at USGS 14211550, and 13.50%, 23.80%, 46.47%, and 
34.06% at USGS 14211500. These results underscore the potential of MODWT for en-
hancing streamflow prediction accuracy. 

Keywords Forecasting · Streamflow · Extremely randomized trees · Artificial neural 
network · Gaussian process regression · Maximum overlap discrete wavelet transform 

Notation 
WT Wavelet transform 
MODWT   Maximal overlap discrete wavelet transform 
ERT   Extremely randomized trees 
ANN   Artificial neural network 
GPR   Gaussian process regression 
USGS   United states geological survey 
R   Pearson Correlation coefficient 
NSE   Nash-Sutcliffe efficiency 
RMSE   Root mean square error 
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MAE   Mean absolute error 
FT Fourier transform 
SVR   Support vector regression 
ML Machine learning 
MLR   Multiple linear regression 
GWO   Gray Wolf optimization 
VMD   Variational mode decomposition 
EEMD   Ensemble empirical mode decomposition 
DWT   Discrete wavelet transforms 
LSTM   Long short-term memory 
WNN   Wavelet ANN 
BNN   Bootstrap neural network 
BWNN   Bootstrap wavelet neural network 
WSVR   Wavelet SVR 
BSVR   Bootstrap SVR 
BWSVR   Bootstrap wavelet SVR 
GRNN   General regression neural network 
RBFNN   Radial basis function neural network 
MLPNN   Multilayer perceptron neural network 
PSO   Particle swarm optimization 
ANFIS   Adaptive network-based fuzzy inference system 
WANFIS   Wavelet ANFIS 
LWL   Locally weighted learning 
RS   Random-subspace 
RF Random-forest 
AR Additive regression 
Bagg Bagging 
Dagg Dagging 
GEP   Gene expression programming 
DT Decision tree 
TB Tree boost 
DTF   Decision tree forest 
CNN   Convolutional neural network 
WI   Willmott's index () 
DL Deep learning 
Xmax   Mean value of daily discharge (Q) 
Xmean   Maximum of daily discharge (Q) 
Xmin   Minimum of daily discharge (Q) 
Sx   Standard deviation of daily discharge (Q) 
Cv   Coefficient of variation of daily discharge (Q) 
Q Daily discharge 
ACF   Autocorrelation function 
PACF   Partial autocorrelation function 
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1 Introduction 

1.1 Background 

Reliable and timely streamflow information plays a vital role in hydrologic studies, water 
resource planning, flood management, and environmental monitoring (Poursaeid 2025). 
River discharge is a key hydrologic variable that reflects the integrated response of a water-
shed to meteorological and catchment conditions (Duong et al. 2025). However, maintaining 
a network of in-situ gauging stations that continuously monitor streamflow is challenging 
due to financial, logistical, and technical constraints (Tran et al. 2025). These limitations 
often lead to missing or insufficient discharge data, especially in remote or underdeveloped 
regions. To overcome these gaps, the scientific community increasingly turns to data-driven 
methods and machine learning (ML) techniques that can model nonlinear and complex 
hydrological processes with relatively low computational cost. ML approaches provide a 
promising alternative to traditional conceptual and physical-based models by efficiently 
learning patterns from historical hydro-meteorological data (Singh et al. 2022). Their inte-
gration into hydrologic forecasting frameworks has shown great potential in improving the 
accuracy and timeliness of streamflow prediction. 

1.2 Literature Review 

The limitations of distributed conceptual hydrological models and the growing need 
for high-precision runoff prediction have increased interest in machine learning-based 
approaches (Bouaziz et al. 2021; Fenicia and McDonnell 2022). These data-driven models 
offer a more flexible framework for handling nonlinear, nonstationary hydrologic data and 
are particularly suited for runoff forecasting. Numerous studies have explored and bench-
marked various ML algorithms and hybrid approaches (Khosravi et al. 2022; Singh et al. 
2022; Ditthakit et al. 2023; Vatanchi et al. 2023). For instance, Yu et al. (2020) evaluated the 
Fourier transform (FT) hybridized with support vector regression (SVR-FT) and extreme 
gradient boosting (XGBoost-FT) at China’s Three Gorges Dam. The SVR-FT demonstrated 
superior performance with an RMSE of 136.93 m³/s and NSE of 0.999, outperforming the 
XGBoost-FT. 

Tikhamarine et al. (2020) investigated the effect of integrating metaheuristic optimiza-
tion algorithms like the Grey Wolf Optimizer (GWO) with ML models. Their study on Nile 
River discharge forecasting showed significant improvement in prediction metrics (e.g., 
NSE, RMSE) when applied optimization. Likewise, Zuo et al. (2020) demonstrated that sig-
nal decomposition techniques such as variational mode decomposition (VMD) and discrete 
wavelet transform (DWT) significantly enhance the predictive power of deep learning mod-
els like LSTM. Similarly, Saraiva et al. (2021) found that hybrid models such as bootstrap 
wavelet neural networks (BWNN) offered high accuracy across varying forecast horizons, 
with correlation coefficients above 0.98 even for 13-day-ahead predictions. 

Further comparative studies, Zounemat-Kermani et al. (2021), revealed that hybrid ML 
models incorporating optimization and decomposition techniques yielded higher accuracy 
than standalone models. Wavelet ANFIS (WANFIS) performed better than other models for 
predicting daily discharge on the Koyna River in India (Bajirao et al. 2021). Adnan et al. 
(2021) advanced the field by combining ensemble learning with local learning techniques 
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for the Jhelum River Basin, where LWL-AR exhibited RMSE and R-values of 223.9 m³/s 
and 0.867, respectively. 

