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Abstract 

Rainy seasons with heavy rainfall in catchment zones cause high potential of 
flooding at downstream, primarily due to the reservoirs’ capacity limit been 
surpassed. Discharge flow prediction can be used for the hydropower plant to 
limit downstream flow during rainy seasons. In this study, discharge flow 
prediction based on the Artificial Neural Network (ANN) is proposed in order to 
forecast hydropower discharges flow. A cascade hydropower scheme has been 
selected for this study. Data such as fore-bay elevation, inflow, and discharge 
flow from the cascade hydropower power plants have been collected and used as 
an input for the ANN models. The developed models are Feedforward 
Backpropagation Neural Network, Elman Neural Network, and Nonlinear 
Autoregressive with Exogenous Inputs (NARX). The models have been assessed 
with different training methods and the number of hidden neurons to assess their 
performances. Moreover, the models’ flow prediction performances been 
compared to the conventional Water Balance methodology. The result shows 
Elman Neural Network demonstrates higher prediction accuracy compared to 
other techniques based on the statistical error measures. 

Keywords: Artificial neural network, Elman neural network, Feedforward 
backpropagation neural network, Hydropower discharge prediction, 
NARX, Water balance methodology.  
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1.  Introduction 
Hydropower is the renewable energy sources that provide essential services to 
manage water and municipal water supply [1]. The Renewables 2018 Global Status 
Report state that estimated generation hydropower worldwide was 4,185 TWh in 
2017 [2]. The main objective of the hydropower system is to generate electricity 
while maintaining minimal water flow to the river network. However, it is a 
challenge to keep optimal water and flood management for a hydropower system. 
The hydropower system that deviates from optimal operation causes high spillage. 
Additionally, heavy rainfall poses high risks of flooding downstream. It is, 
therefore, essential to pay attention to the operation of cascade reservoir systems to 
obtain maximum satisfaction or total benefits. Many researchers had studied flow 
prediction methods to estimate river flow for water management. Many prediction 
methods have been proposed over the years, such as ANN [3-5], Wavelet Neural 
Network (WNN) [6], Adaptive Neuro-Fuzzy Inference System (ANFIS) [5, 7], and 
Hybrid Support Vector Machines [8]. Recent studies demonstrate the ANN 
capability for water flow forecasting [9, 10]. The ability to train a large dataset and 
other advantages have attracted the researchers to use ANN as a prediction method. 
ANN can generalize the nonlinear functions; thus it acts as a suitable tool that copes 
with water resources issues such as flow forecasting [9-14], flood forecasting [15-
17], and water level forecasting [18, 19]. 

Moreover, the use of ANN also gains the interest of many researcher’s 
inflow prediction for water movement-based power generation such as 
hydropower and tidal power. For instance, Ghorbani et al. [4] had proposed an 
ANN method to predict the rate of water to determine net turbine head, power 
production, and flow. Meanwhile, Meena and Agrawal [20] had applied ANN 
to forecast the tidal variations with limited measured data at the reference 
station for application in tidal power.  

ANN is a computing model to copy the human brain and nervous system [21]. 
It could learn the tasks, and it is trained to distinguish and identify the relationship 
between two types of data set, which are inputs and outputs [17]. Many research 
demonstrates that ANN is a useful model that capable of generating precise results 
compared to other models [12, 22]. The statistical model was not competent to 
create a high-performance simulation for the non-linear pattern as whereas ANN 
models produced high-performance simulations in all cases [12]. Elsafi [17] had 
studied ANN as a modeling tool to forecast the river flow and validated the model 
performance through a comparison with the actual flow. The proposed study 
concluded that ANN method yields a promising result for flood prediction in 
situations with no access to data. Tayyab et al. [23] were utilized several ANN to 
forecast the discharge flow at the upstream river in China. Their study had 
demonstrated that the ANN models were able to predict river flow in the region 
with irregular rainfall and runoff. Chang et al. [18] had developed several ANN 
models such as feedforward backpropagation neural network, Elman neural 
network & NARX network to forecast water levels in Taiwan. Their works 
concludes that different ANN architectures produce various performances with 
dynamic ANN model yielded the highest accuracy inflow prediction.  

