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Abstract

:

Consistent streamflow forecasts play a fundamental part in flood risk mitigation. Population increase and water cycle intensification are extending not only globally but also among Pakistan’s water resources. The frequency of floods has increased in the last few decades in the country, which emphasizes the importance of efficient practices needed to adopt for various aspects of water resource management such as reservoir scheduling, water sustainability, and water supply. The purpose of this study is to develop a novel hybrid model for streamflow forecasting and validate its efficiency at the upper Indus basin (UIB), Pakistan. Maximum streamflow in the River Indus from its upper mountain basin results from melting snow or glaciers and climatic unevenness of both precipitation and temperature inputs, which will, therefore, affect rural livelihoods at both a local and a regional scale through effects on runoff in the Upper Indus basin (UIB). This indicates that basins receive the bulk of snowfall input to sustain the glacier system. The present study will help find the runoff from high altitude catchments and estimated flood occurrence for the proposed and constructed hydropower projects of the Upper Indus basin (UIB). Due to climate variability, the upper Indus basin (UIB) was further divided into three zone named as sub-zones, zone one (z1), zone two (z2), and zone three (z3). The hybrid models are designed by incorporating artificial intelligence (AI) models, which includes Feedforward backpropagation (FFBP) and Radial basis function (RBF) with decomposition methods. This includes a discrete wavelet transform (DWT) and ensemble empirical mode decomposition (EEMD). On the basis of the autocorrelation function and the cross-correlation function of streamflow, precipitation and temperature inputs are selected for all developed models. Data have been analyzed by comparing the simulation outputs of the models with a correlation coefficient (R), root mean square errors (RMSE), Nash-Sutcliffe Efficiency (NSE), mean absolute percentage error (MAPE), and mean absolute errors (MAE). The proposed hybrid models have been applied to monthly streamflow observations from three hydrological stations and 17 meteorological stations in the UIB. The results show that the prediction accuracy of the decomposition-based models is usually better than those of AI-based models. Among the DWT and EEMD based hybrid model, EEMD has performed significantly well when compared to all other hybrid and individual AI models. The peak value analysis is also performed to confirm the results’ precision rate during the flood season (May-October). The detailed comparative analysis showed that the RBFNN integrated with EEMD has better forecasting capabilities as compared to other developed models and EEMD-RBF can capture the nonlinear characteristics of the streamflow time series during the flood season with more precision.
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1. Introduction


The raising population is enhancing the demand for freshwater, which results in the need for optimal water resource management [1,2]. According to Penman (1961) [3], hydrology is the science that tries to respond to the query ‘what happens to the rain’? One of the main features of this query and its response lies in the conversion of rainfall into the streamflow [4]. The rainfall and streamflow bond rests multifaceted because of spatial and temporal unevenness of watersheds, precipitation, evaporation, runoff yield and confluence, topography, and human activities. Streamflow forecasting states with the systematic evaluation of upcoming streamflow based on historical hydro-meteorological data [5,6,7] and precise streamflow forecasting assists pre-arranged preparation and managing water resources. They also caution and mitigate the natural disaster such as droughts and floods. Therefore, a proficient method to help understand the nature of such a phenomenon is necessary [8,9,10].



Over the past few decades, many researchers have proposed numerous forecasting methods to address the scarcity of the runoff data [11,12,13]. Generally, they are divided into two major categories: process-driven and data-driven methods [14,15,16]. Process-driven models like conceptual rainfall-runoff try to explain the underlying physical processes of the watershed system [17]. Data-driven models often used to make short-term predictions using simple mathematical methods and intelligent algorithms via the statistical characteristics that avoid analyzing the physical processes and instead build a “black-box” to forecast the future streamflow [18]. Data-driven methods have gained popularity in the recent past for streamflow forecasting due to obtaining the gauging data, increasing computational command, the improvement in progressive modeling theory and software, and holding off clarifying the multifarious core physical processes of the watershed system [19,20,21,22].



Most commonly used time series models are Autoregressive (AR), AR moving average (ARMA), and AR integrated moving average (ARIMA) [23]. Non-linearity is the characteristic of streamflow time series, particularly under climate and land use changes that makes AR, ARMA, ARIMA, and other linear regression models inappropriate for streamflow forecasting [24,25,26,27,28,29,30].



In hydrologic modeling, on the other hand, artificial neural networks (ANNs) introduction in the 1990s can be considered as a benchmark [31,32]. The ANNs have seemed as influential black-box models among data-driven models and acknowledged an excessive responsiveness throughout the last 20 years [33,34]. With little available data, ANN models can deliver an approach to disclose the properties of hydrological developments, which will support us to better understand the effect of environmental variations on the hydrological processes in permafrost areas [35,36]. Many scholars have used ANN models to simulate and predict runoff fluctuations because artificial intelligence models, e.g., artificial neural network (ANN) are capable to report non-stationary and nonlinearity related with streamflow prediction [37,38,39,40,41,42,43,44].



Even though ANNs in the modeling of non-linear hydrological interactions are carrying out well, these models might not be capable to manage non-stationary data if pre-processing of input and/or output data is not executed [45]. Hybridization of the artificial intelligence techniques with decomposition is the recent trend for data-driven streamflow forecasting is to preprocessing for the purpose of additional refining forecasting exactness [16,46,47,48]. Combining different models into an ensemble has been explored in many hydrological studies. The researchers have declared this approach very effective and accurate and the key idea behind combining the outputs from different models depend on the element that different models hold different characteristics of the data. Therefore, combinations of these characteristics would produce improved predictions than those produced by any one of the single models used in combination. This methodology is applied in former education since combining forecasts of different models are either linear or non-linear combination methods [49,50,51,52,53,54,55,56].



Application of WT-based methods has been found better in dealing with this issue of non-stationary data [57]. One of the widely used decomposition techniques is a discrete wavelet transform (DWT), which is very useful for non-stationary and arbitrary processes. By simultaneously considering both the spectral and the temporal information contained in the data, the DWT improves the performance of hydrological models [58]. It decomposes the main time series data into its sub-components [59]. Therefore, the hybrid wavelet data-driven models, which use multi scale-input data, result in better performance by taking valuable material hidden inside the main time series data [60]. In recent times, numerous hydrological studies productively applied DWT to raise forecasting competence of neural network models. Moreover, in the field of hydrologic forecasting, the capability of the DWT in revealing hidden temporal and spectral information contained in time series data in its raw form makes it popular [61]. The discrete wavelet coupled data-driven models are developed by applying DWT to raw non-stationary input data. These coupled data-driven models are being widely used as they lead to further enhancement of forecasting accuracy of the hydrological models in many studies [53,62,63,64,65,66,67,68,69,70,71,72]. In addition, some information such as the decomposition level and mother wavelets should be predetermined in WT [73,74].



Although WT provides high resolution in both the frequency domain and the time domain, certain limitations of this method may generate some false harmonic waves. Thus, the selection of the WT basis functions is critical and has a significant impact on the wavelet decomposition performance. Huang established a novel signal analysis method in 1998 named as empirical mode decomposition (EMD) in order to stimulate the development of multiple time-scale analysis methods [75]. Significant benefits of EMD over other decomposition approaches are its whole self-adaptiveness, empirical, instinctive, straight, and adaptive requiring no fixed basis functions [76]. An additional significant advantage of EMD is its very local capability both in physical and frequency space, which makes it particularly appropriate for nonlinear and nonstationary time series [77,78]. An advanced version based on the principle of ‘‘decomposition and ensemble,” EMD, named ensemble EMD (EEMD), are extensively integrated with data-driven forecast models for the runoff forecast [79,80,81,82], the rainfall forecast [83], and period identification of hydrologic time series [84].