Wavelet-based preprocessing, particularly the Maximal Overlap Discrete Wavelet Trans-
form (MODWT), has shown consistent improvements across various hydrologic applica-
tions. Khan et al. (2023) combined gene expression programming (GEP) with MODWT, 
achieving up to 70% improvement in NSE and a 50% reduction in RMSE. Similarly, Quilty 
and Adamowski (2021) demonstrated the effectiveness of MODWT in enhancing model 
accuracy for monthly runoff and rainfall forecasting. In a related context, Barzegar et al. 
(2021) reported that CNN-LSTM-MODWT provided significant performance gains for lake 
level prediction, confirming MODWT’s ability to extract meaningful features from nonsta-
tionary hydrologic time series. 

Despite the widespread use of models like ANN, SVR, and LSTM, the Extremely Ran-
domized Trees (ERT) algorithm remains underutilized in hydrological forecasting. The 
potential of ERT, a highly randomized ensemble tree-based method known for its compu-
tational efficiency and robustness against overfitting, warrants further exploration in runoff 
prediction tasks, especially when combined with decomposition techniques like MODWT. 

1.3 Novelty and Purpose of the Current Research 

In the present study, a new model, ERT, has been introduced, which is not usually used for 
runoff prediction. The ERT is combined with the discrete wavelet transform with maximum 
overlap. To address this research gap, several objectives are to be achieved in this study, 
including (i) demonstrating the use of highly randomized trees based on discrete wavelet 
transforms with maximum overlap for modeling streamflow in the two United States Geo-
logical Survey (USGS) stations, (ii) assessing predictive accuracy of the selected standalone 
machine learning approaches (ANN, ERT and GPR), (iii) coupling standalone ANN, ERT 
and GPR algorithm with MODWT to check the predictive accuracy and quantify the effect 
of pre-processing input combination on model results, and (iv) comparing ERT and ERT_ 
MODWT with those of GPR, ANN, GPR_MODWT, and ANN _MODWT. The novelty of 
the proposed approach should be demonstrated by the improvement gained in the model’s 
performance and the high forecasting accuracy obtained compared to the single models 
without decomposition. 

2 Material and Methodology 

2.1 Study Area and Data 

This study focuses on two United States Geological Survey (USGS) streamflow gauging 
stations located in Oregon, USA (Fig. 1): (i) USGS 14211500 on Johnson Creek near Syc-
amore in Multnomah County (latitude 45°28′38.84″, longitude 122°30′28.87″, NAD83), 
and (ii) USGS 14211550 on Johnson Creek near Milwaukie in Clackamas County (latitude 
45°27′11″, longitude 122°38′31″, NAD27). Daily discharge data (Q) for both stations were 
acquired from the USGS website (http://or.water.usgs.gov) for the period from 01 January 
1998 to 10 November 2021, resulting in 8715 observations. The dataset was partitioned into 
training (70%, 6103 records; 01 January 1998 to 16 September 2014) and validation (30%, 
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2612 records; 17 September 2014 to 10 November 2021) subsets. Descriptive statistics 
(Table 1) reveal that USGS 14211550 generally exhibits higher mean flow and variability 
compared to USGS 14211500, as indicated by larger standard deviation and coefficient of 
variation (Cv). 

Autocorrelation (ACF) and partial autocorrelation (PACF) analyses (Fig. 2) guided the 
selection of six time-lagged discharge inputs: Q(t–1) to Q(t–6). These lags were found to 
retain significant correlation with Q(t), making them suitable predictors for all machine 
learning models. Subsequently, each input series was decomposed using the maximal over-
lap discrete wavelet transform (MODWT) into ten subseries via multiresolution analysis 
(MRA) (Fig. 3). These decomposed signals served as enhanced input features for the hybrid 
ML models (ERT, GPR, and ANN), as illustrated in the modeling framework (Fig. 4). 

Fig. 1 A 2D map depicting the locations of the two USGS stations 
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2.2 Machine Learning Models 

This section provides brief descriptions of the approaches used by ML, such as Extremely 
Randomized Trees (ERT), Gaussian Process Regression (GPR), Artificial Neural Network 
(ANN), and Maximal Overlap Discrete Wavelet Transform (MODWT), as well as a descrip-
tion of the steps taken to develop the model. 

2.2.1 Extremely Randomized Trees (ERT) 

Extremely randomized trees (ERT) consist of a set of decision trees (DT) similar to the 
Random Forest Algorithm (RFR) (Geurts et al. 2006). However, unlike the RFR algorithm 
based on bootstrap sampling, ERT uses all the data to create each tree and train it (Fig. 5); 
the cut point is entirely random. 

Table 1 The streamflow statistical parameters for the two stations 
Variables Subset Unit Xmax Xmean Xmin Sx Cv 
USGS 14211500 
Q Training Cu. ft/s 1580.000 50.849 0.270 90.164 1.773 

Validation Cu. ft/s 1100.000 49.153 0.350 82.835 1.685 
Whole Cu. ft/s 1580.000 50.340 0.270 88.033 1.749 

USGS 14211550 
Q Training Cu. ft/s 1730.000 71.364 9.000 103.357 1.448 

Validation Cu. ft/s 1400.000 73.480 9.140 109.397 1.489 
Whole Cu. ft/s 1730.000 71.999 9.000 105.203 1.461 

Xmean: mean; Xmax: maximum; Xmin: minimum; Sx: standard deviation; Cv: coefficient of variation 

Fig. 2 Autocorrelation (ACF) and partial autocorrelation function (PACF) of the sample for daily stream-
flow (Q) 
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Randomly selecting the optimal bifurcation attribute of the DT results in a great advan-
tage as the calculated variance becomes more stable (Cheng et al. 2021b). Moreover, ERT 
selects the attributes and the intersection of the DT without prior assumption and not uni-
formly, but the selection is highly randomized (Yang et al. 2021). To develop an ERT model, 
a suite of DT, many randomly selected attributes (K) are considered for splitting a node (n 
min), and the ERT creates an M-independent DT (Roy et al. 2021). Numerous examples of 
ERT applications can be found in the literature, such as Internet big data recovery (Cheng et 
al. 2021a), coal and biomass co-pyrolysis prediction (Wei et al. 2022), and nitrogen dioxide 
estimation (Huang et al. 2022). 

