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INTRODUCTION 

 

 Knowledge is never hypothetical. It has to be tethered to practical quantitative real situations. Too much in the hypothesis will 

always indicate abstract happenings. When you surrender hypothesis to reality, perception disappears and leads to magnum 

reality. Too much indulgence in Perceptions will inculcate disaster in high magnitude. Knowledge in hydrology has to be precise 

to avoid the cumulated error. Knowledge should get created by stratification and imminence. It is suggestive abstract inviting 

reality and sometimes accumulated. This paper reviews and discusses water flow forecasting using different single models and 

ensemble models. 

 

There are five significant sections mentioned in the literature for enhancing flow forecasting.   

 The first is hybridization techniques through the combination of two or more models or soft computing. The second one 

shows data splits into training and testing with different rations to enhance the quality of the data sets, which leads to accuracy 

enhancement for forecasting. The third was the ensemble modeling techniques, which combine different algorithms using many 

methods to enhance the performance of the base classifiers and decrease the uncertainty of the prediction. The fourth was the 

optimization methods, which will strengthen and improve the efficiency of algorithms such as pruning or tuning algorithms to get 

the optimal design of the algorithm. The fifth uses Markov Chain model for river f low forecasting and how it contributes to it.  

Abstract 
 
Knowledge is inconsistent and metamorphic. The levels of knowledge are most challenging to mental faculty, and 
whenever you feel, you adopted knowledge, a new level of ignorance crops out which makes us still striving to 
achieve a higher level of knowledge. Forecasting of river flow is vital in hydrology and hydraulic engineering 
because of its application in managing and designing projects in the water field’s events. So, models for river flow 
forecasting are required to be built accurately and precisely to control water levels and to run water resources. 
 If we don’t stick to reality, hydrology will surrender us disaster such as panicking situation visa-vee Renusunce 
dam. So, it is essential in hydrology to allow accurate evaluation in water budget, floods erosion, and even for a 
local river. This paper aims to review some machine learning techniques and some ensemble methods for water 
flow forecasting in different areas. Some of the data mining methods found in the review of the literature are 
discussed. After reviewing many algorithms for water flow forecasting, some models were built (ANN, SVR, and 
Markov chain) for forecasting water flow and compared. After that, an ensemble model using the same algorithms 
(ANN, SVR, Markov chain) is built. Two technique of ensemble modeling is implemented, which are bagging and 
voting. The real data set is applied to our models; it is composed of eight parameters at Eldeim station near the 
Blue Nile Sudan. It is concluded that the bagging technique gives better accuracy than voting. The ensemble results 
were compared with the single models, and it was found that the bagging technique gives the highest accuracy of 
all models, which is 97%. As the main conclusion from this paper, single models give predictions that do not 
consider all situations and phenomena compared with ensemble models. 
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 River flow forecasting is the main topic that contributes to controlling water resources. It helps people to apply efficient 

methods for use of water and benefit from scarce water resources. Time series forecasting is broadly applied for river flow data 

analysis and weather forecasting (Galicia et al., 2019). 

Safe and skilled water flow forecasts provide directors to make better decisions regarding water resources management, which 

leads to potential progress in the economy. The current techniques for water flow prediction are divided into three essential parts: 

physical models, conceptual models, and empirical methods (Liu et al., 2018). Recently machine learning methods such as ANN 

analysis have been widely used for river flow data modeling and weather forecasting. (Kotu et al., 2014).  

 After training and learning an algorithm, its performance will improve and become more accurate. But if the outputs of many 

individual algorithms solving the same problem are joined together, the return will be enhanced sharply and vividly. The method 

of joining the production of different models is known as the ensemble method. (Sattari et al., 2018) 

Ensemble models are considered one of the best prediction models used in real-life implementations. An ensemble always 

enhances the results obtained from single predictors it combines (Galicia et al., 2019). 