The Upper Indus basin is selected as a case study in this research due to its complex climate variability and its impact on water resources. This feature of climate change has inspired this study where our objective is to measure the probable influence of climate variables including precipitation and temperature on related hydrological impacts for the Upper Indus Basin in Pakistan. This system is of high significance to the ecological water supply for residents in the lower Indus in Pakistan. It is also significant for the economic life of Pakistan, which depends to a considerable extent on the flow of this whole basin. The Indus basin supports huge zones of irrigated agriculture and a significant proportion of the installed power capacity of the country and more than 80% of the flow in the Indus. When it emerges onto the Punjab plains, it is derived from seasonal and permanent snowfields and glaciers. Such relations propose the prospect of better flood forecasting and water resources management on the Indus. They also demonstrate the susceptibility of Indus runoff to short-term fluctuations as well as to long-term climate change. To select the consistent and suitable hydrological model for the Upper Indus basin due to the wide variation in climate characteristics, the basin is divided into three distinct sub-zones known as the zone one (z:1) zone two (z:2), and zone two (z:3). Data have been analyzed by comparing the simulation outputs of the models with the correlation coefficient (R), root mean square errors (RMSE), Nash-Sutcliffe Efficiency (NSE), mean absolute percentage error (MAPE), and mean absolute errors (MAE). It is considered in this study that the proposed hybrid model can provide an effective modeling approach to capture the nonlinear characteristics of annual streamflow series and, therefore, provide more satisfactory forecasting results. Therefore, in this study, time series decomposition techniques DWT and EEMD are separately combined with the model of artificial neural networks. The effect of EEMD and DWT on streamflow forecasting is compared and the influence of high-frequency components on model performance is analyzed. Two basic kinds of models, i.e., DWT-ANN and EEMD-ANN, are developed. For the purpose of comparison, in addition to the decomposition-based models mentioned above, the stand-alone ANN model is also developed. Models are also developed on the basis of inputs. All results were also confirmed by the peak value analysis. The constructed models are evaluated for forecasting streamflow for one-month-lead-time in three hydrological stations and 17 meteorological stations at the upper Indus basin, Pakistan.



The remainder of this study is organized as follows. Our study area and data collection are explained in Section 2 and Section 3. The methodology applied and model development is detailed in Section 4. This is followed by a description of the data preprocessing technique, inputs selection, and the methods used for the evaluation of results. In Section 5, principal results are shown along with relevant discussions. The last section presents the main conclusions.




2. Study Area


The Indus River basin is considered the world’s biggest trans-boundary river basin with a total drainage area of about 1.08×106 km2. Total drainage is shared by Pakistan, India, China, and Afghanistan with the percentage of (56%), (26.6%), (10.7%), and (6.7%), respectively [85]. That makes it a geopolitically complex region. The origin point of the Indus basin is from the Mansarovar Lake in the Tibetan Plateau and streams through Pakistan before flowing into the Arabian sea. The study area is in the north of Pakistan and it primarily focuses on the Pakistani part of the upper Indus basin [86]. The upper Indus River basin (UIRB) is situated inside the terrestrial range of 32.48° and 37.07° N and 67.33° and 81.83° E. The elevation in the upper Indus basin with an average elevation of 3750 m.a.s.l and varies from 200 m to 8500 m.a.s.l. and it covers the area of 289,000 km2 [87]. These ranges together host 11,000 glaciers, which make it one of the world’s most glaciated areas with roughly 22,000 km2 of the glacier surface area [88]. The study area was confined in catchment carrying in the Pakistan boundary due to unattainability of data in China, India, and Afghanistan and catchment of the Indus basin within the Pakistan boundary, which is shown in Figure 1. An understanding of the leading issues of yearly inconsistency in capacity and judgment of streams, humidity, and energy inputs are, therefore, important for water management in the region. The research area is considered as the prime source of fresh water for Pakistan and plays a vibrant role in the sustainable economic development of the country [89]. The main source of risk for floods and food security is climate change in the Hindu Kush, the Karakoram, and the Himalaya (HKH) mountain ranges. In addition, the economy of the Himalayan region trusts upon agriculture and, thus, is highly dependent on water availability and irrigation systems [90,91]. This study will help to find the flood magnitudes of different seasons at the proposed hydropower (Pattan Hydropower, Thakot Hydropower, Dasu Hydropower, Diamer-Basha Hydropower, Bunji Hydropower) of the upper Indus basin.




3. Data Collection


The data of these stations were collected from Pakistan Surface-water Hydrology Project (SWHP), Water and Power Development Authority (WAPDA), and Pakistan Meteorological Department (PMD) for the period. Stream-flow measurement in UIB is of the WAPDA-SWHP project conceded starting in the 1960s with original records. All the hydrometric stations considered in this research are unregulated and reasonably free from land-use changes. Due to the wide variation in climate characteristics, the basin is divided into three distinct sub-zones known as the zone one (z1) having outlet Bunji, zone two (z2) having outlet Besham Qila, and zone three (z3) having outlet Massan. Three Hydraulic stations and 17 climatic stations (CS) were selected for the analysis. There are five climate and one hydrometric station in the z1, and three climate and one hydrometric stations in the z2, and nine climate and one hydrometric station in the z3 of the basin. The characteristics information of the selected is sites given in Table 1 and Table 2. The data of these sites were for period 1960 to 2012, 1969–2012, and 1972–2012, respectively, for zone 1, 2, and 3 (z1, z2, z3). There are five climate and one hydrometric station in the z1, three climate and one hydrometric stations in the z2, and nine climate and one hydrometric station in the z3 of the basin.



As a norm with ANN and decomposition-based models, the whole data set is divided into training (weight adjustments) and testing (a different set of unseen data) to check the model applicability. In this study for zone one, out of a total of 50 years of data, the first 30 years (1960–1992, 60%) were used for model training and the remaining 20 years (1993–2012, 40%) for model testing. For zone two out of a total of 43 years of data, the first 26 years (1969–1995, 60%) were used for model training and the remaining 17 years (1996–2012, 40%) for model testing. Similarly, for zone three out of a total of 40 years of data, the first 24 years (1972–1996, 60%) were used for model training and the remaining 16 years (1997–2012, 40%) were used for model testing. Before going for a training phase, all datasets were normalized between 0 and 1 in order to equalize the relative significance of the inputs.



The following relationship was used to achieve the formula below.


  normalized   x = (   q − qmin   qmax − qmin   )  



(1)








4. Methodology


4.1. Artificial Neural Networks


4.1.1. Feed Forward Backpropagation


Up to now, artificial intelligence (AI) methods have been used and applied with a large number of achievements. One of the classic AI models is feed forward neural networks (FFNNs). Among other neural networks, the feed-forward neural network using error back propagation (BP) as a training algorithm has been recognized as the most famous AI model and is often applied in hydrological modeling. As a data-driven model, the three-layer BP neural networks have been proven that they do not require detail inherent information about the real system and can theoretically approximate any continuous nonlinear function producing high accuracy results under the condition of appropriate weight sets and a reasonable structure. Additionally, it has many superior features such as: self-learning, self-adaptability, highly robust, and fault tolerant [92]. Hence, BP is an acceptable and efficient approach for modeling complex input-output interactions in hydrological time series prediction.



The architecture of a general three-layer BP is shown in Figure 2. Since it can be seen from Figure 2, BP consists of one input layer, one output layer, and one hidden layer with numerous non-linear, random, and compact interconnected processing nodes called neurons. The establishment of the BP model includes two phases. The first is forward propagation in which the input vectors are propagated in the forward direction from the input to the output layer. The second is that the error propagated in the backward direction to update the weights for minimizing the global errors. These two phases repeat until the error between calculated output and the desired output is small enough.



A brief procedure of the traditional BP is displayed below. More detail information can be found in Reference [93].



Phase 1: Forward Propagation




	(1)

	
Calculate outputs for all hidden layer units using normalized input-output data pairs.


   y j  = f  (    ∑  i = 1    N I      w  j i    x i  +  b j     )   



(2)




where f is an activation function, which is usually a sigmoid function,    w  j i     indicates the connection weight from the i-th input node to the j-th hidden unit,    b j    represents the bias of the j-th neuron, and y is the calculated output.




	(2)

	
Calculate output values of the BP neural network.


   O ^  =  f k   (    ∑ j    w  k j    y j  +  b k     )   



(3)




where   O ^   represents the output value of the network,    w  k j     stands for the connection weight from the j-th hidden node to the k-th output node,    b k    is the bias of the neuron, and    f k    is the activation function of the output layer node.