2.2.2 Gaussian Process Regression (GPR) 

Gaussian process regression was introduced by (Rasmussen and Williams 2006). The GPR 
can be classified into non-parametric algorithms to construct robust regression models based 
on the Bayesian learning paradigm (Li et al. 2022). The GPR is mainly used to build robust 
Bayesian regression models that can handle nonstationary data sets accurately. Mathemati-
cally, the GPR can be formulated as follows (Fig. 6): 

Yn = f (xn) + µ n (1) 

In the above equation, Yn is the dependent variable to be modeled, xn is the independent 
variable, and µ n corresponds to the Gaussian distributed measurement noise. The noise is 
calculated as the difference between the measured and target output (the actual output). The 

Fig. 3 The daily streamflow dataset (Q) has been decomposed into Multi-Resolution Analysis (MRA) 
components using the Maximal Overlap Discrete Wavelet Transform (MODWT) algorithm 

1 3 
Content courtesy of Springer Nature, terms of use apply. Rights reserved. 

Multiresolution a nalys is (MRA) of the maximal overlap disc rete wavelet transfo rm (MO0\\IT) mat rix for daily 
Strea flow (Q: cu.ft/s) 

I:~~[ .. ~. ~al L:, IL JJ , . 1 .tw1~llmLliu, • .J 
'°:1---..-----------.-...-+111<----+-~--------------+-+---lflrl--H+>--+-++-+--+-1 

:E 400 

i .:~ ;:::~== =~, == =;· == =;== =;:= =;~= =;~= =;== =; ~=.~=,~=~~=· :';= =; == =~== =;== =;·;=, :';=~~=·== =~== =; == =; ·== ~;,== =;··;= =;;=;= =;:::= =;== =;~= =;== =~== =;== =~== =~1~=''~::;,~=,~="~=,==· == =~,, ~=' ~=' := =;· == -::;~q 

~ -:~E ~· ·• H ~• 11 .. ,1 ·F~ ,. , , 1111 ,~11•n • •t · ~ e 

.:~f± - t I t + • I " f .~,· °'' I, "' 

i .:J~,===================::;;:::================~ ,. 

20 

:~; -:-3 
1000 2000 3000 4000 5000 6000 7000 8000 

Times (Days) 



D. K. Vishwakarma et al. 

noise results from various errors, especially the presence of outliers. The noise variance is 
than calculated using the kernel function (i.e., Gaussian function), which assumes that the 
noise is Independent and identically distributed. The GPR can use the vector (x) to output 
(Y) using a training dataset as follows (Li et al. 2022): 

training dataet = T = (xi, yi)N 
i=1 (2) 

Fig. 4 The flowchart of the MODWT, ERT, ANN, and GPR models 
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xi is the input vector with N dimension and yi is the target vector. The GPR defines a prob-
ability distribution over functions as follows (Yang et al. 2018; Liu et al. 2018): 

f (x) ∼ GP (m (x) , k  (x, x ′ )) (3) 

Where m(x) and κ(x, x′) are the mean and covariance functions calculated as follows (Yang 
et al. 2018): 

m (x) =  E [f (x)] (4) 

Fig. 5 Extremely randomized trees (ERT) architecture 
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k (x, x ′ ) =  E 
[ 
(f (x) − m (x)) (f (x ′ ) − m (x ′ ))T 

] 
(5) 

where x’ and x are random variables that denote the labeling of dimensions, x denotes a 
dimensional feature in the set, and x’ denotes another dimensional feature that is not identi-
cal (Cai et al. 2023). 

The task of regression is to create a new input x′  to achieve the predicted distribution for 
the corresponding values of the observational data y based on the dataset. The GPR’s most 
critical aspect is the covariance function, and generally speaking, the squared exponential 
(SE) is used and expressed as follows (Zhou et al. 2022): 

kSE (x, x ′ ) = σ 2 
f exp 

( 

− 
1 
2 
(x − x ′ )T (x− x ′ ) 

σ 2 
l 

) 

(6) 

Where x and x’ are selected randomly from the dataset, σ 2 
l  is the characteristic length 

scale; and σ 2 
f is the signal standard deviation (Zhou et al. 2022). Using gradient-based 

Fig. 6 Structure of the Gaussian process regression (GPR) network 
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algorithms, the hyperparameters of the covariance function σ l, σ f  can be estimated. More 
detail about the GPR approach can be found in (Zhou et al. 2022). 

2.2.3 Artificial Neural Network (ANN) 

An artificial neural network (ANN) is a machine learning type modeled on how the human 
brain works (Shukla et al. 2021; Elbeltagi et al. 2022). The ANN uses a sigmoid activa-
tion function for the hidden layer nodes and has been used to solve various engineering 
problems, especially in water management (Shukla et al. 2021; Elbeltagi et al. 2022). By 
combining the brain’s learning capabilities and a network structure with multiple layers, 
ANN can significantly improve the ability to map complex and difficult nonlinear tasks 
(Talei 2022). Figure 7 shows the general structure of an ANN model with a single output 
and n inputs. 