Many researchers had also proposed different techniques of ANN models to 
obtain higher flow prediction accuracy such as Multi-Layer Perceptron (MLP) [4], 
Radial Basis function network (RBF) [4, 9], Generalized Regression Neural 
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Network (GRNN) [24], ensembled ANN [25] and Neural Network Autoregressive 
with Exogenous Input (NNARX) [26-29]. MLP network is the most commonly 
used in hydrological modeling task and the prediction of water resources  [4]. Most 
of ANN models have three layers, which is an input, output, and hidden layer  [17]. 
Generally, dynamic networks are more efficient than static networks since the 
outputs not merely rely on the present input yet on the current or earlier state of the 
networks [18]. Dynamic networks can be categorized  into two categories, which 
is feedforward and recurrent network [30]. A recurrent neural network has a 
feedback loop from its outputs to its input and has a more extended response than 
the feedforward dynamic network [18].  

Currently, a limited number of researchers were found to improve water 
management of a cascade hydroelectric scheme. For instance, Fu et al. [31] and Zhai 
et al. [32] used adaptive scheduling strategies to optimize the operation of cascade 
hydropower stations. The water level of the cascade hydropower scheme at a 
downstream station was highly influenced by the generation of the upstream 
hydropower station [33]. Limited studies have been found that predicts discharge of 
water from the cascade hydropower scheme for river networks to mitigate 
downstream flooding risk. Hence, this research proposed the ANN model as a 
prediction method to predict the discharge of water flow at the cascade hydroelectric 
scheme. Data such as fore-bay elevation, water inflow, and discharge of water flow 
at the upstream hydropower station were used as the input parameter. Several ANNs 
architectures have been chosen for this study, which are Feed Forward back-
propagation Neural Network, Elman Neural Network, and NARX. The goal of this 
study is to identify the effect of the training methods and the number of hidden 
neurons on ANN model performances in flow prediction of hydropower discharge. 
Consequently, the performance of the developed ANN models was assessed in terms 
of performance parameters such as mean square error (MSE), root mean square error 
(RMSE), mean absolute error (MAE), and sum squared error (SSE). The 
performances of ANN models also have been evaluated against the non-predictive 
model, such as the water mass balance equation.  

2. Study Area  
A cascade hydropower system in Sungai Perak (Perak River) in the northern part 
of Peninsular Malaysia was selected since it represents a typical cascade 
hydropower scheme. There are four hydroelectric stations cascaded at the Sungai 
Perak scheme, as shown in Fig. 1. The most upstream hydropower station is Station 
A, which has a surface area of 110- 190 km square. It has installed capacity of 4×87 
MW generating units. The three downstream of hydroelectric stations were Station 
B, C, and D. Each hydroelectric station produces power outputs of 3×24 MW, 
3×41.5 MW, 3×10.25 MW and 1×9 MW, respectively. The lowest hydropower 
station of this cascade hydropower scheme is station D. It has 25 km square of 
reservoir area at 5 meters beneath its dam crest. 

Extreme rainfall in the catchment zones can cause a higher risk of flood due to 
the high flow and other factors. Initial calculation estimates that significant generation 
loss from the period 2008 up till 2011 is about 167 GWh due to high spillage. The 
three upstream hydroelectric stations play a vital role in mitigating flood risk, 
particularly for the lowest downstream as weather patterns becoming more extreme 
and shallower downstream rivers. Therefore, high performance estimation of 
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discharge flow able to improve reservoir regulation, leading to higher power 
productions with less spillage. Furthermore, it has the potential to reduce risk of 
flooding at the lower downstream areas while maintaining optimal water flow for 
livelihood populations downstream. 