	(3)

	
Compute the global error E of the output node.


  E =  1 2   ∑     (   O ^  − O  )   2     



(4)




where O represents the real output value.









Phase 2: Back propagation. In this stage, the weight adjustment formula is expressed below.


   {      Δ  w  k j   = − α   ∂ E   ∂  w  k j     ,     W ^   k j   =  w  k j   + Δ  w  k j         Δ  w  j i   = − α   ∂ E   ∂  w  j i     ,     W ^   j i   =  w  j i   + Δ  w  j i          



(5)




where   Δ w   represents the modification value of the weight and the constant   α ∈  (  0 , 1  )    is the learning rate of the network.



The traditional BP explores the most speed gradient descent correction method to adjust the weights and threshold, which leads to a low learning speed and local convergence. Hence, in this study, a famous improved learning algorithm known as Levenberg-Marquardt (LM) is adopted to accelerate the training and convergence. Due to this, the algorithm combines the advantages of the gradient descent method and the Quasi-Newton method to ensure the locally fast convergence speed and maintain better overall performance.




4.1.2. Radial Basis Function Neural Network


Radial basis function neural networks were developed in Reference [94]. They are a special type of neural network that takes a radial basis function as its activation function. Unlike the commonly used artificial neural networks, RBFNN networks have fast learning speed and do not suffer problems like local minima. Hence, RBFNN networks have attracted considerable attention and have been widely applied in many other fields [95,96,97,98]. RBFNN is a classic three-layer feed forward propagated neural network. Its activation functions in the hidden layer are a set of radial symmetrical kernel functions. A general architecture of a three-layered RBFNN is shown in Figure 3. Clearly, it is generally composed of three layers: an input layer, a single hidden layer with several nonlinear processing units, and an output layer. For a set of the input vector    X t  =  {   x  1 t   ,  x  2 t   , ⋯ ,  x  m t    }    ( t = 1 , ⋯ , N )  , the output of   m × h × 1   RBFNN is calculated in terms of Equation (5).


   y t  =   ∑  i = 1  h    ω i   ϕ i  ( X ,  c i    ) =   ∑  i = 1  h    ω i   ϕ i   (   ‖  X −  c i   ‖   )     



(6)




where m is the dimension of input vectors, h is the number of hidden nodes,    ω  t i     are the associate weights from the i-th node in the hidden layer to output layer,    ‖  ⋅  ‖    indicates the Euclidean norm,    c i    represents the RBF center vector in the input vector, and    ϕ i    denotes the nonlinear activation function, which usually adopts a normalized Gaussian function. A normalized Gaussian function is defined in the following expression.


   ϕ i  ( X ,  c i  ) = exp  (  −    ‖  X −  c i   ‖     r i 2     )   



(7)




where    r i    represents the radius of the i-th unit.



The development of RBFNN includes determining the number of nodes in the hidden layer. Next, three parameters including center    c i   , radius    r i   , and weight    ω  t i     need to be determined for each neuron in the hidden layer in order to obtain the desired output of RBFNN.





4.2. Discrete Wavelet Transform


The wavelet transform is a powerful mathematical tool for nonstationary time series analysis. It usually can be divided into two typical types: continuous wavelet transform (CWT) and discrete wavelet transform (DWT). The continuous wavelet for a time series   f ( t )   is obtained through translation and expansion of a mother wavelet   ψ ( t )  .


     W f  ( a , b ) =    ∫  − ∞   + ∞    f ( t )   ψ ¯   a , b   ( t )    d t     w i t h    ψ  a , b   ( t ) =   | a |   − 1 / 2   ψ (   t − b  a  )   a , b ∈ R , a ≠ 0    



(8)




where factor a and b, respectively, represent the temporal scale and time translation and    ψ ¯  ( t )   is the complex conjugate of the wavelet function   ψ ( t )  .    W f  ( a , b )   is a wavelet coefficient of the continuous wavelet. For the practical application in hydrology, the observed hydrological time series generally is non-linear, non-stationary discrete signals. Hence, the DWT, in which the wavelets are discretely sampled, is adopted and defined as the formula below.


     W f  ( i , j ) =    ∫  − ∞   + ∞    f ( t )   ψ ¯   i , j   ( t )    d t      ψ  i , j   ( t ) =  2  − i / 2     ∑  t = 0   N − 1    f ( t )    ψ ¯  (  2  − i   t − j )    



(9)




where    W f  ( i , j )   is a discrete wavelet coefficient with scale   a =  2 i    and location   b =  2 i  j  . N is an integer power of 2, i.e.,   N =  2 M   .



During the DWT process, the original time series is passed through high-pass and low-pass filters and then decomposed into an approximation component A1 and a detail component D1 after the A1 is further decomposed into another approximation component A2 and a detail component D2. This procedure is stopped until it reached a suitable decomposition level (L). At the end of this decomposing procedure, the original time series x(t) can be expressed by several details (D) and one approximation (A) component.


    x ( t )   =  A 1  +  D 1       =  A 2  +  D 2  +  D 1       ⋯      =  A L  +  D L  + ⋯ +  D 1     



(10)








4.3. Empirical Mode Decomposition and Ensemble Empirical Mode Decomposition


The empirical mode decomposition (EMD) is suitable for the analysis of nonlinear and non-stationary time series. It can decompose a given signal into several intrinsic mode functions (IMFs) and one residue. Every IMF must satisfy the following two conditions: the first one is that the number of extrema within the whole time series must equal to the number of zero crossings or differ at most by one. The other is that the average value of the upper and lower must be zero at any point. On the basis of the above conditions, a time series x(t) decomposing by the EMD method can be expressed as the equation below.


  x  ( t )  =   ∑  i = 1  m    h i  ( t )   + r  ( t )   



(11)




where    h i   ( t )    stands for the IMFs, m is the number of IMF, and   r  ( t )    represents the residual series.



During the EMD procedure, the extreme points of the time series are first determined and then cubic spline interpolation is applied to construct the upper and lower envelopes with all the local maximum and minimum values, respectively. It has been proven that the selection of extremes is sensitive to abnormal points in the original data and consequently affects the calculation of the envelopes. Hence, the derived envelopes may be the mixtures of envelopes from the real signal and abnormal points. In this way, the mode mixing phenomenon occurs.



In order to eliminate the mode mixing problem, ensemble empirical mode decomposition (EEMD) has been developed [99]. The essence of EEMD method is adding white noise, which falls uniformly in the entire time-frequency space to assist the EMD method and facilitate a natural separation of the frequency scales as well as reduce the occurrence of mode mixing. The entire procedure of the EEMD approach can be briefly described as:




	(1)

	
Initialize ensemble number En and the amplitude of the additional white noise.




	(2)

	
Add a white noise series   n  ( t )    to the original time series   x  ( t )    and then a new time series    x ′   ( t )    can be obtained.




	(3)

	
Decompose the new time series into several IMFs using a traditional EMD method.


   x j ′   ( t )  =   ∑  i = 1  m    h  i , j   ( t )   +  r j   ( t )   



(12)




where    h  i , j   ( t )   and    r j   ( t )   , respectively, stand for the j-th IMF and residual series during the i-th experiment.




	(4)

	
Repeat steps (2) and (3) En times and add different white noise series at each time (In this work, En = 20 times).




	(5)

	
Calculate the ensemble average values of all IMF components and residue components as the final result.


   h i  ( t ) =  1  E n     ∑  j = 1   E n     h  i , j   ( t )    



(13)














4.4. Decomposition of Original Data


4.4.1. Application of DWT


DWT is applied to decompose the original streamflow, precipitation, and temperature data for each zone 1, 2, and 3 and decomposed sub-series for each zone 1, 2, and 3 are shown in Figure 4, Figure 5 and Figure 6, respectively. The decomposition process is suggested by [100,101] and is used to obtain the subseries of two decomposition levels, which is recommended. Selecting an appropriate mother wavelet is critical to obtain a better wavelet hybrid model. For hydrological series, it is very difficult to obtain the best mother wavelet due to its non-linearity characteristic [102]. Hence, the Daubechies wavelet with three vanishing moments (db3), which is an irregular mother wavelet, has a very high number of vanishing moments for a given support width. Two decomposition levels series of approximations (A) and details (D) through the high-pass and low-pass filter coefficients of the chosen db3 are displayed in Figure 4, Figure 5 and Figure 6, respectively. Each subseries may represent a special level of the temporal characteristics of the original time series. It can be seen from Figure 4, Figure 5 and Figure 6 that the high-frequency decomposed component D1 is the most non-linear and disordered.