According to Fig. 7, an unknown nonlinear system can be expressed as follows: 

Y = f (xi) (7) 

Y is the model output (i.e., the outflow at time t), xi is the input variable (i.e., the outflow 
at time t-n), and f corresponds to the unknown function the model ANN determines. In the 

Fig. 7 Flowchart of the ANN model 
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ANN paradigm, the main objective is to find the appropriate parameter sets (i.e., the Wij 
and Wjk) using a learning algorithm. 

The backpropagation algorithm is used iteratively for training purposes to minimize the 
mean square error (MSE) between the measured and predicted output. Each layer is con-
nected to the previous layer, and all relevant information must be transferred from the input 
to the output layer. Overall, the main operations of the ANN can be summarized as (i) the 
initialization step, where the weights and biases were initialized randomly, (ii) the pairs of 
input and output variables were presented to the model using the training subset and served 
as a database, (iii) the actual output is then calculated according to Eqs. 12 and 13, (iv) the 
adjustment of the weights and biases, (v) the learning procedure is repeated several times 
until the desired output was obtained. The best-obtained model parameters were then frozen 
and used to test the generalization capabilities of the model. 

To determine the net input and output for each neuron in the hidden layer, the following 
calculation is used: 

A j = 
∑ 

m 
j=1(W ij × xi) + β j (8) 

Yk = 
∑ 

m 
j=1(W jk × f(A j )) + α 1 (9) 

Aj  is the net input of the hidden neuron j, β j  is the bias of the hidden neuron j, Wij  is the 
weight linking the input neuron i to the hidden neuron j, xi corresponds to one of the inputs 
variables, f(Aj ) corresponds to the net output of the hidden neuron j, Wjk is the weight 
linking the hidden neuron j to the output neuron k (k = 1), and α 1 is the bias of the output 
layer. Further information regarding the ANN paradigm can be found elsewhere (Hornik 
et al. 1989; Hornik 1991; Simon 1999). The hyper-parameters of the ANN model were 
selected as follows: only one hidden layer with thirteen neurons with a sigmoidal activation 
function, and only one output neuron with linear (identity function). 

2.2.4 Maximal Overlap Discrete Wavelet Transforms 

The discrete wavelet transforms with maximum overlap (MODWT) is a generalization of 
the standalone discrete wavelet transform (DWT) and is a nonorthogonal transform algo-
rithm that decomposes a nonlinear signal into multiple sub-signals or details and a single 
residual (Zhang et al. 2019; Sadek and Abdulrazak 2021). For any nonlinear time series X, 
by choosing the degree of decomposition equal to (0, there are two principal components 
of MODWT, namely wavelet coefficients, 

∼ 
W j, l and scaling coefficients, 

∼ 
Zj, l which can 

be defined as follows (Mouatadid et al. 2019; Ghimire et al. 2019; Ashok and Yadav 2020; 
Patnaik et al. 2021; Dubey et al. 2022): 

∼
W j, l = 

∑ 
Lj−1 
l=0 

∼
ϕ j,l Xt−lmodN (10) 

∼
Zj, l = 

∑ 
Lj−1 
l=0 

∼
δ j,l Xt−lmodN (11) 
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∼ 
ϕ j,l = 

ϕ j,l 
2 

j 
2

(12) 

∼ 
δ j,l = 

δ j,l 
2 

j 
2

(13) 

Where j and l are the level of decomposition and the length of the filter ( l = 1, 2,⋯, L) with 
Lj  = (2j−1)(L-1) + 1, the 

∼ 
W j, l  and 

∼ 
Zj, l are the wavelet coefficients and the scaling for 

the corresponding time series X. ϕ j,l and δ j,l correspond to the wavelet and scaling filter, 

respectively, of DWT, and, 
∼ 
ϕ j,l and 

∼ 
δ j,l are the wavelet and scaling filters of MODWT 

(Mouatadid et al. 2019; Ghimire et al. 2019; Patnaik et al. 2021). The wavelet coefficient 
should be accompanied by a suitable mother wavelet function and the decomposition ratio 
(Kulkarni and Sahasrabudhe 2017). There are several mother wavelet functions, including 
Haar wavelet ‘’haar’’, Daubechies wavelet with extreme phase and N vanishing moments 
‘’dbN’’, where N is a positive integer from 1 to 45, and Symlets wavelet with N vanishing 
moments ‘’symN’’, where N is a positive integer from 1 to 45 (Shukla et al. 2021). In the 
present study, we chose ‘’db4’’ as the mother wavelet function and ten as the decomposition 
degree by trial and error. 

2.3 Evaluating the Performance of the Models 

Several measures were used to evaluate the accuracy of the daily runoff forecast, including 
root mean square error (RMSE), mean absolute error (MAE), correlation coefficient (R), 
and Nash-Sutcliffe efficiency (NSE). The expressions are given as: 

RMSE = 
√ 

1
N 

∑ 
N 
i=1 

[
(Qobs,i) − (Qest,i)i 

]2 
, (0 ≤ RMSE < +∞ ) (14) 

MAE = 
1 
N 

∑ 
N 
i=1 |Qobs,i − Qest,i| , (0 ≤ MAE < +∞ ) (15) 

R = 

 

 

1 
N 
∑ 

N 
i=1 

( 
Qobs,i− 

− 
Qobs 

)(  
Qest,i− 

− 
Qest 

) 

√ 
1 
N 
∑ 

N 
i=1 

[ 
(Qobs,i) − 

− 
Qobs 

]2 
√ 

1 
N 
∑ 

N 
i=1 

[ 
Qest,i− 

− 
Qest 

]2 

 

 
, (−1 < R ≤ +1) (16) 

NSE = 1  − 

 

 

∑ 
N 
i=1[Qobs − Qest]2 

∑ 
N 
i=1 

[ 
Qobs,i− 

− 
Qobs 

]2 

 

 , (−∞ < NSE ≤ 1) (17)

− 
Qobs and 

− 
Qest are the average measured and forecasted daily streamflow (Q), respec-

tively, Qobs, and Qest specify the observed and forecasted daily streamflow (Q: cu. ft/s) for 
ith observations. N shows the number of data points. 
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3 Results and Discussion 

This study applies three machine learning techniques: ERT, GPR, and standalone ANN. The 
models are developed without signal preprocessing, but at a later stage, the MODWT algo-
rithm is used for signal decomposition. Six input combinations were selected based on ACF 
and PACF, using the flux (Q) measured at earlier time points as the input variable (Table 2). 
The results from the two stations are presented and discussed below. 

