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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 artificial
neural network models provide better predictions for river flow compared to physical and conceptual models.
However, since these models may not offer reliable performance in estimating unstable data, using preprocessing
techniques is necessary to enhance the accuracy and performance of artificial neural networks in estimating
hydrological time series with nonlinear relationships. One of these methods is wavelet transformation, which
utilizes signal processing techniques.

Materials and Methods

In this study, to evaluate the efficiency of discrete and continuous wavelet types in the Wavelet-Atrtificial
Neural Network (WANN) hybrid model for monthly flow prediction, a case study was conducted on the Kardeh
Dam watershed in the northeast of Iran, serving as a water source for part of Mashhad city and irrigation
downstream agricultural lands. Monthly streamflow estimates for the upstream sub-basin of the Kardeh Dam were
obtained from the meteorological and hydrometric stations' monthly statistics over a 30-year period (1991-2020).
The WANN model is a hybrid time series model where the output of the wavelet transform serves as a data
preprocessing method entering an artificial neural network as the predictive model. The combination of wavelet
analysis and artificial neural network implies using wavelet capabilities for feature extraction, followed by the
neural network to learn patterns and predict data, potentially enhancing the models' performance by leveraging
both methods. The 4-fold cross-validation method was employed for the artificial neural network model validation,
where the model underwent validation and accuracy assessment four times, each time using 75% of the data for
training and the remaining 25% for model validation. The final results were presented by averaging the validation
and accuracy results obtained from each of the four model runs. To evaluate and compare the performance of the
models used in this study, three evaluation indices, Nash-Sutcliffe Efficiency (NSE), Root Mean Square Error
(RMSE), and Pearson correlation coefficient (R), were employed.

Results and Discussion
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The analysis of meteorological and hydrometric data in this study revealed that monthly streamflow in two
time steps, T-1 and T-2, were the most effective predictive variables. Each of the two runoff variables of the
previous month (Qt-1) and the previous two months (Qt-2) were analyzed by each of the Haar and Fejer-Korovkin2
discrete wavelet transforms and the two continuous Symlet3 and Daubechies2 wavelets at three levels. The results
of each level of decomposition was given as input to the ANN model. The presented results at each decomposition
level indicated that hybrid models could accurately predict lower flows compared to the single ANN model, and
the estimation of maximum 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. Since 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.

Conclusion

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
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period 1991-2021
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Figure 1- The geographical location of the study area and its hydro-meteorological and hydrometric stations
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Figure 7- The evaluation indices values of the hybrid models at the first level of decomposition (crossvalidation)
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Table 3- The average value of the assessment indices at the second level of decomposition
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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
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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 0.30 0.80




Yo¥ L egian s 4K -2 90 oS 5 (g5l Jon 5 Srge Bl S 3l ey lKe 5 SV g2 goblS

g il o YL FK2-ANN & o doyd S b ovuwcons
oy Dgui oo dlinMo Jhe 93 opl o gyl dre gl Mas
W3 g0 QU 35 (oS 5 (o aaSed 5> dle slagygyg dlas
AY ) 9588 sl o yieS b Cawl aslys SYM3-ANN o oS
Lﬁ)’*’u")%] o s ).ol Qg" aS s &l |y aoes R (Sl
wlo)ywa_c&uuf.\mu;)mfb9ub]

o Silw e by g Slwlis by polie Ve S5
w35 o (e 2 o5 5 Jie o 3 ANN 350 Jis baogs
sl Jde &S 25 o sdnlie Vo S5 4 dagi b Canl ol &)
Jde & Cud e b1y eSS o 0o Slatusly (sl pud
2 55 sl palie 2yl pizmen anled 350 35ite ANN
g S 2l b oyl a8 ol diBly dgupe s (0S5 sl o
oher ¢ by o (Dalkilic & Hashemi, 2020) el
prcuns (e cpl o) calls (Yilmaz et al., 2022)
SKI2 o0 pirod g 5lb S0 4y boypo 0S50 5)Shas
$es 5 g 0ad 4B)S )5 4 (iglgye Cllas 3 S
Ahmadi) zlie 5 (shen] o b gadge ol &5 Cuwl dzily lawgio
)b cisllas (& Maddah, 2020

9 Towly giSu 93 ) e cp e NSE adls e

5 +IAY iy aS 5l SyM3-ANN S5 Jde 0 svwwcons
3yie ANN o &y G clalinMe L5 polay &5 wsl o /5Y
S @l oS 5 gladie plo & Cund (pizmen g 4l dgnp
e @S (pl & WS (o )] (riwcono g (riwly (i 93 5
Jade sl o (Freire et al., 2019) Ko 5 003 2l b
55 SYM3-ANN S 35 Jdo o 1y e 105V 35 R Lasls
Gl Jre 83 VL dw 4555 aw 4> SYMB-ANN Jus 1
aw ;3 DB2-ANN S5 Jio 93 o (6,505 duwnlis j3 )b |,
olde &S 24 o danMe g0 aw > Haar-Ann Jie g 4w
| Sy 8 ot iz > s (bl sloesls
ooy Db2-ANN S5 Jae Lol wileals &3] Jue 93 opl (sl
loss 5 olsute s b a5 cusl 4l oYL cds Lol
Db2- Jso 14 5 13l o guen (Maheswaran & Khosa, 2012)
olie 3yl 65V cds SYM-ANN .S 5 Jao 5l 4 ANN
(Priely (A5 93 53 45 Amd g LS dgy e 93 sl et s
Db2- Juas il 5YL Sym3-Ann .Sy Jie Cdy oxwcous 4
o b dtu Jao 93 gl o et L y30lds (yisees .ol ANN
e cdo b glus M 9> mdaw > Haar-ANN  Jus a8 s
S > Haar-ANN s 55 a5 ¢ skay 5,55 FK2-ANN

o Cono g (Sowily ol po 13 0 e cmas aS Jao b oS 5 s e (2 pir UG dn o —0 Jau
Table 5- Comparison of the results of the best combined models with a singular neural network model in the calibration and
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Model Decomposition The optimal number of Callbratlon Va{lda}Flon
Name level neurons el TS
Jae ob 4320 g W(yg)98 dinke dlae NSE ~ RMSE R NSE RMSE R
(m3/s) (m3/s)
ANN - 6 0.64 0.34 0.80 0.42 0.36 0.73
Sym3-ANN Level3 3 0.81 0.25 0.90 0.62 0.30 0.85
Db2-ANN Level3 6 0.78 0.27 0.89 0.61 0.30 0.81
Haar-ANN Level2 5 0.73 0.29 0.87 0.61 0.30 0.81
Fk2-ANN Level3 7 0.73 0.29 0.86 0.60 0.30 0.80
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Figure 10- Comparison between observed data flow and predicted flow using singular and combined neural network models
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