4.4.2. Applying EEMD


The EEMD technique is applied to decompose all three zones of original streamflow, precipitation, and temperature into several independent IMFs and one residue, respectively. The IMF1, IMF2 IMF3, and IMF4 components are shown in Figure 7, Figure 8 and Figure 9. The original time series is decomposed into four independent IMF components in the order from the highest frequency to the lowest frequency and one residue component, respectively. The IMFs represent changing frequencies, amplitudes, and wavelengths, which can be seen in Figure 7, Figure 8 and Figure 9 and IMF4 is the minimum amplitude, lowest frequency, and the longest wavelength. The other IMF components increase in the amplitude and frequency and decrease in the wavelength. The last residue is a mode slowly changing the long-term average. The residue component indicates the overall trend of streamflow, precipitation, and temperature time series. Therefore, the EEMD decomposition characterizes a physically meaningful decomposition. Although the decomposition is made for each instant in the spatial dimension and is totally independent of the other instants, it is physically consistent with the decompositions at neighboring instants [103]. Therefore, the decomposition can be helpful to transform non-linear and non-stationary time series to stationary time series and can be useful to improve prediction performance [104].





4.5. The Establishment of the Hybrid Artificial Neural Network


In this study, two decomposing methods (DWT and EEMD) and two types of neural networks (BP and RBF) are combined into four different hybrid models: DWT-BP, DWT-RBF, EEMD-BP, and EEMD-RBF. The establishment of DWT and EEMD based ANN models is as follows. The first appropriate input vector for hybrid models should be determined according to the auto-correlation function (ACF) and the cross-correlation function (PACF). On the basis of the autocorrelation function and the cross-correlation function of streamflow, temperature, and precipitation, the oriented results for each zone 1, 2, and 3 are shown in Figure 10, Figure 11 and Figure 12, respectively. Then each input factor is decomposed by DWT into L+1 subseries after the determination of a suitable decomposition level L and an appropriate mother wavelet. Afterward, all these subseries are taking as input for ANN to predict a monthly stream flow.



Generally, the accuracy of DWT-based models is sensitive to the given mother wavelet. However, there is no specific method to determine a suitable mother wavelet. In the present study, an irregular mother wavelet, the Daubechies wavelet with three vanishing moments (db3), is used. The decomposition level L is calculated by the below equation.


  L = int [ log N ]  



(13)




where N is the total number of samples.



The EEMD-based ANN models are developed in combination with EEMD instead of DWT. After selecting a suitable set of input, an appropriate ensemble number En and white noise amplitude need to be determined. The subsequent steps are similar to the DWT-based ANN models. A flowchart of these four hybrid neural network models is presented in Figure 13.





5. Results and Discussions


This section may be divided by subheadings. It should provide a concise and precise description of the experimental results, their interpretation, and the experimental conclusions that can be drawn.



5.1. Model Development


In this research, at UIB, applied models such as FFBP, RBFNN, DWT-FFBP, DWT-RBFNN, EEMD-FFBP, and EEMD-RBFNN debated in Section 4 are assessed for predicting 1-month-ahead stream- flow. Using different input combinations, twelve models FFBP-Q, FFBP-QTP, RBFNN-Q, RBFNN-QTP, DWT-FFBP-Q, DWT-FFPB-QTP, DWT-RBFNN-Q, DWT-RBFNN-QTP, EEMD-FFBP-Q, EEMD-FFBP-QTP, EEMD-RBFNN-Q, and EEMD-RBFNN-QTP are developed in this research study. All developed models and their corresponding inputs for zone 1, 2, and 3 are given in Table 3, Table 4 and Table 5, respectively.




5.2. Model Performance Evaluation


To qualitatively evaluate the forecast ability of all models, five main criteria are applied. These indices are correlation coefficient (R), root mean square errors (RMSE), Nash-Sutcliffe Efficiency (NSE), mean absolute percentage error (MAPE), and mean absolute errors (MAE). They are defined by using the equations below.


  R =     ∑  i = 1  N   (  Q  c o m , i   −   Q ¯   c o m , i   ) (  Q  o b s , i   −   Q ¯   o b s , i   )         ∑  i = 1  N     (  Q  c o m , i   −   Q ¯   c o m , i   )  2          ∑  i = 1  N     (  Q  o b s , i   −   Q ¯   o b s , i   )  2         



(14)






  RMSE =    1 n    ∑  i = 1  n     (  Q  o b s , i   −  Q  c o m , i   )  2       



(15)






  NSE = 1 − [   ∑  i = 1  n     (  Q  o b s , i   −  Q  c o m , i   )  2    ] /   ∑  i = 1  n     (  Q  o b s , i   −   Q ¯   o b s , i   )  2    ]  



(16)






  MAPE =  1 N    ∑  i = 1  N    |     Q  o b s , i   −  Q  c o m , i      Q  o b s , i      |     



(17)






  MAE =  1 N    ∑  i = 1  N    |   Q  o b s , i   −  Q  c o m , i    |     



(18)




where    Q  o b s , i     and    Q  c o m , i     represent the observed and computed streamflow,     Q ¯   o b s , i     is the average of the observed streamflow, and N is the total number of samples.




5.3. Results Analysis


The aim of this research was to find an appropriate model to predict discharge at UIB. This study will help find the flood magnitudes of different seasons at the proposed hydropower (Pattan Hydropower, Thakot Hydropower, Dasu Hydropower, Diamer-Basha Hydropower, Bunji Hydropower) of the upper Indus basin. The basin is divided into three distinct sub-zones such as zone one (z1), zone two (z2), and zone three (z3). The forecast stations for each zone were Bunji, Besham Qila, and Massan respectively. To predict the discharge at z1 monthly rainfall data and temperature data of 5 meteorological stations and monthly runoff data of 50 years (1960 to 2012) were collected from Bunji for z2 monthly rainfall data and temperature data of 3 meteorological stations and monthly runoff data of 43 years (1969–2012) were collected from Besham Qila hydrometric station and for z3 monthly rainfall data and temperature data of 9 meteorological stations and monthly runoff data of 40 years (1972–2012) were collected from Besham Qila hydrometric station and for z3. To reduce the model input data requirements and simplification, the average rainfall and temperature data of all the 5, 3, and 9 meteorological stations were used for each zone, respectively, as debated in Section 3. Two types of neural networks (BP and RBF) are coupled with two types of decomposition methods to form four different hybrid models: DWT-BP, DWT-RBF, EEMD-BP, and EEMD-RBF. By using the monthly average streamflow (Q), monthly average temperature (T), and monthly average precipitation (P) as inputs with four basic hybrid models give 12 new hybrid models: FFBP-Q, FFBP-QTP, RBFNN-Q, RBFNN-QTP, DWT-FFBP-Q, DWT-FFPB-QTP, DWT-RBFNN-Q, DWT-RBFNN-QTP, EEMD-FFBP-Q, EEMD-FFBP-QTP, EEMD-RBFNN-Q, and EEMD-RBFNN-QTP, which were applied at forecast stations Bunji, Besham Qila, and Massan, respectively. Results for this research can be described in three steps for each zone (z1, z2, and z3) simultaneously on the basis of applied performance indices which can be seen in Table 6, Table 7, Table 8, Table 9, Table 10 and Table 11 and flow the hydrograph between original and simulated time series including 1: on the basis of inputs, 2: comparison between AI based models, 3: comparison between Hybrid Models, 4: Inter-comparison of each applied models Table 6, Table 8 and Table 10 reports the performance of ANN-based models (BP and RBF) and hybrid models DWT-BP, DWT-RBF, EEMD-BP, and EEMD-RBF in each zone (z1, z2, and z3) for the calibration period while Table 7, Table 9 and Table 11 are reporting performances for the validation period, respectively. The correlation coefficient (R), root mean square errors (RMSE), Nash-Sutcliffe Efficiency (NSE), mean absolute percentage error (MAPE), and mean absolute errors (MAE) statistical criteria were selected to assess the predictive capability of all applied models. Performance evaluation criteria indicates that FFBP-QTP, RBFNN-QTP, DWT-FFPB-QTP, DWT-RBFNN-QTP, EEMD-FFBP-QTP, and EEMD-RBFNN-QTP models, which includes (Q, T, and P) as input, was the best as compared to FFBP-Q, RBFNN-Q, DWT-FFBP-Q, DWT-RBFNN-Q, EEMD-FFBP-Q, EEMD-RBFNN-Q in which only (Q) is used for each zone (z1, z2, and z3) shown in Table 6, Table 7, Table 8, Table 9, Table 10 and Table 11, respectively. Similar results are indicated in flow hydrographs that models which possess (Q, T, and P) simulate the observed time series much better as compared to only (Q) input models. It confirms that the use of precipitation and temperature can increase modeling accuracy for each zone (z1, z2, and z3) [105], as shown in Figure 14, Figure 15 and Figure 16, respectively.