 The main objective of this paper is to review and discuss some of the machine learning methods, including ensemble 

techniques used for water flow forecasting. The results of the reviewed articles are discussed, and some models were built using 

three different algorithms (SVR, ANN, and Markov Chain) in addition to an ensemble model, and the results are compared. It is 

concluded that ensemble modeling gives then the best performance of all the models. 

 

1. Definition of Basic concepts  

1.1. Data mining 

 Data mining is how to find beneficial samples in the data. There are many definitions and means for data mining. It is also 

known as knowledge discovery, machine learning, and predictive analytics. However, every definition has a little various meaning 

from the other depending on the situation. Data mining includes every type of data starting from a simple array to a complex 

matrix.  

In data mining, some special computational techniques are used to detect significant and useful frames in data. These 

mathematical techniques have been obtained from the area of statistics, machine learning, and artificial intelligence.  

 The data mining scope is interconnected to many fields, such as database systems, and visualization (Kotu et al., 2014). Data 

mining implementations can also be divided into different tasks, which are classification, regression, association analysis, 

anomaly detection, time series, and text mining. It is shown in Fig 1. 

 

 
Fig 1: Data Mining Task (Kotu et al., 2014) 

 

1.2 Machine Learning  

 The Machine Learning field spreads from the domain of Artificial Intelligence, which aims to imitate the intelligent 

capabilities of humans by machines. It is essential to think about how humans can make machines learn. Learning is considered 

as inductive inference, where a person can realize some facts that illustrate vague information about any “statistical phenomenon 

(Galicia et al., 2019). It is a scientific approach dealing with the improvement of algorithms that are considered as input of useful 

data, such as data from sensors.  

 

1.3 Algorithm 

 An algorithm is a logical stepwise approach to fix problems. Data mining concerns with the possibility of solving real 

problems. The algorithm is recursive, in which many procedures are done many times until situation is achieved (Vapnik, & 

Vladimir, 2013). 

 

1.4 Classification and Regression 

 Classification and regression methods predict a goal variable depending on the received variables. The prediction depends on 

a propagated model designed from the well-known data set built from a formerly known data set. The regression task predicts 

numeric output, while the classification task predicts polynomial output variables (Witten et al., 2016). 
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1.5 Time series forecasting 

 Time series forecasting is a particular method used for regression modeling, such as predicting the coming value of any 

variable depending on its previous value. It can also be a smoothing method such as daily water flow forecasting depending on 

previous (Witten et al., 2016). 

 

1.6 Artificial Neural Network 

 Artificial Neural Network is mostly used in hydrology and water resource researches as a forecasting appliance. Artificial 

Neural Network was found as an information processing technique consists of the various numbers of non-linear layers connected 

by weights. Artificial Neural Network has three layers. The input, hidden, and output layers. The input layer acquires the input 

from outside the model. The hidden layer preprocesses the data, while the output layer is to produce the result of a specific input 

(Yadav et al., 2016). 

 Artificial Neural Network is an artificial and arithmetical model mimicking real neural networks. Its interior design changes 

depending on its input, which the external data is coming into it. A Neural Network depends on neural a network which is 

composed of many neurons connected together. A neuron acquires mathematical values from other neurons, and it initializes itself 

if the total weight is higher than a specific threshold (Y. Singh Y et al., 2005). 

  Dealing with hydrological models is so difficult because they have non-linear nature with a complicated correlation between 

their input and output. Artificial Neural networks can quickly solve this complicated correlation. Artificial neural networks can fix 

the problem of data distribution found in the time series area. The reason for this is its internal structure. (Beniwal et al., 2012). 