3.1 Results at the USGS 14211500 

This section presents the comparative performance analysis of three machine learning mod-
els, i.e., Extremely Randomized Trees (ERT), Gaussian Process Regression (GPR), and Arti-
ficial Neural Network (ANN), applied to daily streamflow prediction at the USGS 14211500 
station, with and without Maximal Overlap Discrete Wavelet Transform (MODWT) prepro-
cessing. Six input combinations, representing increasing lag times from Q(t −1) to Q(t − 6), 
were evaluated. The evaluation metrics/and performance metrics for both the training and 
validation periods of all developed modes are highlighted in Fig. 8, while scatter plots, dis-
charge comparisons (time series) only for ERT, ANN, and GPR integrated with MODWT, 
are illustrated in Figs. 9 and 10. 

Overall, the application of MODWT significantly enhanced the prediction accuracy 
across all models, supporting the hypothesis that decomposition improves model sensitivity 
to temporal patterns in hydrologic data (Fig. 8). Without MODWT preprocessing, ANN and 
ERT models demonstrated comparable predictive capabilities. For the ANN models, the 
validation phase yielded R values ranging from 0.809 to 0.822 (mean = 0.817), NSE from 
0.655 to 0.675 (mean = 0.668), RMSE between 47.214 and 48.677 ft³/s (mean = 47.945 
ft³/s), and MAE from 19.222 to 19.977 ft³/s (mean = 19.547 ft³/s). ERT models showed simi-
lar performance, with R values between 0.804 and 0.822 (mean = 0.817), NSE ranging from 
0.646 to 0.673 (mean = 0.665), RMSE from 47.362 to 49.293 ft³/s (mean = 47.856 ft³/s), and 
MAE between 19.727 and 20.539 ft³/s (mean = 20.104 ft³/s). In contrast, the GPR models 
exhibited substantially lower accuracy, with R values from 0.612 to 0.817 (mean = 0.657), 
NSE ranging from 0.372 to 0.666 (mean =0.434), RMSE between 47.900 and 65.675 ft³/s 
(mean = 62.049 ft³/s), and MAE from 19.717 to 28.254 ft³/s (mean =26.168 ft³/s) (Fig. 8). 
These results confirm that ANN and ERT models were more robust and stable, In contrast 
GPR was more sensitive to increasing input dimensionality, leading to performance degra-
dation beyond the first input combination. 

ANN and ERT both benefited from shorter input sequences, particularly Q(t − 1) and 
Q(t −2), However, increasing the number of input lags did not yield further improvements 
and, in some cases, reduced accuracy. For example, ANN1 and ERT2 delivered the best 

Table 2 The input combinations of different models 
ERT GPR MLPNN Input combination Output 
ERT1 GPR1 ANN1 Q(t-1) Q(t) 
ERT2 GPR2 ANN2 Q(t-2), Q(t-1) Q(t) 
ERT3 GPR3 ANN3 Q(t-3), Q(t-2), Q(t-1) Q(t) 
ERT4 GPR4 ANN4 Q(t-4), Q(t-3), Q(t-2), Q(t-1) Q(t) 
ERT5 GPR5 ANN5 Q(t-5), Q(t-4), Q(t-3), Q(t-2), Q(t-1) Q(t) 
ERT6 GPR6 ANN6 Q(t-6), Q(t-5), Q(t-4), Q(t-3), Q(t-2), Q(t-1) Q(t) 
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standalone results, while ANN3 and ERT3 showed marginal declines in NSE and increases 
in RMSE. The Gaussian Process Regression (GPR) models exhibited a marked decline in 
predictive performance with the inclusion of additional input lags. Specifically, the GPR1 
model achieved a correlation coefficient (R) of 0.817 and a Nash–Sutcliffe Efficiency (NSE) 
of 0.666, whereas the performance of GPR6 declined significantly, with R decreasing to 
0.612 and NSE to 0.372. This suggests that the GPR model is more sensitive to input dimen-
sionality, likely due to its kernel-based architecture. 

The application of MODWT in the second analysis phase improved model perfor-
mance, particularly for input combinations beyond Q(t − 1). When using only Q(t − 1), 
MODWT marginally decreased performance in ANN1, ERT1, and GPR1. Specifically, 
ANN1_MODWT showed reductions of 5.30% in R, 11.70% in NSE, 14.31% in RMSE, 
and 29.15% in MAE compared to ANN1. ERT1_MODWT exhibited respective declines of 
1.00%, 2.00%, 2.66%, and 10.63%, and GPR1_MODWT similarly saw reductions across 
all four metrics (Fig. 8). 