On an individual basis, applied neural networks (FFBP-NN, RBF-NN) led to significant results. The performance evaluation criteria indicate that the RBF neural network holds superiority on the FFBP neural network. All applied statistical indices (R), (RMSE), (NSE), (MAPE), and (MAE) shows better results for RBF neural networks for each zone (z1, z2, and z3) shown in Table 7, Table 9 and Table 11, respectively. The validation hydrograph for simulated (FFBP-NN, RBF-NN) versus observed time series shows RBF neural network was the best at picking the range of values for each zone (z1, z2, and z3), as shown in Figure 14, Figure 15 and Figure 16, respectively. However, back-propagation has potential aptitudes. It occurs from some problems that can lead to complications during calibration periods such as long, ambiguous training process, network paralysis, and local minima, which is shown in Table 6, Table 8 and Table 10, respectively, for each zone (z1, z2, and z3) that (FFBP-NN) has shown recessive outcomes as compared to (RBF-NN).



The original time series data were decomposed by DWT and EEMD methods to established four hybrid models: DWT-BP, DWT-RBF, EEMD-BP, and EEMD-RBF, which were applied in each zone (z1, z2, and z3). DWT and EEMD have significantly improved the results of individual AI-based models but, among DWT and EEMD methods, the models that are coupled with DWT such as DWT-FFBP and DWT-RBFNN were shown less significant models as compared to those which were coupled by EEMD such as EEMD-FFBP and EEMD-RBFNN. Results showed that, on an individual basis, the RBF neural network is performing better as compared to the FFBP neural network similarly to the hybrid model EEMD-RBFNN, which is performing better than DWT-FFBP, DWT-RBFNN, and EEMD-FFBP. Both performance indices and flow hydrographs are verifying that EEMD-based hybrid models are more powerful models to simulate the original time series of each zone (z1, z2, and z3), which is shown in Table 6, Table 7, Table 8, Table 9, Table 10 and Table 11 and Figure 14, Figure 15 and Figure 16, respectively.



To disclose the outcome of different decomposing methods on model precision, a complete analysis needs to be made based on Table 7, Table 9 and Table 11. Relate FFBP-QTP, RBFNN-QTP, DWT- DWT-FFPB-QTP, DWT-RBFNN-QTP, EEMD-FFBP-QTP, and EEMD-RBFNN-QTP in each zone (z1, z2, and z3). All of these are optimum models. Therefore, models coupled with decomposition techniques (DWT and EEMD) contribute with high precision than the single AI-based model. EEMD-RBF-QTP increases the accuracy of prediction further than DWT-FFPB-QTP, DWT-RBFNN-QTP, and EEMD-FFBP-QTP in validation periods. For that reason, application of decomposition techniques gives an improvement in non-linear time series forecasting. The decomposing technique EEMD is more suitable than DWT for monthly streamflow modeling for each zone (z1, z2, and z3) of UIB, as shown in Table 6, Table 7, Table 8, Table 9, Table 10 and Table 11 and Figure 14, Figure 15 and Figure 16, respectively.




5.4. Peak Value Analysis


To confirm the previous results stated in Section 5.3, all models: FFBP-Q, FFBP-QTP, RBFNN-Q, RBFNN-QTP, DWT-FFBP-Q, DWT-FFPB-QTP, DWT-RBFNN-Q, DWT-RBFNN-QTP, EEMD-FFBP-Q, EEMD-FFBP-QTP, EEMD-RBFNN-Q, and EEMD-RBFNN-QTP were applied to test the precision rate during the flood season (May–October). This is considered to be the flood season in UIB because, during this period, the temperature gets high and the melting glacier effects the discharge with a greater ability. In this study, 20% is considered as a reasonable and acceptable relative error and results of FFBP-Q, FFBP-QTP, RBFNN-Q, RBFNN-QTP, DWT-FFBP-Q, DWT-FFPB-QTP, DWT-RBFNN-Q, DWT-RBFNN-QTP, EEMD-FFBP-Q, EEMD-FFBP-QTP, EEMD-RBFNN-Q, and EEMD-RBFNN-QTP in the validation period are shown in Figure 17, Figure 18 and Figure 19 for each zone (z1, z2, and z3). DWT-FFPB-QTP, DWT-RBFNN-QTP, EEMD-FFBP-QTP, and EEMD-RBFNN-QTP approximate the observed streamflow better than single ANN models and hybrid models with only (Q) components. Percentage of standard forecasts (SF), which is known as an eligible rate (ER), is shown in Table 12, Table 13 and Table 14 for each zone (z1, z2, and z3), respectively. The results indicate that EEMD-RBFNN-QTP increases the eligible rate (ER) from 67% of DWT-RBFNN-QTP to 82% at zone one (z1). The zone increases from 85% to 91% and similarly for zone three (z3). EEMD-RBFNN-QTP dominates with 89% eligible rate (ER) to 76% of DWT-RBFNN-QTP. Therefore, EEMD-RBFNN-QTP attains the highest predicting capacity for the peak value streamflow.





6. Conclusions


Enhancing the precision rate of hydrological forecasting is very important for UIB and an exact flood prediction along with the right lead time can provide future precautions of the forthcoming flood event. Complete safety is impossible, but, by timely and accurate predictions of flood crests, flood magnitude, and flood duration, huge amounts of money and countless lives can be saved. Bunji, Besham Qila, and Massan stations are the forecast station for this study located at the UIB. These indices are the correlation coefficient (R), root mean square errors (RMSE), Nash-Sutcliffe Efficiency (NSE), mean absolute percentage error (MAPE), and mean absolute errors (MAE), which are used as performance evaluation criteria. The results were also presented as flow hydrographs between observed and simulated time series for each zone (z1, z2, and z3).



The conclusion of this research is as follows:




	
The results are improved by adding the temperature and precipitation to the model as input. All models that include (QTP) as input has performed with great accuracy. FFBP-QTP, RBFNN-QTP, DWT-FFPB-QTP, DWT-RBFNN-QTP, EEMD-FFBP-QTP, and EEMD-RBFNN-QTP are the best performing models based on inputs.



	
Applied neural networks such as (FFBPNN and RBFNN), RBFNN has shown better results as compared to FFBBNN. Therefore, on an individual basis, RBFNN-QTP is considered to be a better model.



	
Among applied decomposition methods (DWT and EEMD), EEMD has performed well in all cases. Both DWT and EEMD have significantly improved the results of individual-based neural network models.



	
In comparison, it is revealed that, among FFBP-Q, FFBP-QTP, RBFNN-Q, RBFNN-QTP, DWT-FFBP-Q, DWT-FFPB-QTP, DWT-RBFNN-Q, DWT-RBFNN-QTP, EEMD-FFBP-Q, EEMD-FFBP-QTP, EEMD-RBFNN-Q, and EEMD-RBFNN-QTP EEMD-RBFNN-QTP gives the greatest accuracy.