 

 
Fig. 2: Artificial neural network architecture (Bre et al., 2018) 

 

1.7 Support Vector Regression  

 The SVM, with a kernel-based scenario, based on Vapnik–Chervonenkis (VC) theory, was later expanded. The SVM can 

reduce estimation errors and the dimensions of the model, which will enhance generalization and set aside the problem of 

generalization. SVMs go after the kernel function, and this led to linearly separable inputs, which are plotted to high dimensional 

feature space (Yadav et al., 2015). Let data examples [(x1, y1), (x2, y2), . . ., (xl, yl)] be a specific training set, where xi represents 

an input vector, and Yi is its equivalent output data set. Support vector regression plots x into a feature space through a nonlinear 

function Ø(x), and after that, it attains a regression function f(x) = w
T
.ø(x) +b, which gives estimation to the real output y with 

some error tolerance ε. W and b denote the regression function. The loss function is represented by ε-which denotes the tolerated 

errors in the range of the ε-tube and the penalized losses Lε while the data are out the tube (Chen  et al., 2007). 

 

        
                                                                      

                  –                          
                  (1) 

  

This problem can be implemented in terms of the following convex optimization problem:  

 

   
      

 

 
                

 

   

 

                                                                                                (2) 
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 Where          are slack variables determining the upper and lower training errors subject to an error tolerance ε, and C is 

the measure of penalized loss when an error took place.  Fig 3 shows the concept of SVR, according to Equations. (1) and (2). 

 Most of the data have to be within the ε-tube. If it falls out of the tube, an error          occurs. This error should be reduced 

in the objective function. SVR lessens underfitting and overfitting by minimizing both the regularization term    
 

 
 and the 

training error term            
   in Equation. (2). Lagrange multipliers lessen to solving optimization problem by providing 

quadratic programming algorithm. 

 Then, the dual set of Lagrange multipliers,        optimizes the problem using quadratic programming algorithm. 

 

 
Fig 3: Nonlinear SVR with Vapnik’s e-insensitive loss function adapted from (Chen et al., 2007) 
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To determine Lagrange multipliers in Eq. (3), w and b parameters in SVR function can be computed under Karush–Ku¨hn–Tucker 

complementarily conditions (Fletcher, 1987),           
          Consequently, the SVR function can be written as 

 

              
                                        (4) 

 

 C represents the constant cost; ε represents the radius of the insensitive tube. These parameters are reciprocally depending on 

each other, and so changing one of the parameters will affect the others. Then the parameter C checks for how smooth or flat is the 

approximation function. The parameter C has a direct relation with the training data, if it is small, it results in dispersed 

approximation, and this is because of the training data's under-fitting. But, when it is higher, it overfits and affects the training 

data. As a result, learning will be difficult. 

               The parameter ε smoothens the difficulty of the approximation function and monitors how wide are the ε-insensitive area 

which helps to overfit the training data. It has an impact on the number of support vectors; it controls the accuracy models. If ε is 

small, the support vectors will increase in and vice versa. (Deka et al., 2014). 

               In SVR, the word tuning means selecting the suitable values of the kernel parameters, which are c, γ, and α. These 

parameters should have optimal values that are gained by trial and error methods, and this is referred to as tuning. The term 

training means to optimize the coefficients in the decision function by solving the quadratic problem. Every time two of them are 

fixed, and the third one is changed randomly using the trial and error method until we get the best correlation.  
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1.8 Ensemble model 

 Is a group of learning machines, and their results are joined to improve the performance of all the systems. Both applied 

surveys and special machine learning applications proved that a given learning algorithm surmounts all others for a specific 

problem. Still, it is not straightforward to have a single algorithm giving the best results on the same domain. That is why 

ensemble models use different ways of individual models to improve the accuracy of the specific model (Dietterich, &Thomas G., 

2000). An ensemble model is obtained by combining a diverse model; the base algorithms are designed and then joined by another 

learning process. Such systems are also called multiple classifier systems. Ensemble models have the same characteristics of 

machine learning methods, which are applied to real-life researches. It improves the accuracy and efficiency of single poor models 

(Ramakrishnan et al., 2015).              

 

1.9 Voting  

 Ensemble algorithms repeat and build merging of base models for enhancing to improve learning power (Kenji Nakano et al., 

2017). Voting, an ensemble algorithm, imparts an easy way of joining single models. It averages their probability estimates (Lam 

et al., 1997). Voting is a technique used to gather  votes from different models  to predict the output  through a voting technique to 

achieve better accuracy  (Kazemi et al., 2018) 

 

 
Fig 4: Voting Approach. 

