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Introduction

Predicting river flow is one of the most crucial aspects in water resources management. Improving forecasting methods
can lead to a reduction in damages caused by hydrological phenomena. Studies indicate that artifi€ial neural network
models provide better predictions for river flow compared to physical and conceptual models. , since these
models may not offer reliable performance in estimating unstable data, using preprocessing te cessary to
enhance the accuracy and performance of artificial neural networks in estimating hydgologi e series with
nonlinear relationships. One of these methods is wavelet transformation, which utilizes sign ssing techniques.

Materials and Methods

In this study, to evaluate the efficiency of discrete and continuous wa avelet-Artificial Neural
Network (WANN) hybrid model for monthly flow prediction, a case ducted on the Kardeh Dam
watershed in the northeast of Iran, serving as a water source for part 0 city and irrigation downstream
agricultural lands. Monthly streamflow estimates for the upstrea -basin of the Kardeh Dam were obtained from
the meteorological and hydrometric stations' montfJitatistic ear period (1370-1399). The WANN model
is a hybrid time series model where the output of theWiavelet trans s as a data preprocessing method entering

an artificial neural network as the predictive model. The co ati av§analysis and artificial neural network

implies using wavelet capabilities for feature extraction,fol euralnetwork to learn patterns and predict
data, potentially enhancing the models' performance by both%h SWEhe 4-fold cross-validation method
was employed for the artificial n , Where themodel underwent validation and accuracy

g and the remaining 25% for model validation. The
racy results obtained from each of the four model
sed in this study, three evaluation indices, Nash-

assessment four times, each ti
final results were present

£}
re the
sutcliffe Efficiency(NSE), Root

runs. To evaluate and co
Results and Discussio‘

T-1 and T-2, we predictive variables. Each of the two variables of the runoff of the previous
evious two months (Qt-2) were analyzed by each of the Haar and Fejer-Korovkin2
the two continuous Symlet3 and Daubechies2 wavelets in three levels and the results
osition, it was given as input to the ANN model. The presented results at each
d that hybrid models could accurately predict lower flows compared to the single ANN
aximum values also significantly improved in the hybrid models. Among the wavelets
used, Haar wavelets exhibited the weakest performance, and the less commonly employed Kf2 wavelet showed a
moderate performance. Si the Haar and Fk2 wavelets, with their discrete structure, did not perform well in
decomposing continuous monthly streamflow data, continuous wavelet models outperformed discrete wavelet models.
The hybrid models, combining wavelet analysis and artificial neural networks, demonstrated up to an 11%
improvement over the performance of the single neural network model.

From each level of
decomposition level indi
model, and the estimation

Conclusions

Streamflow is a crucial element in the hydrological cycle, and predicting it is vital for purposes such as flood prediction
and providing water for consumption. The objective of this research was to evaluate the performance of different types
of discrete and continuous wavelet models at various decomposition levels in enhancing the efficiency of artificial
neural network (ANN) models for streamflow prediction. Since climate and watershed characteristics can influence

)



the nature of data fluctuations and, consequently, the results of the wavelet model decomposition, choosing an
appropriate wavelet model is essential for obtaining the best results. Considering the existing variations in the results
of different studies regarding the selection of the best wavelet type, it is suggested to use both continuous and discrete
wavelet types in modeling to achieve the best predictions and select the optimal results. Given that a lower number of
input variables in neural network models lead to higher accuracy in modeling results, it is recommended to perform

decomposition at a two-level depth to reduce input components to the neural network model, thereby reducing the
model execution time.

Keywords: Artificial Neural Network, Continuous wavelet, Cross-validation, Discrete wavelet, Hybrid Model,
Wavelet transform A
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Tablel- Geograghical and statistical properties of the metheorological and hydrometric stations in the study area in the
period 1991-2021
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Fig. 1- The geographigal location of the study area and its hydro-meteorological and hydrometric stations
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Table 2- The average value of the assessment indices at the first level of decomposition

Hybrid The optimal number of Calibrasion Validation

model ne'ur.ons ) 2]y s >
Shpmd Jdo By 98 A S NSE RMSE(m~3/s) R NSE RMSE(m"3/s) R
Sym3-ANN 8 0.78 0.27 0.88 0.60 0.30 0.82
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Db2-ANN 7 0.76 0.28 0.87 0.53 0.31 0.80

Haar-ANN 4 0.68 032 0.83 0.53 0.32 0.76

Fk2-ANN 7 0.69 0.31 0.84 0.47 0.34 0.77
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Table 3- The average value of the assessment indices at the second level of decomposition

Hybrid The optimal number of Calibrasion Validation

model neiur'ons ) Siuly S o
S Jae Bygei A O TNSET RMSE(mA3s) R NSE  RMSE(m~3/s) R
Sym3-ANN 4 0.83 0.24 0.91 0.60 0.31 0.84
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Db2-ANN 8 0.76 0.28 0.87 0.59 0.30 0.80

Haar-ANN 5 0.73 0.29 0.87 0.61 0.30 0.81

Fk2-ANN 8 0.73 0.29 0.86 0.54 0.32 0.79
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Table 4- The average value of the assessment indices at the third level of decomposition

Hybrid The optimal number of Calibrasion Validation
model neurons ESW N EI U0
Sl Jao Bygyei A 0K TNSET RMSE(MM3s) R NSE RMSE(m3s) R
Sym3-ANN 3 0.81 0.25 0.90 0.62 0.30 0.85
Db2-ANN 6 0.78 0.27 0.89 0.61 0.30 0.81
Haar-ANN 6 0.78 0.27 0.89 0.59 0.31 0.80
Fk2-ANN 7 0.73 0.29 0.86 0.60 W 0.30 0.80
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Table 5- Comparison of the results of the best combined models with a singular neural network model in the calibration
and validation stages

Model Decomposition The optimal Calibration Validation

Name‘ . Ieyel numbel: of neuronf Sl St
Jr el agedmhe gy e A S TNSE T RMSE(m™3s) R NSE RMSE(mA3s) R
ANN - 6 0.64 0.34 080 042 0.36 0.73
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