	
The EEMD method has the precision of monthly streamflow prediction. Meanwhile, it can be seen that EEMD-FFBP-QTP overtakes EEMD-RBF-QTP in terms of the performance indices and flow hydrograph.



	
For peak value estimation during the flood season, EEMD-RBFNN-QTP increases the eligible rate (ER) from 67% of DWT-RBFNN-QTP to 82% at zone one (z1). For the zone two (z2) it increases from 85% to 91% and similarly for zone three (z3), EEMD-RBFNN-QTP dominates with an 89% eligible rate (ER) to 76% of DWT-RBFNN-QTP.



	
Therefore, the optimum model for this research is EEMD-RBFNN-QTP and it attains the highest predicting capacity in all cases and all zones of UIB.



	
Limitations and future directions: The quality and the quantity of data available are the success factors of an ANN application and this requirement cannot be easily met. Even though long historic records are accessible, we are not sure that circumstances stayed consistent over this period. Another major limitation of ANNs is the lack of physical concepts and relations. This makes the resulting ANN structure more complicated. Future investigations can be done on a large-deep foundation pit of a hydraulic structure rehabilitation program across the River Indus in the Punjab province of Pakistan. Construction and rehabilitation programs of hydraulic river structures invariably involve structural activities in the riverbed and efficient dewatering of construction sites always plays a crucial role for undisturbed structural works.
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Figure 1. Upper Indus basin. 
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Figure 2. The general structure of BP. 
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Figure 3. The general structure of RBF. 
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Figure 4. Zone One: streamflow, precipitation, and temperature data are decomposed by DWT. 
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Figure 5. Zone Two: streamflow, precipitation, and temperature data are decomposed by DWT. 
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Figure 6. Zone Three: streamflow, precipitation, and temperature data are decomposed by DWT. 
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Figure 7. Zone One: streamflow, precipitation, and temperature data are decomposed by EEMD. 
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Figure 8. Zone Two: streamflow, precipitation, and temperature data are decomposed by EEMD. 
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Figure 9. Zone Three: streamflow, precipitation, and temperature data are decomposed by EEMD. 
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Figure 10. Zone One (a) Auto-correlation coefficients for stream-flow. (b) Cross-correlation coefficient for stream-flow and temperature. (c) Cross-correlation coefficient for stream-flow and rainfall. 
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Figure 11. Zone Two (a) Auto-correlation coefficients for stream-flow. (b) Cross-correlation coefficient for stream-flow and temperature. (c) Cross-correlation coefficient for stream-flow and rainfall. 
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Figure 12. Zone Three (a) Auto-correlation coefficients for stream-flow. (b) Cross-correlation coefficient for stream-flow and temperature. (c) Cross-correlation coefficient for stream-flow and rainfall. 
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Figure 13. The flowchart of the hybrid models. 
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Figure 14. Comparison of the originally observed streamflow and the simulated runoff hydrograph Zone One (a) OBS VS ANN (Q & QTP) Inputs, (b) OBS VS ANN-DWT (Q & QTP) Inputs, and (c) OBS VS ANN-EEMD (Q & QTP) Inputs. 
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Figure 15. Comparison of the originally observed streamflow and the simulated runoff hydrograph Zone Two (a) OBS VS ANN (Q & QTP) Inputs, (b) OBS VS ANN-DWT (Q & QTP) Inputs, and (c) OBS VS ANN-EEMD (Q & QTP) Inputs. 
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Figure 16. Comparison of the originally observed streamflow and the simulated runoff hydrograph Zone Three (a) OBS VS ANN (Q & QTP) Inputs, (b) OBS VS ANN-DWT (Q & QTP) Inputs, and (c) OBS VS ANN-EEMD (Q & QTP) Inputs. 
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Figure 17. Monthly streamflow estimations for peak values in the flood season Zone One (a) OBS VS ANN (Q & QTP) Inputs, (b) OBS VS ANN-DWT (Q & QTP) Inputs, and (c) OBS VS ANN-EEMD (Q & QTP) Inputs. 
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Figure 18. Monthly streamflow estimations for peak values in the flood season Zone Two (a) OBS VS ANN (Q & QTP) Inputs, (b) OBS VS ANN-DWT (Q & QTP) Inputs, and (c) OBS VS ANN-EEMD (Q & QTP) Inputs. 
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Figure 19. Monthly streamflow estimations for peak values during the flood season Zone Three (a) OBS VS ANN (Q & QTP) Inputs, (b) OBS VS ANN-DWT (Q & QTP) Inputs and, (c) OBS VS ANN-EEMD (Q & QTP) Inputs. 
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[image: Atmosphere 09 00494 g019]







[image: Table] 





Table 1. Hydrometric stations in UIB.
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	Zone
	Hyd. St
	Lat (dd)
	Lon (dd)
	River
	Basin
	Area
	Period
	Years
	AMS(cumec)





	Z1
	Bunji
	35.7
	74.6
	Indus
	Indus
	142709
	1962–2012
	50
	1792



	Z2
	Besham Qila
	34.9
	72.9
	Indus
	Indus
	162393
	1969–2012
	44
	2401



	Z3
	Massan
	33
	71.7
	Indus
	Indus
	286000
	1972–2012
	41
	3703
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Table 2. Climate stations in UIB.
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	Clim.st
	Latitude
	Longitude
	Elevation (m)
	Zone





	Sakardu
	35.2
	75.7
	2210
	Z1



	Gupis
	36.2
	73.4
	2156
	Z1



	Khunjerab
	36.9
	75.4
	5182
	Z1



	Ziarat
	36.1
	73.2
	2100
	Z1



	Bunji
	35.7
	74.6
	1372
	Z1



	Gilgit
	35.9
	74.3
	1460
	Z2



	Chilas
	35.4
	74.1
	1251
	Z2



	Astore
	35.4
	74.9
	2168
	Z2



	Chitral
	35.9
	71.8
	1500
	Z3



	Drosh
	35.6
	71.8
	1465
	Z3



	Dir
	35.2
	71.9
	1370
	Z3



	Saidusharif
	34.7
	72.4
	962
	Z3



	Peshawar
	34
	71.6
	360
	Z3



	Risalpur
	34
	72
	305
	Z3



	Kohat
	34
	72.5
	466
	Z3



	Cherat
	33.8
	71.9
	1302
	Z3



	Kakul
	34.2
	73.3
	1309
	Z3
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Table 3. Models and their corresponding inputs for zone one.
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	Model
	Inputs





	BP-Q
	Qt-1, Qt-11, Qt-12



	BP-QTP
	Qt-1, Qt-11, Qt-12, Tt-1, Tt-2, Tt-10, Tt-11, Tt-12, Pt-3, Pt-4, Pt-5



	RBF-Q
	Qt-1, Qt-11, Qt-12



	RBF-QTP
	Qt-1, Qt-11, Qt-12, Tt-1, Tt-2, Tt-10, Tt-11, Tt-12, Pt-3, Pt-4, Pt-5



	D-BP-Q
	Qt-1(D1-D2, A2), Qt-11(D1-D2, A2), Qt-12(D1-D2, A2)



	D-BP-QTP
	Qt-1(D1-D2, A2), Qt-11(D1-D2, A2), Qt-12(D1-D2, A2), Tt-1(D1-D2, A2), Tt-2(D1-D2, A2), Tt-10(D1-D2, A2), Tt-11(D1-D2, A2), Tt-12(D1-D2, A2)

Pt-3(D1-D2, A2), Pt-4(D1-D2, A2), Pt-5(D1-D2, A2)



	D-RBF-Q

D-RBF-QTP
	Qt-1(D1-D2, A2), Qt-11(D1-D2, A2), Qt-12(D1-D2, A2)

Qt-1(D1-D2, A2), Qt-11(D1-D2, A2), Qt-12(D1-D2, A2),

Tt-1(D1-D2, A2), Tt-2(D1-D2, A2), Tt-10(D1-D2, A2), Tt-11(D1-D2, A2), Tt-12(D1-D2, A2), Pt-3(D1-D2, A2), Pt-4(D1-D2, A2), Pt-5(D1-D2, A2)