However, starting from Q(t − 2), MODWT had a consistently positive effect. ANN_ 
MODWT models demonstrated continuous improvement from ANN2_MODWT to ANN6_ 
MODWT. For ANN6_MODWT, validation performance reached R = 0.951, NSE = 0.904, 
RMSE = 25.617 ft³/s, and MAE = 12.978 ft³/s—representing the best overall performance 
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Fig. 8 Prediction accuracy of various forecasting models at the USGS 14211500 station 
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(Figs. 8, 9 and 10). Compared to ERT6_MODWT, ANN6_MODWT improved by 5.50% 
in R, 11.10% in NSE, 32.09% in RMSE, and 26.22% in MAE. Against GPR6_MODWT, 
improvements were even more pronounced at 6.50%, 12.90%, 34.81%, and 28.33%, respec-
tively (Figs. 8, 9 and 10). 

On average, the MODWT enhanced ANN model performance across the validation phase 
was 8.4% (R), 14.02% (NSE), 26.62% (RMSE), and 12.15% (MAE). For ERT models, 
mean improvements were 4.14% (R), 6.40% (NSE), 11.42% (RMSE), and 2.95% (MAE). 
GPR models showed the most significant relative gains: 18.76% in R, 27.91% in NSE, 
29.26% in RMSE, and 25.26% in MAE, indicating that GPR models benefit disproportion-
ately from MODWT preprocessing. 

Comprehensive visual comparisons using boxplots, violin plots, radar charts, and Tay-
lor diagrams (Fig. 11a–d) further corroborate these findings. Representative plots illustrate 
the best-performing models’ performance during the validation phase at USGS station 
14211500. The boxplots and violin plot in Fig. 11a-b highlight the density and spread of 
predicted versus observed discharge. ANN6_MODWT closely replicates the distribution of 
the observed data, followed by ERT6_MODWT and GPR6_MODWT. Standalone models 
(ANN6, ERT6, and GPR6) depict wider variance and lower central tendency alignment. 
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Figure 8 (continued) 
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Fig. 9 Scatterplots measured 
against forecasted daily streamflow 
(Q) at the USGS 14211500 for the 
validation stage: ERT_MODWT6 
(left), GRP_MODWT6 (middle), 
and ANN_MODWT6 (right) 
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Fig. 10 Comparison between observed and predicted daily streamflow (Q) at the USGS 14211500 dur-
ing the validation. In the figure, ERT_MODWT6 (upper panel), GRP_MODWT6 (middle panel), and 
ANN_MODWT6 (lower panel) 
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The radar chart (Fig. 11c) consolidates performance indicators for each model. ANN6_ 
MODWT occupies the largest polygonal area, indicating consistent superiority across R, 
NSE, RMSE, and MAE metrics. ERT6_MODWT follows closely, while GPR6_MODWT, 
although improved, trails both. 

Taylor diagrams (Fig. 11d) provide an integrated visualization of RMSE, correlation 
(R), and standard deviation. The proximity of ANN6_MODWT to the reference point 
representing observed data reflects its optimal balance of low error and high correlation. 
ERT6_MODWT is positioned nearby, while GPR6_MODWT, although improved over its 
standalone counterpart, is more distant. 

These findings demonstrate that the hybrid ANN6_MODWT model is the most effec-
tive in predicting daily streamflow at the USGS 14211500 station. Its superior performance 
underscores the value of MODWT as a signal decomposition technique, especially when 
paired with deep learning architectures. Although ERT shows competitive accuracy and 
efficiency, and GPR benefits substantially from MODWT, ANN combined with MODWT 
consistently outperforms the alternatives across all statistical indicators and visual valida-
tion tools. 

3.2 Results at the USGS 14211550 

The performance of the ANN, ERT, and GPR models at USGS station 14211550 is sum-
marized in Fig. 12. The results indicate that incorporating MODWT substantially enhanced 
model performance. Across all models, the R values ranged from 0.577 to 0.775 (mean 
= 0.709), NSE from 0.336 to 0.600 (mean = 0.511), RMSE from 69.170 to 88.464 ft³/s (mean 
= 76.841 ft³/s), and MAE from 26.907 to 41.232 ft³/s (mean = 33.287 ft³/s). Both ANN and 
ERT models significantly outperformed GPR models in predictive accuracy. 

Increasing the number of input variables from Q(t − 1) to Q(t − 6) did not consistently 
improve model performance. In some cases, particularly with GPR, performance declined 
as more input lags were added. For instance, the best GPR result (GPR6) had lower accu-
racy than ANN2, which achieved R = 0.783, NSE = 0.612, RMSE = 68.12 ft³/s, and MAE 
= 26.35 ft³/s. 

The scatter plots illustrating the performance of the three best MODWT-enhanced mod-
els are presented in Fig. 13, In contrast, Fig. 14 time-series plots depict the comparison 
between observed and forecasted daily discharge (Q) at USGS 14211550 for the validation 
phase. The three best MODWT-enhanced models—ANN6_MODWT, ERT6_MODWT, 
and GPR6_MODWT—are featured. MODWT preprocessing produced clear improvements 
in all models. For ANN, MODWT raised mean R by 13.67%, NSE by 20.68%, and reduced 
RMSE and MAE by 31.77% and 17.75%, respectively, when comparing ANN models 
with and without MODWT. Notably, ANN6_MODWT outperformed ANN1_MODWT by 
14.70% (R), 23.10% (NSE), 38.51% (RMSE), and 39.77% (MAE), underscoring the ben-
efit of using multiple lags in combination with wavelet decomposition (Fig. 12). For ERT, 
the best-performing configuration was ERT6_MODWT. While it delivered strong results, 
it remained less accurate than ANN6_MODWT, with relative differences of − 3.5% (R), 
− 3.5% (NSE), + 13.10% (RMSE), and + 12.64% (MAE). Interestingly, GPR6_MODWT 
slightly outperformed ERT6_MODWT with minor gains of approximately 0.60% (R), 
0.30% (NSE), 0.47% (RMSE), and 1.27% (MAE), yet still fell short of ANN6_MODWT’s 
performance (Fig. 12). 
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c) radar chart, d) Taylor diagram 

1 3 
Content courtesy of Springer Nature, terms of use apply. Rights reserved. 