 

1.10 Bagging 

 Bootstrap aggregation (bagging), was found by Breiman (1996) for classification and regression. Bagging relies on bootstrap 

statistical resampling methods, which make various training sets to train the models from which the ensemble is built. It is a 

robust method that joins the talent of a group of models. The data obtained from the bootstrap are used for training the single 

models (Efron and Tibshirani, 1993). It is found to be effective with unstable learning algorithms (Toro et al., 2013). 

 Bagging is implemented in two simple steps. First, produce K bootstrap copies by arbitrarily choosing M observations with 

replacement from the training datasets of size M. Second, train K models respectively using different samples (data splits). Fig 5 

indicates the block diagram of the ensemble learning using a bagging algorithm. In case of prediction an average is taken over  

forecasts from all the models after training .After that, the test set is predicted by averaging the results of K models.  

.  

 
Fig 5: Bagging Technique 
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1.11 Markov Chain Model 

 It is an unsystematic operation where the probability distribution of the present case is separate from the past situation, and it 

is called the Markov property (Tiwari et al., 2010). A series of states: X1, X2, X3,…. (Always over time) represents the Markov 

chain stochastic process having the Markov property. Fig. 6 shows the process of the Markov Chain. 

 

 
Fig 6: Markov chain Process 

 

2 LITERATURE REVIEW 

 

 Our review is divided into two sections. The first one is for single classifiers used for flow forecasting, and the second section 

is used for ensemble models us do for flow forecasting. 

 

2.1 Single Models for flow forecasting 

   M. Taghi  et al. (2013) had built two models to predict water flow forecasting in Sohu. The prediction was or seven days 

ahead. It was found that the M5 model tree and the SVM had the same accuracy. The M5 model is found to be of less computation 

time. The main drawback of SVM was that it required several user-defined parameters. 

  Two SVM models have developed for flood prediction. The two models were optimized using two different methods. The 

first model is by pruning the parameters of the SVM. The second method is by pruning input variables using cross-validation 

approach. . After comparing the two models, it was found that the pruned SVM decrease the complexity of the model but had not 

increased the prediction rate. The support vectors having lower weights were pruned off, but those with higher weights were kept. 

It was shown that the SVM optimization relay on the data set used and the area of the research applied. In this paper, the authors 

proved that pruning SVM depends mainly on the data set and the application of the research. The models were implanted at Lan-

Yang Bridgeto predicts 1- h ahead floods stages (Chen et al., 2007).  

  Asefa et al. ( 2006) had built a framework  that depends on statistical learning theory to predict water flow seasonally and 

hourly. Streamflow was predicted using local-climatologically data and requiring far less input than physical models. Yearly 

prediction of streamflow was enhanced by including aerial movement signals. SVMs are learning methods which have essential 

features. It requires that the kernels are to be optimized to reach to global optima and keep away from converging to local optima. 

They are developed for learning relationships in small size data. 

 Kisi   et al.(2011) had developed wavelet and SVM model combinations to predict water flow  in two stations in Turkey. The 

result is compared with a single SVM. It was shown that the discrete wavelet transform had a high effect on the enhancement of 

the SVR model in flood predicting. The performance is performed using some statistical measures such as root mean square error. 

  Kisi et al. (2015) had built multistep models to predict the level swing in Urmia Lake. The models were built using an SVM 

combined with the firefly algorithm.  The FA was applied to estimate the ideal SVM parameters. The result was compared with  

the genetic programming and artificial neural network models. FA-SVM showed improvement in the accuracy and ability of 

generalization compared with GP and ANN for forecasting. 