	EM-BP-Q

EM-BP-QTP

EM-RBF-Q

EM-BP-QTP
	Qt-1(IMF1–IMF5, r), Qt-11(IMF1–IMF5, r), Qt-12(IMF1–IMF5, r)

Qt-1(IMF1–IMF5, r), Qt-11(IMF1–IMF5, r), Qt-12(IMF1–IMF5, r),

Tt-1(IMF1–IMF5, r), Tt-2(IMF1–IMF5, r), Tt-10(IMF1–IMF5, r), Tt-11(IMF1–IMF5, r), Tt-12(IMF1–IMF5, r), Pt-3(IMF1–IMF5, r), Pt-4(IMF1–IMF5, r),

Pt-5(IMF1–IMF5, r)

Qt-1(IMF1–IMF5, r), Qt-11(IMF1–IMF5, r), Qt-12(IMF1–IMF5, r)

Qt-1(IMF1–IMF5, r), Qt-11(IMF1–IMF5, r), Qt-12(IMF1–IMF5, r),

Tt-1(IMF1–IMF5, r), Tt-2(IMF1–IMF5, r), Tt-10(IMF1–IMF5, r), Tt-11(IMF1–IMF5, r), Tt-12(IMF1–IMF5, r), Pt-3(IMF1–IMF5, r), Pt-4(IMF1–IMF5, r),

Pt-5(IMF1–IMF5, r)
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Table 4. Models and their corresponding inputs for zone two.
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	Model
	Inputs





	BP-Q
	Qt-1, Qt-11, Qt-12



	BP-QTP
	Qt-1, Qt-11, Qt-12, Tt-1, Tt-11, Tt-12, Pt-3



	RBF-Q
	Qt-1, Qt-11, Qt-12



	RBF-QTP
	Qt-1, Qt-11, Qt-12, Tt-1, Tt-11, Tt-12, Pt-3



	D-BP-Q
	Qt-1(D1-D2, A2), Qt-11(D1-D2, A2), Qt-12(D1-D2, A2)



	D-BP-QTP
	Qt-1(D1-D2, A2), Qt-11(D1-D2, A2), Qt-12(D1-D2, A2), Tt-1(D1-D2, A2), Tt-11(D1-D2, A2), Tt-12(D1-D2, A2)Pt-3(D1-D2, A2)



	D-RBF-Q

D-RBF-QTP
	Qt-1(D1-D2, A2), Qt-11(D1-D2, A2), Qt-12(D1-D2, A2)

Qt-1(D1-D2, A2), Qt-11(D1-D2, A2), Qt-12(D1-D2, A2),

Tt-1(D1-D2, A2), Tt-11(D1-D2, A2), Tt-12(D1-D2, A2), Pt-3(D1-D2, A2)



	EM-BP-Q

EM-BP-QTP

EM-RBF-Q

EM-RBF-QTP
	Qt-1(IMF1–IMF5, r), Qt-11(IMF1–IMF5, r), Qt-12(IMF1–IMF5, r)

Qt-1(IMF1–IMF5, r), Qt-11(IMF1–IMF5, r), Qt-12(IMF1–IMF5, r),

Tt-1(IMF1–IMF5, r), Tt-11(IMF1–IMF5, r), Tt-12(IMF1–IMF5, r), Pt-3(IMF1–IMF5, r)

Qt-1(IMF1–IMF5, r), Qt-11(IMF1–IMF5, r), Qt-12(IMF1–IMF5, r)

Qt-1(IMF1–IMF5, r), Qt-11(IMF1–IMF5, r), Qt-12(IMF1–IMF5, r),

Tt-1(IMF1–IMF5, r), Tt-11(IMF1–IMF5, r), Tt-12(IMF1–IMF5, r), Pt-3(IMF1–IMF5, r)
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Table 5. Models and their corresponding inputs for zone three.
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	Model
	Inputs





	BP-Q
	Qt-1, Qt-11, Qt-12



	BP-QTP
	Qt-1, Qt-11, Qt-12, Tt-1, Tt-11, Tt-12, Pt-4, Pt-5, Pt-6



	RBF-Q
	Qt-1, Qt-11, Qt-12



	RBF-QTP
	Qt-1, Qt-11, Qt-12, Tt-1, Tt-11, Tt-12, Pt-4, Pt-5, Pt-6



	D-BP-Q
	Qt-1(D1-D2, A2), Qt-11(D1-D2, A2), Qt-12(D1-D2, A2)



	D-BP-QTP
	Qt-1(D1-D2, A2), Qt-11(D1-D2, A2), Qt-12(D1-D2, A2), Tt-1(D1-D2, A2), Tt-11(D1-D2, A2), Tt-12(D1-D2, A2), Pt-4(D1-D2, A2), Pt-5(D1-D2, A2), Pt-6 (D1-D2, A2)



	D-RBF-Q

D-RBF-QTP
	Qt-1(D1-D2, A2), Qt-11(D1-D2, A2), Qt-12(D1-D2, A2)

Qt-1(D1-D2, A2), Qt-11(D1-D2, A2), Qt-12(D1-D2, A2),

Tt-1(D1-D2, A2), Tt-11(D1-D2, A2), Tt-12(D1-D2, A2), Pt-4(D1-D2, A2), Pt-5(D1-D2, A2), Pt-6 (D1-D2, A2)



	EM-BP-Q

EM-BP-QTP

EM-RBF-Q

EM-RBF-QTP
	Qt-1(IMF1–IMF5, r), Qt-11(IMF1–IMF5, r), Qt-12(IMF1–IMF5, r)

Qt-1(IMF1–IMF5, r), Qt-11(IMF1–IMF5, r), Qt-12(IMF1–IMF5, r),

Tt-1(IMF1–IMF5, r), Tt-11(IMF1–IMF5, r), Tt-12(IMF1–IMF5, r), Pt-4 (IMF1–IMF5, r), Pt-5 (IMF1–IMF5, r), Pt-6 (IMF1–IMF5, r)

Qt-1(IMF1–IMF5, r), Qt-11(IMF1–IMF5, r), Qt-12(IMF1–IMF5, r)

Qt-1(IMF1–IMF5, r), Qt-11(IMF1–IMF5, r), Qt-12(IMF1–IMF5, r),

Tt-1(IMF1–IMF5, r), Tt-11(IMF1–IMF5, r), Tt-12(IMF1–IMF5, r), Pt-4 (IMF1–IMF5, r), Pt-5 (IMF1–IMF5, r), Pt-6 (IMF1–IMF5, r)
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Table 6. Performance evaluation of the applied models for Zone One during the calibration period.






Table 6. Performance evaluation of the applied models for Zone One during the calibration period.





	Model
	R
	RMSE
	Nash-EFF
	MAPE
	MAE





	BP-Q
	   0.71   
	   3112   
	   0.65   
	   35   
	2274



	BP-QTP
	   0.74   
	   2998   
	   0.67   
	   32   
	2047



	RBF-Q
	   0.75   
	   2897   
	   0.66   
	   29   
	1956



	RBF-QTP
	   0.80   
	   2555   
	   0.69   
	   26   
	1861



	DWT-BP-Q
	   0.84   
	   2222   
	   0.74   
	   23   
	1685



	DWT-BP-QTP
	0.85
	   2023   
	   0.76   
	   22   
	1611



	DWT-RBF-Q
	   0.83   
	   1897   
	   0.75   
	   20   
	1522



	DWT-RBF-QTP
	   0.89   
	   1874   
	   0.80   
	   18   
	1463



	EEMD-BP-Q
	   0.89   
	   1824   
	   0.81   
	   14   
	1421



	EEMD-BP-QTP
	   0.93   
	   1675   
	   0.84   
	10
	1193



	EEMD-RBF-Q
	0.94
	   1412   
	   0.86   
	  8  
	1037



	EEMD-RBF-QTP
	   0.96   
	   1075   
	   0.89   
	  5  
	921
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Table 7. Performance evaluation of the applied models for zone one during the validation period.






Table 7. Performance evaluation of the applied models for zone one during the validation period.