• 
• • • 

l 
. . • : 

CJ 
I 

• • • . 

l l 



Improving Streamflow Forecasting Efficiency Using Signal… 

c) 0.6 

0.7 

0.8 

0.9 

1.0 

0.4 0.6 0.8 1.0 
20 

40 

60 

80 

100 

1520253035 
MAE 

RMSE 

NSE 

R ANN_MODWT 
ANN 
GPR_MODWT 
GPR 
ERT_MODWT 
ERT 

d) 

Figure 11 (continued) 

1 3 
Content courtesy of Springer Nature, terms of use apply. Rights reserved. 

1.65 

1.5 

1.25 

05 

0.25 

' ' ' ' ' ' ' ' ' ' 

,,,,, _.,,. ... 

/ 
/ 

/ 
/ 

/ 
/ 

I I 

/ 

0.25 

' ' ' ' ' 

/ 

/ 

9 

/ 

0.5 

' ' ' ' ' ' ' ' ' ' 

' ' ' ' 

Taylor Diagram 

.6 

/ 
·n .0,-5- ·-- ·--

/ x 
I 0 

/ 

0.75 
Ref=1 

1 

' ' ' 

-,_ 

\ 

1.25 

-•-
-•-

' ' ' ' ' ' 

0 ANN_MODWT Validation 

D GPR_MODWT 
0 Pf 
X ERT_MODWT 
£,. ERT 

99 
\ 

1.5 1.65 



D. K. Vishwakarma et al. 

Boxplots and violin plots in Fig. 15a and b further illustrate the agreement between pre-
dicted and observed values. ANN6_MODWT demonstrated the closest match to observed 
runoff distributions, followed by ERT6_MODWT and GPR6_MODWT. Standalone models 
(ANN6, ERT6, and GPR6) exhibited wider variance and lower central tendency alignment. 
Radar plots (Fig. 15c) provide a comparative visual of the performance metrics across the 
best models. ANN6_MODWT covered the largest polygonal area, reflecting superior R, 
NSE, RMSE, and MAE values. Both ERT6_MODWT and GPR6_MODWT also showed 
improved metrics relative to their standalone versions, but ANN6_MODWT remained 
dominant. Taylor diagrams (Fig. 15d) further demonstrate the ANN6_MODWT model’s 
superiority. This plot simultaneously represents correlation, standard deviation, and RMSE 
in a single frame. ANN6_MODWT lies closest to the reference point (Ref = 1), indicating 
strong correlation and minimal error compared to ERT6_MODWT and GPR6_MODWT. 

From a broader perspective, several conclusions can be drawn. First, ANN and ERT 
consistently outperformed GPR across all configurations, regardless of the number of 
input lags. Second, increasing the number of input variables beyond two lags (Q(t − 1) 
and Q(t − 2)) often yielded diminishing or even negative returns, particularly in GPR. 
Only the ERT model showed performance gains from the first to the second lag, whereas 
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Fig. 12 Performances of different forecasting models at the USGS 14211550 station 
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ANN exhibited a slight decline, and GPR showed a more pronounced deterioration. These 
observations suggest that, in the absence of preprocessing, using only one or two previ-
ous discharge values is sufficient for acceptable accuracy. However, when MODWT is 
employed, adding additional lags becomes beneficial. The MODWT decomposed each lag 
into multiple resolution subcomponents, capturing both high- and low-frequency features 
of the streamflow data. This enhanced the model’s capacity to extract meaningful patterns 
and temporal dependencies not captured by raw input alone. 

In the final phase of the study, MODWT was applied to all six lagged discharge inputs, 
resulting in multi-resolution analysis (MRA) subseries for model training. As the num-
ber of decomposed inputs increased, model coherence between observed and predicted 
discharge improved across training and validation periods. By the sixth input combina-
tion, the ANN6_MODWT model produced the most accurate results in terms of R, NSE, 
RMSE, and MAE, demonstrating that MODWT effectively captures the available signal 
content in the streamflow series. In summary, the findings demonstrate the superiority of 
MODWT-enhanced models, particularly ANN6_MODWT, in streamflow forecasting at 
USGS 14211550. While all models benefited from wavelet decomposition, ANN showed 
the highest sensitivity to enhanced input features and consistently achieved the best overall 
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Figure 12 (continued) 
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Fig. 13 Scatter plots of measured 
versus predicted daily discharge 
(Q) at USGS 14211550 for the 
validation phase: ERT_MODWT6 
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Fig. 14 Comparison between measured and predicted daily runoff (Q) at USGS 14211550 for the valida-
tion phase: ERT_MODWT6 (top panel), GRP_MODWT6 (middle panel), and ANN _MODWT6 (bottom 
panel) 
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performance. These results support the integration of signal preprocessing techniques like 
MODWT with advanced machine learning algorithms for robust hydrological forecasting. 

4 Discussion 

The literature review highlights the growing interest in machine learning-based artificial 
intelligence methods for improving runoff forecasting. Various models, such as ANN, SVM, 
RF, EDB, M5 Tree, and ensemble algorithms, have been explored for their effectiveness 
in predicting streamflow (Martinho et al. 2023). The study contributes by introducing the 
ERT model coupled with MODWT for signal decomposition, which, as demonstrated, sig-
nificantly enhances prediction accuracy. The initial analysis without signal preprocessing 
revealed that all three machine learning models (ERT, GPR, and ANN) exhibited significant 
correlations between observed and forecasted streamflow data. The predictive ability of the 
ANN6 standalone model outperformed ERT6 and GPR6. However, the results indicated 
that the model’s performance was notably improved when MODWT was applied for signal 
decomposition. This emphasizes the importance of preprocessing techniques in refining the 
input data for more accurate predictions (Mouatadid et al. 2019). 