  Kalteh et al. (2015) had built a GA model for the optimization and tuning of SVR every month to predict flood in two 

different rivers in Iran. The authors tried to fix the problem of choosing the ideal values of parameters, which was done using a 

trial and error approach. The developed model (GA-SWR) was combined to wavelet and implemented on the original data series 

of the rivers and compared with  the regular GA-SVR models. After contrasting the two frameworks, the wavelet GA-SVR 

framework was found to be better. It was concluded that both models had good results, but the wavelet GA-SVR framework is 

more accurate than n GA-SVR framework for flood predicting. 

 Thinn et al. (2016) had presented a Markov chain model to predict flood for Mandalay weather station. The model uses the 

presently used probabilities to predict future occurrences after analyzing the current state of a variable. Many variables affect the 

river flood, such as rainfall, snowmelt, tide, and water level. In this paper, the only water level was considered. 

  A smart and robust model had been built using SVR to predict flood in a little mountainous area. Some parameters were taken 

as input parameters to the model. Sixty-nine flash flood events from 1984 to 2012 in a catchment in china were used for training 

testing. After analyzing the prediction, it was found that SVR has good accuracy for one to three hours ahead of forecasting. It 

was concluded that t the lagged runoff parameters had a significant impact on the results. However, the area of implementing the 

model was too small. Also, no machine learning comparisons were presented, nor is different kernel function implementation 

presented (Wu et al., 2019). 
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2.2 Ensemble models for flow forecasting 

 Ensemble methods are one of the most excellent models found in real-life applications (Galicia et al., 2019). It enhances the 

results of the single predictors forming it. They are called “meta” models, which mean the model is the composition of many 

separate models. It is achieved from the wisdom of groups or assembly, and it can decrease the generalization error in data 

mining. Ensemble modeling is a method in which various models were used to predict the product, either through different models 

or different training data sets. After that, the ensemble model then gathers the prediction of every classifier model and produces 

one model for the forecast for the unseen data. The motivation for using ensemble models is to reduce the generalization error of 

the prediction. 

  Nowadays, there is no model to be considered the best one in the hydrology area. This is the reason behind the emerging of 

ensemble modeling to enhance the results and take advantage of many models. Many researchers have proven that more accurate 

predictors could be obtained by combining the output of many predictors (Cisty et al., 2014). 

  Ensemble modeling technique has become a popular research subject in the last years. Many fields have ensemble modeling 

such as Statistics, Machine Learning. Ensemble modeling has found great success compared with single models. Ensemble 

models are executed in two steps a) the production of different classifiers and b) their aggregation. One of the reviewed works 

(Zhou et al., 2002) has considered a new phase that concerns with the decrease of the ensemble size before combination. This 

phase is called ensemble selection. 

 T.Egawa et al. (2011) proposed a method to forecast water flow in dams using the neural network and regression model. 

Their system was implemented at the Tadami-Agano river basin for three years to assure forecasting performance. They 

concluded that forecasting using forecasted weather gives no accurate results, but forecasting using real weather data gives 

accurate results. Their input data was average rainfall of measured point for r hours and water flow for q hours. 

  Tsakiri et al. (2018)had suggested an ensemble framework to predict river flood in New York at the Mohawk River. The 

framework is built using artificial neural network and time series modeling. The discharge variable is used for prediction a 

climatic variable. The time series is spitted into many sections, such as long, seasonal, and short-term. 

Every section is used for prediction using the two models separately. The results indicated that ANN on the decomposed time 

series enhances the performance of flood prediction, giving up to 96% accuracy. 

  Yin  et al. (2018) had built fifty-nine models to predict river flow in Pailugou catchment in China. Three various algorithms 

were used for creating the models, they were SVR, and M5 model tree and multivariate adaptive regression spline These 50 

predictors were designed through training by splitting data set into 80 % for training and 20 % for testing. The mean of some 

statistical methods was used to measure the results of the predictors. They were coefficient of correlation (R), root means squared 

error (RMSE), mean absolute relative error (MAE), relative RMSE, Nash– Sutcliffe efficiency coefficient (NS), and the 