 
Fig. 1. Sg Perak Cascade Hydroelectric Scheme. 

3.  Methodology 
Each hydroelectric station comprises of three primary data such as forebay 
elevation (mSLE), inflow (m3/s), and discharge (m3/s). These data had been 
collected, alongside with site visits to the hydropower stations.  Each hydroelectric 
station fore-bay elevation range are between 235-250 mSLE, 139.90-141.75 mSLE, 
108.00-111.70 mSLE, 57.00-61.50 mSLE respectively. Each hydroelectric station 
has a range of inflow, which is between 0-2500 m3/s, 0-500 m3/s, 0-2500 m3/s, 0-
500 m3/s, respectively. The discharge for every station is between 0-440 m3/s, 0-
3500 m3/s, 0-440 m3/s, 0-400 m3/s respectively.  

Figure 2 shows the comparison of the fore-bay elevation of all stations in 
2008. Meanwhile, Figs. 3 and 4 show the inflow and discharge in 2008. In this 
study, fore-bay elevation, inflow, and discharge of upstream hydroelectric stations 
have been used as the input variable to predict the discharge at station D. The data 
for the period 2008-2010 was used for training session and the data from 2011 was 
used in the testing session.   

4. ANN Model 
Several ANN models were used in this study to predict the discharge flow at the 
lowest hydro station in the cascade scheme. The architectures are one static (Feed 
Forward Backpropagation neural network) and two dynamic neural networks 
(Elman Neural Network and NARX). The ANN performances were evaluated 
based on the number of hidden neurons and training algorithms. Levenberg-
Marquardt and Bayesian Regularization were the two training methods used in 
this study. The Levenberg-Marquardt method typically has less computational 
times yet required high memory. The training of Levenberg-Marquardt 
algorithms automatically terminated when generalization stopped raising, as the 
performance metric of the validation samples increases. For the Bayesian 
Regularization method, it needs more computational time but better in 
generalization, especially for the noisy or harsh datasets. The training of the 
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Bayesian Regularization method ended when its training performance lowers 
than minimum performance gradient value. 
 

 
Fig. 2. Fore-bay elevation in 2008:- 

 a) Station A, b) Station B, c) Station C and d) Station D. 
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Fig. 3. Inflow in 2008:- a) Station A, b) Station B, c) Station C, d) Station D. 
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Fig. 4. Discharge in 2008:-  

a) Station A, b) Station B, c) Station C, d) Station D. 



   Cascade Hydropower Discharge Flow Prediction Based on Dynamic . . . . 2087 

 
 
Journal of Engineering Science and Technology               June 2021, Vol. 16(3) 

 

The transfer functions at both hidden and output layers also need to be specified 
for the ANN architectures. The transfer function generates its output via a set of 
inputs. In this study, hyperbolic tangent sigmoid functions have been selected for 
both layers. The chosen hyperbolic tangent sigmoid function bounds are between -
1 and 1 and expressed ,as in Eq. (1); 

y = 2
1+𝑒𝑒−2𝑥𝑥

 - 1                    (1) 

whereas y is the value of the output; meanwhile, x is the value of the input value. 

4.1.  Feed forward back propagation 
An input layer, a hidden layer, and an output layer are the underlying architecture 
of the feed-forward back propagation neural network as illustrated in Fig. 5. 

Fig. 5. The architecture of feedforward backpropagation neural network. 

where x(t) is the input value and y(t+1) are output value at the time step t. 
Backpropagation is the traditional training method for Feed Forward Neural 
Network. Throughout the training session, each input value is applied in the input 
layer and propagates forward. The value of output y(t+1) is compared with the 
actual result d(t+1) and an error value will be calculated e(t+1). The error value is 
propagated backward from the output layer to modify the weights in each layer of 
the network.  