The results show that MODWT had a substantial positive impact on model performance 
(Alenezy et al. 2021; Jiang et al. 2021; Esmaeili-Gisavandani et al. 2022). Among the mod-
els, ANN consistently outperformed ERT and GPR, demonstrating the sensitivity of ANN 
to the MODWT preprocessing (Alenezy et al. 2022; Zhang et al. 2024). The study suggests 
that MODWT provides a crucial signal decomposition method, particularly when dealing 
with nonlinear and nonstationary discharges. The results indicate that ANN6_MODWT con-
sistently outperformed ERT6_MODWT and GPR6_MODWT in terms of statistical indices 
R, NSE, RMSE, and MAE. Compared to previous studies on this topic applied in different 
modelling contexts and using different data sets, the output from this study was consistent 
(Mouatadid et al. 2019; Ashok and Yadav 2020; Sadek and Abdulrazak 2021; Heddam et al. 
2023). The current study’s use of ANN with MODWT aligns with these findings, showing 
that wavelet-based pre-processing (like MODWT) can significantly boost ANN’s perfor-
mance. Saraiva et al. (2021) used wavelet decomposition with SVR, ANN, and bootstrap 
neural networks for daily discharge forecasting, concluding that the incorporation of sig-
nal decomposition methods (e.g., wavelet transforms) generally enhances prediction accu-
racy across various models. This is consistent with the findings of the current study, where 
MODWT was a crucial component in improving all machine learning models’performances. 

The thorough analysis includes each model’s scatter plots, performance metrics, and 
comparative assessments. Using Taylor diagrams and radar charts enhances the visualization 
of model performance. The diagrams clearly illustrate the superiority of ANN6_MODWT 
over ERT6_MODWT and GPR6_MODWT. The radar charts provide a concise summary of 
statistical metrics, reinforcing the effectiveness of ANN coupled with MODWT. Geurts et 
al. (2006), the original developers of the ERT algorithm, have shown that ERT can handle 
large datasets and noisy data. The study’s results align with these findings, but ERT, even 
when coupled with MODWT, was less effective than ANN in handling complex, nonlin-
ear streamflow processes. Peng et al. (2017) explored the use of Empirical Wavelet Trans-
form (EWT) with ANN and SVR, indicating that wavelet preprocessing generally benefits 
machine learning models, but GPR’s relative performance lagged behind ANN. The current 
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study similarly shows that while GPR_MODWT improves performance, it is still less com-
petitive compared to ANN and ERT models. 

It was observed that the ANN outperformed ERT in capturing complex, non-linear 
relationships (e.g., streamflow prediction), the ERT has several advantages that make it 
an attractive choice for certain applications. ERT is simpler to implement and interpret, 
as decision trees provide clear, understandable rules, whereas ANN operates as a “black 
box.” It also requires less data preprocessing—no feature scaling or encoding of categori-
cal variables is needed. Additionally, ERT is less prone to overfitting due to its inher-
ent randomness, handles missing data naturally, and trains faster, especially on smaller 
datasets. These advantages make ERT a robust and efficient option in cases where model 
transparency, training speed, and ease of use are important. 

4.1 Future Directions 

The study paves the way for future research directions in runoff prediction. Further inves-
tigations could explore the application of the proposed models in different geographical 
locations, evaluate the robustness of the models under varying climatic conditions, and 
consider additional input variables for a more comprehensive analysis. In conclusion, this 
study introduces a novel approach to runoff prediction by combining the ERT model with 
MODWT for signal decomposition. The results demonstrate the efficacy of this approach, 
particularly when applied to the ANN model, leading to significant improvements in pre-
diction accuracy. The findings contribute valuable insights to the evolving landscape of 
machine learning applications in hydrology and water resources management. 

5 Conclusion 

This study proposed an integrated approach for daily runoff prediction by coupling three 
machine learning models—Artificial Neural Network (ANN), Extremely Randomized Trees 
(ERT), and Gaussian Process Regression (GPR)—with Maximal Overlap Discrete Wavelet 
Transform (MODWT). Using six time-lagged discharge inputs identified through autocor-
relation analysis, the models were trained and validated at two USGS stations (14211500 
and 14211550) under scenarios with and without MODWT preprocessing. The results 
demonstrate that integrating MODWT significantly enhanced the predictive accuracy of all 
three models. Among them, the ANN_MODWT6 model achieved the highest accuracy at 
both stations, showing improvements of 15.60% (R), 24.70% (NSE), 39.74% (RMSE), and 
28.34% (MAE) at USGS 14211550, and 13.50%, 23.80%, 46.47%, and 34.06%, respec-
tively, at USGS 14211500. Similarly, ERT_MODWT6 outperformed its standalone version, 
improving by 13.00–21.80% at station 14211550 and 7.80–21.43% at station 14211500 
across the same metrics. Despite being the least effective standalone model, even GPR ben-
efited substantially from MODWT, closing much of the performance gap. 

These findings confirm that MODWT effectively extracts meaningful signal components 
from time series data, enhancing model learning. The performance differences between the 
two stations are attributed to variability in hydrological characteristics and flow patterns. 
Overall, integrating MODWT with machine learning models proves to be a powerful strat-
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egy for improving runoff forecasting accuracy. Future research should explore additional 
decomposition techniques and datasets to further validate the robustness of this approach. 
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