	Model
	R
	RMSE
	Nash-EFF
	MAPE
	MAE





	BP-Q
	   0.70   
	   3311   
	   0.59   
	   37   
	2416



	BP-QTP
	   0.72   
	   3021   
	   0.62   
	   33   
	2103



	RBF-Q
	   0.74   
	   2987   
	   0.64   
	   31   
	2063



	RBF-QTP
	   0.78   
	   2654   
	   0.67   
	   28   
	1901



	DWT-BP-Q
	   0.81   
	   2314   
	   0.70   
	   26   
	1832



	DWT-BP-QTP
	0.83
	   2269   
	   0.73   
	   23   
	1721



	DWT-RBF-Q
	   0.82   
	   2299   
	   0.71   
	   21   
	1768



	DWT-RBF-QTP
	   0.86   
	   2104   
	   0.76   
	   19   
	1611



	EEMD-BP-Q
	   0.88   
	   1957   
	   0.78   
	   16   
	1433



	EEMD-BP-QTP
	   0.91   
	   1875   
	   0.81   
	   12   
	1265



	EEMD-RBF-Q
	   0.92   
	   1522   
	   0.83   
	   10   
	1124



	EEMD-RBF-QTP
	   0.94   
	   1234   
	   0.85   
	  7  
	1074
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Table 8. Performance evaluation of the applied models for zone two during the calibration period.






Table 8. Performance evaluation of the applied models for zone two during the calibration period.





	Model
	R
	RMSE
	Nash-EFF
	MAPE
	MAE





	BP-Q
	0.75
	   3083   
	   0.63   
	32
	2189



	BP-QTP
	0.79
	   2722   
	   0.67   
	25
	1921



	RBF-Q
	0.81
	   2621   
	   0.65   
	23
	1785



	RBF-QTP
	0.84
	   2351   
	   0.69   
	21
	1642



	DWT-BP-Q
	0.82
	   2522   
	   0.71   
	18
	1539



	DWT-BP-QTP
	0.86
	   2419   
	   0.72   
	18
	1511



	DWT-RBF-Q
	0.85
	   2222   
	   0.73   
	16
	1488



	DWT-RBF-QTP
	0.90
	   1985   
	   0.75   
	13
	1269



	EEMD-BP-Q
	0.86
	   1752   
	   0.79   
	12
	1032



	EEMD-BP-QTP
	0.91
	   1627   
	   0.81   
	9
	999



	EEMD-RBF-Q
	0.92
	   1531   
	   0.84   
	8
	878



	EEMD-RBF-QTP
	0.96
	   1199   
	   0.86   
	6
	783
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Table 9. Performance evaluation of the applied models for zone two during the validation period.






Table 9. Performance evaluation of the applied models for zone two during the validation period.





	Model
	R
	RMSE
	Nash-EFF
	MAPE
	MAE





	BP-Q
	0.72
	   3102   
	   0.63   
	34
	2298



	BP-QTP
	0.76
	   2867   
	   0.67   
	29
	1963



	RBF-Q
	0.75
	   2899   
	   0.65   
	25
	2122



	RBF-QTP
	0.80
	   2517   
	   0.69   
	24
	1752



	DWT-BP-Q
	0.76
	   2714   
	   0.71   
	21
	1740



	DWT-BP-QTP
	0.82
	   2419   
	   0.72   
	19
	1599



	DWT-RBF-Q
	0.82
	   2341   
	   0.73   
	17
	1523



	DWT-RBF-QTP
	0.89
	   2104   
	   0.75   
	16
	1478



	EEMD-BP-Q
	0.85
	   2001   
	   0.79   
	14
	1325



	EEMD-BP-QTP
	0.90
	   1921   
	   0.81   
	11
	1201



	EEMD-RBF-Q
	0.91
	   1723   
	   0.84   
	9
	1036



	EEMD-RBF-QTP
	0.94
	   1465   
	   0.86   
	8
	1011
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Table 10. Performance evaluation of the applied models for zone three during the calibration period.
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	Model
	R
	RMSE
	Nash-EFF
	MAPE
	MAE





	BP-Q
	0.69
	   2712   
	   0.67   
	31
	2236



	BP-QTP
	0.73
	   2511   
	   0.71   
	27
	2147



	RBF-Q
	0.76
	   2139   
	   0.72   
	26
	2099



	RBF-QTP
	0.80
	   2000   
	   0.77   
	21
	1857



	DWT-BP-Q
	0.85
	   2169   
	   0.75   
	18
	1632



	DWT-BP-QTP
	0.86
	   1705   
	   0.79   
	15
	1596



	DWT-RBF-Q
	0.87
	   1725   
	   0.81   
	14
	1378



	DWT-RBF-QTP
	0.90
	   1412   
	   0.84   
	12
	1236



	EEMD-BP-Q
	0.89
	   1505   
	   0.85   
	11
	1147



	EEMD-BP-QTP
	0.92
	   1384   
	   0.88   
	9
	1009



	EEMD-RBF-Q
	0.93
	   1100   
	   0.89   
	7
	963



	EEMD-RBF-QTP
	0.97
	   1007   
	   0.91   
	4
	701
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Table 11. Performance evaluation of the applied models for zone three during the validation period.






Table 11. Performance evaluation of the applied models for zone three during the validation period.





	Model
	R
	RMSE
	Nash-EFF
	MAPE
	MAE





	BP-Q
	0.67
	3422
	0.60
	35
	2468



	BP-QTP
	0.72
	   3189   
	0.64
	31
	2297



	RBF-Q
	0.74
	   2967   
	0.66
	27
	2231



	RBF-QTP
	0.79
	   2621   
	0.69
	23
	2055



	DWT-BP-Q
	0.82
	   2344   
	0.73
	20
	1865



	DWT-BP-QTP
	0.84
	   1965   
	0.77
	18
	1637



	DWT-RBF-Q
	0.86
	   1745   
	0.78
	16
	1511



	DWT-RBF-QTP
	0.89
	   1536   
	0.81
	15
	1367



	EEMD-BP-Q
	0.87
	   1369   
	0.79
	13
	1496



	EEMD-BP-QTP
	0.90
	   1257   
	0.83
	12
	1247



	EEMD-RBF-Q
	0.90
	   1187   
	0.85
	10
	1169



	EEMD-RBF-QTP
	0.94
	   1052   
	0.87
	9
	999
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Table 12. An acceptable rate of forecasting for peak values during the flood season (May–October) for Zone One.






Table 12. An acceptable rate of forecasting for peak values during the flood season (May–October) for Zone One.





	Model
	BP-Q
	BP-QTP
	RBF-Q
	RBF-QTP
	DM-BP-Q
	DM-BP-QTP
	DM-RBF-Q
	DM-RBF-Q
	EM-BP-Q
	EM-BP-QTP
	EM-RBF-Q
	EM-RBF-QTP





	ER%
	47%
	50%
	49%
	52%
	57%
	59%
	62%
	67%
	72%
	75%
	79%
	82%
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Table 13. An acceptable rate of forecasting for peak values during the flood season (May–October) for Zone Two.






Table 13. An acceptable rate of forecasting for peak values during the flood season (May–October) for Zone Two.





	Model
	BP-Q
	BP-QTP
	RBF-Q
	RBF-QTP
	DM-BP-Q
	DM-BP-QTP
	DM-RBF-Q
	DM-RBF-Q
	EM-BP-Q
	EM-BP-QTP
	EM-RBF-Q
	EM-RBF-QTP





	ER%
	61%
	64%
	67%
	71%
	77%
	79%
	82%
	85%
	87%
	88%
	89%
	91%
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Table 14. An acceptable rate of forecasting for peak values during the flood season (May–October) for Zone Three.






Table 14. An acceptable rate of forecasting for peak values during the flood season (May–October) for Zone Three.





	Model
	BP-Q
	BP-QTP
	RBF-Q
	RBF-QTP
	DM-BP-Q
	DM-BP-QTP
	DM-RBF-Q
	DM-RBF-Q
	EM-BP-Q
	EM-BP-QTP
	EM-RBF-Q
	EM-RBF-QTP





	ER%
	52%
	59%
	64%
	66%
	68%
	70%
	73%
	76%
	79%
	83%
	86%
	89%
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