4.2. Elman neural network 
Elman neural network is a Recurrent Neural Network. The structure of the Elman 
neural network  has three layers with feedback from the hidden layer, as illustrated 
in Fig. 6. Each neuron in the input layer connected with a neuron in the hidden 
layer, where all single hidden neurons hold its compatible time-delay unit. Usually, 
the time delay unit saves the neuron data in the hidden layer as an extra response 
for the future time step. Hence, Elman Neural Network has a powerful memory. 



2088       N. N. Anuar et al. 

 

 
 
Journal of Engineering Science and Technology               June 2021, Vol. 16(3) 

 

The output value of the Elman network not only merely on the present input value 
yet on the earlier stages of the network. There are two inputs in the Elman Neural 
Network architecture, which is x(t) and z(t) where (i is 1 to n). 

 
Fig. 6. The architecture of Elman neural network. 

4.3. NARX network 
The NARX network also a recurrent neural network. NARX network is an extension 
of the ARX model. It is suitable for modeling nonlinear prediction, especially in time 
series. NARX network has three layers with a feedback connection from the outputs 
layer. NARX model had two types of networks, which is series-parallel architecture 
(open loop) and parallel architecture (close-loop) as expressed in Eqs. (2) and (3) 
respectively: 

y(t+1) = F (y(t), y(t-1),…..,y(t-n), x(t),x(t+1) , x(t) , x(t-1),……, x(t-n))            (2) 

y(t+1) = F (ŷ(t), ŷ(t-1),…..,ŷ(t-n), x(t),x(t+1) , x(t), x(t-1),……, x(t-n))            (3) 

where F(-) is the mapping function of the neural network, and n is the output 
memory order. In the series-parallel architecture, the current and previous value 
of the input (x(t)) and the true past value of output data set y(t) was used to 
forecast the future value of output data set y(t+1). Meanwhile, for the parallel 
architecture, the future value of output y(t+1) is predicted using the current and 
previous data set of input  (x(t))  and the past predicted values of output ŷ(t). This 
study applied parallel architecture of the NARX network to forecast water 
discharge at the last hydroelectric station. Figure 7 shows the structure of the 
NARX network. 
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Fig. 7. Architecture of NARX. 

5.  Water Balance Methodology 
In this study, the ANN model performance was evaluated with a conventional flow 
prediction method such as Water Mass Balance Methodology. The methods 
calculate the discharge flow of rivers (Qtur) downstream as follows: 

vpc AFBFBQinQtur )( −+= ∑∑                (4) 

where Qtur = Turbine discharge flow (m3/s), Qin = Water flow into, turbine (m3/s), 
FBp = Previous fore-bay elevation (mSLE), FBc = Current fore-bay elevation 
(mSLE), Av = Reservoir surface area (km2). 

6.  Model Performance Evaluation 
Four statistical measures such as MSE, RMSE, MAE, and SSE  were used to assess 
the ANN model's performance.. The MSE  expressed as in Eq. (5): 

𝑀𝑀𝑀𝑀𝑀𝑀 = 1
𝑛𝑛
∑ (𝑦𝑦𝑦𝑦 − ŷ𝑖𝑖)𝑛𝑛
𝑖𝑖=1

2                 (5) 

Where yi and ŷi is the actual and predicted value for the entire ith training vector 
while n is the observed data of the model. RMSE expressed as in Eq. (6) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �1
𝑛𝑛
∑ (𝑦𝑦𝑦𝑦 − ŷ𝑖𝑖)2  𝑛𝑛
𝑖𝑖=1                  (6) 

Meanwhile, MAE is a performance metric that shows the results of measuring the 
difference between the predicted and actual values, as expressed in Eq. (7). 

𝑀𝑀𝑀𝑀𝑀𝑀 = 1
𝑛𝑛
∑ ⌊𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖⌋𝑛𝑛
𝑖𝑖=1                  (7) 
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SSE is the total of squared differences between actual and predicted value. The SSE 
expressed as below. 

𝑆𝑆𝑆𝑆𝑆𝑆 = ∑ (𝑦𝑦𝑦𝑦 − ŷ𝑖𝑖) 𝑖𝑖=1
2                 (8) 

7.  Results and Discussions 

7.1. Training session 
In this study, the accuracy of all ANN models was measured and compared to other 
ANN models, where the ANN model with the best performance and lowest error were 
selected. The results obtained during the training session show that the dynamic 
neural network was more efficient than the static neural network. Nevertheless, the 
result demonstrates that the Elman Neural Network generates higher performance 
compared to the NAXR model. The Elman Neural Network model has dynamic 
properties due to the feedback connection from the hidden layer. Also, its output 
relies not only on the current input but also on the network's earlier states. The neuron 
in the hidden layer has its respective time-delay unit to save this hidden neuron's 
information as an extra input to all hidden neurons in the future time step. 
Consequently, the Elman network has an intrinsic dynamic memory provided by 
time-delay units, which makes it suitable for non-linear hydrological modeling. 

Furthermore, the result also demonstrates that the ANN model performance 
was highly influenced by the number of neurons in the hidden layers. This 
research used the heuristic method to identify the optimum number of hidden 
neurons. The result demonstrates that a different number of hidden neurons yield 
different performance, where the minimum number of hidden neurons produce 
low training performance. The ANN model's efficiency increased with a large 
number of hidden neurons due to the improvement of the complexity function. 
However, the model performance tends to reduce or overfitting when applied to 
a greater number of hidden neurons. Overfitting refers to a model that trains the 
data too well and affects the new data model performance. Overfitting can be 
identified when the error during the training session is carried to a very low value, 
but the error is large when new data is presented to the network.  

Moreover, the result also demonstrates that the Bayesian Regularization 
algorithm generates better performance than the Levenberg-Marquardt algorithm 
in all models. Bayesian regulation has resulted in vast generalization for complex 
or noisy data set since it uses all the training data, where the validation data is not 
required to separate from the training data set.  

Bayesian Regularization reduces a combination of squared errors and weights 
and then defines the right combination to create a well-generalized network. 
However, Bayesian regularization takes more computational time in the training 
session compared to Levenberg-Marquardt. Figure 8 shows the best training 
performance of all ANN model where Bayesian Regularization had the best 
performance, and Fig. 8 indicates the best training performance for the back-
propagation neural network with 416.8543 at epoch 698. Both Figs. 9 and 10 
show the best training performance for the Elman Neural network and NARX, 
with 357.5413 and 406.8822, at epoch 1000, respectively. 
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Fig. 8. Training performance for feedforward backpropagation. 

 
Fig. 9. Training performance for Elman neural network. 

 
Fig. 10. Training performance for NARX. 
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7.2. Test session  
The different ANN architectures yield different performances, where dynamic ANN 
shows the highest prediction accuracy. Nevertheless, Elman Neural Network shows 
higher performance in prediction of water discharge in the test session since it was 
capable to predict the discharge of water flow with lowest performance measures 
compared to other ANN architectures. Table 1 indicates the performance for model 
Elman neural network in the test session. As shown in Table 1, Elman Neural 
Network has the lowest MSE, RMSE, MAE, and SSE, which are 357.540, 18.901, 
6.360 and 9.4028×106, respectively with 13 hidden nodes. 

Meanwhile, Tables 2 and 3 demonstrated the performance for NARX and feed-
forward back-propagation architecture in the training session. NARX model has 
the lowest error on MSE, RMSE, MAE, and SSE, which are 406.880, 20.170, 
6.940, and 1.144×107 respectively with the 11 nodes in the hidden layer. Back-
propagation neural network produces the lowest error on MSE, RMSE, MAE, and 
SSE, which is 416.850, 20.420, 7.772 and 1.146×107, respectively, with the 13 
neurons in the hidden layer. The low values of the performance metric indicate a 
better fit. The results illustrates that the dynamic neural network exhibits higher 
performance than the static neural network where Elman Neural network 
outperforms other ANN models.  

Table. 1. Performance for Elman neural network architecture. 
Performance 

Function Algorithm Number of Neurons 
11 13 15 17 

MSE 
LM 654.840 557.930 468.140 410.310 
BR 364.760 357.540 419.730 424.220 

RMSE LM 25.580 23.620 21.640 20.250 
BR 19.100 18.910 20.490 20.600 

MAE 
LM 8.173 8.258 8.210 9.057 
BR 5.943 6.360 7.698 7.478 

SSE LM 1.465×107 1.301×107 1.189×107 1.303×107 
BR 9.577×106 9.403×106 1.114×107 1.145×107 

* LM= Levenberg-Marquardt, BR=Bayesian Regularization 

Table. 2. Performance for NARX architecture. 
Performance 

Function Algorithm Number of Neurons 
11 13 15 17 

MSE 
LM 134 447.790 12 417.270 979.530 1412.880 
BR 406.880 1700.330 525.550 3744.190 

RMSE 
LM 366.670 111.430 31.290 37.590 
BR 20.170 41.230 22.920 61.200 

MAE 
LM 360.142 95.418 13.252 12.970 
BR 6.940 23.430 8.716 48.399 

SSE 
LM 3.555×109 3.358×108 2.299×107 3.456×107 
BR 1.144×107 4.474×107 1.404×107 9.871×107 

* LM= Levenberg-Marquardt, BR=Bayesian Regularization 
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Table. 3. Performance for feed-forward back-propagation architecture. 
Performance 

Function Algorithm 
Number of Neurons 

11 13 15 17 

MSE 
LM 646.560 467.550 476.28 505.270 
BR 441.990 416.850 456.34 322.090 

RMSE 
LM 25.430 21.620 21.820 22.480 
BR 21.020 20.420 21.360 17.950 

MAE 
LM 9.937 7.160 7.579 9.127 
BR 6.920 7.772 7.550 6.995 

SSE 
LM 1.495×107 1.046×107 1.081×107 1.286×107 
BR 1.191×107 1.146×107 1.198×107 1.012×107 

* LM= Levenberg-Marquardt, BR=Bayesian Regularization 

The results show that ANN models have been able to predict the discharge of 
water flow in 2011. Figure 11 shows the differences between the actual and 
predicted discharge for the Feedforward Back Propagation model. The figure 
indicates that the model not capable to forecast hydropower discharge with high 
accuracy. Figure 11 shows that the predicted discharge is slightly deviate from the 
actual value, especially on the low peak. Figure 12 demonstrates the differences 
value between the actual and predicted hydropower discharge. It indicates the was 
number of errors between actual and predicted value yet still in a small deviation  

 
Fig. 11. Test performance for back propagation neural network. 

 
Fig. 12. Error between actual and predicted 

discharge for back propagation neural network. 
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Figure 13 demonstrates the differences between the actual and predicted 
discharge for Elman Neural Network. The result  shows that the Elman network 
capable of predicting the hydropower discharge, especially on a high peak. 
Nevertheless, the Elman network predicted discharge moderately in January and 
December. Figure 14 presents the differences between the actual and predicted 
value of turbine discharge for the Elman Network model. The result shows that the 
error between actual and predicted value is  small except in January and December 
due to the inaccuracy of discharge prediction. 

Fig. 13. Test performance for Elman neural network. 

 
Fig. 14. Error between actual and  

predicted discharge for Elman neural network. 

The differences between the actual and predicted discharge for the NARX model 
was illustrated in Figure 15. It can be seen that the NARX model capable of predicting 
the hydropower discharge but not good as the Elman network does. The result shows 
that the predicted discharge moderately deviates in January, March, and December. 
Figure 16 shows the differences between the actual and predicted value of turbine 
discharge for the NARX model. The figure demonstrates that the error between actual 



   Cascade Hydropower Discharge Flow Prediction Based on Dynamic . . . . 2095 

 
 
Journal of Engineering Science and Technology               June 2021, Vol. 16(3) 

 

and predicted value is in small deviation. However, the error value is quite high on 
those three months due to the imprecision of discharge forecasting. 

Fig. 15. Test performance for NARX model. 

 
Fig. 16. Error between actual and predicted discharge for NARX model. 

The ANN models have also been compared to the conventional flow prediction 
method, such as water balance methodology. This method was widely adopted to 
predict the flow of hydropower stations. Figure 17 shows the comparison between 
the performance of the water balance methodology with the actual discharge at the 
last station. The result indicates that the water balance methodology unable to 
accurately predict the water discharge, especially at a high peak. On the other hand, 
ANN model has higher performance compared to the water balance methodology. 
The water balance method has poor performance in  intermittent flow prediction.   
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Fig. 17. Performance of the water balance methodology. 

Table 4 shows performance between ANN models and water balance 
methodology in the test session. The result yields that all ANN models performed 
better than the water balance methodology in terms of accuracy since it obtains 
lower error in performance metrics. Nevertheless, the result demonstrated that the 
Dynamic network outperforms the static network. Where, Elman Neural Network 
has the highest prediction accuracy compared to other models by having 42.11%, 
22.91%, 26.58%, and 42.20% of lower MSE, RMSE, MAE, and SSE, respectively. 
Water balance methodology resulted in values of MSE, RMSE, MAE, and SSE of 
2.009×104, 141.735, 110.214, and 11.760×108, respectively. Elman Neural 
Network has higher prediction accuracy compared to the Water Balance 
Methodology with 99.19%, 91.00%, 95.08%, and 98.60% of MSE, RMSE, MAE, 
and SSE, respectively. 

Table 4. Performance for all method in the test session 

Performance 
Function 

Method 
Feed Forward 

Back 
Propagation 

Elman NAR× 
Water 

Balance 
Equation 

MSE 280.865 162.606 195.863 2.009×104 

RMSE 16.760 12.752 13.989 141.735 

MAE 7.387 5.423 5.998 110.214 

SSE 2.460×106 1.422×106 1.714×106 1.760×108 

8.  Conclusions 
In conclusion, ANN models capable in predicting cascade hydropower discharge 
flow. In this study, three ANN models were developed to predict the discharge 
of water flow at the lowest downstream of a cascade hydropower station. The 
results indicate that the dynamic ANN exhibits higher performance compared to 
static ANN for flow prediction. The Elman Neural Network has the best 
performance for prediction of discharge of the cascade hydropower system 
compared to other techniques with small MSE, RMSE, MAE, and SSE. The 
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results also show the ANN model has the highest performance if Bayesian-
Regularization adopted for the training algorithm. Additionally, the performance 
of the ANN method was highly influenced by the number of hidden nourons. 
Moreover, the water balance methodology has poor performance in predicting 
discharge flow compared to the ANN prediction models. High discharge flow 
estimation can provide a better prediction of risk of flooding downstream , as 
well as better reservoir regulations. Hence, the cascade hydropower generation 
will have less power losses with a lower risk of flooding downstream. 

 

Nomenclatures 
 
Av Reservoir surface area km2 
FBc Current fore-bay elevation mSLE 
FBp Previous fore-bay elevation mSLE 
Qin Water flow into turbine, m3/s 
Qtur Turbine discharge flow, m3/s 
 
Abbreviations 

ANFIS Adaptive Neuro Fuzzy Inference System 
ANN Artificial Neural Network 
GRNN Generalized Regression Neural Network 
MAE Mean Absolute Error 
MSE Mean Square Error 
mSLE Mean Sea Level Elevation 
NARX Nonlinear Autoregressive with Exogenous Input 
RBF Radial Basis Function  
RMSE Root Mean Square Error 
SSE Sum Square Error 
WNN Wavelet Neural Network 
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