Willmott’s Index (WI), and Taylor diagrams. It is shown that averaged R  obtained was more significant than 0.9 and averaged NS 

were greater than 0.8, which shows a fine representation of SVR, M5Tree, and MARS models for 1,2, and 3 days ahead modeling 

scope. However, M5Tree showed the best result over SVR and MARS.            Pham  et al. (2019) had proposed many machine 

learning  techniques for the prediction of estuary morphological variation probability. These methods were neural network, 

AdaBoost, LogitBoost, logistic regression, bootstrap aggregating, and random subspace. The models were operated in Da Dien 

estuary in Vietnam. The dataset from hydrological station were used as input to the models. It includes six parameters. It was 

concluded that the Random Subspace had given superior accuracy of prediction. However, this model requires a large size of data 

and some difficulties applying topographical variables into the model.   

 Zhao  et al. (2020) had designed a model that can produce ensemble models for three different flood sediment cases by 

considering classification, clustering, and regression models. It is implemented at the high sediment reach in Lower Yellow River 

in China to forecast water level. It was concluded that discharge and sediment load is not enough for the prediction of the flood 

because of the fluctuation. Also, the results are compared with previous studies. K-means clustering and support vector machine 

was used for the implementation of the model and had given a very high accuracy of classification models of 98%. It was showed 

that changing the kind of machine learning predictors will improve the efficiency of flood predicting. The forecasting of water 

level gave an average NSE of 0.83 in the training and 0.89 in testing periods. 

 In this paper, three models were proposed for spring discharge forecasting. They were used in RasigliaAlzabove in central 

Italy. The three algorithms were the M5P regression tree, support vector regression, and random forest. The results showed that 

M5P has superior performance with short- term predictions while Random Forest gives excellent performance with medium-term 

forecasts (Granata et al., 2018) 

In this paper, the severe flood of August 2016 in the area of Hokkaido in Japan is considered. They took the case of August 2016 

for water level forecasting, one at the lower reaches and the other at the middle reaches of the Ishikari River and the Tokachi 

River. Random Forest method was used for water level forecasting to determine the relative contribution. The authors also 

suggested a correlation method which has obtained a failsafe function included in water level prediction when it is accessed by the 

management office (Sakamoto et al., 2018). 

  Worland  et al. (2018) had applied a comparison between eight machine learning models and four baseline models for 

streamflow forecasting with an annual exceedance probability of 90 %at 224 sites in three states in the USA.  

 The algorithms used in this paper are SVM, gradient boosting, elastic net, M5-cubist hybrid model, M5-Cubist, random 

forest, and kernel-k-nearest neighbors. The four basic predictors are ordinary kringing, a unit area discharge model, and two 

variants of censored regression. After applying the models, the results showed that machine learning gave lower cross-validation 

errors in contrast to the basic predictors. The M5-cubist gave the smallest root-mean-squared-error of 26.72 cubic feet per second. 

 Senent-Aparicio  et al. (2019) had designed two different techniques. The first technique was used to approximate the 

instantaneous peak flow (IPF). It was obtained by joining the Soil and Water Assessment Tool (SWAT). The SWAT was designed 
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to estimate the MMDF. The second technique was developing machine learning models. These models were used for the 

estimation of IPF, according to MMDF. The machine learning methods are used to approximate the IPF, according to MMDF. 

They were four models. The four algorithms were implemented and contrasted. They were ANN, SVM, ANFIS, and ELM. The 

implementation of the algorithms was done in the Ladra river basin, and their outputs were contrasted. The ELM has shown the 

best outcome for the estimation of IPF from MMD (R2 = 0.86 and RMSE = 48.59). 

    Yadav et al. (2016) had studied a new technique to solve the problem of upgrading an equation in a model according to the  

data coming to prevent the increment of computational cost. It was the Online Sequential Extreme Learning Machine (OS-ELM). 

It was used for flood prediction in Germany. It was implemented on the Neckar River  

A real data set on Rottweiler from 1999 up to 2000 was implemented to predict the flood at the Oberndorf. The lead time was 

taken to be 1-6 hours. The result from OS-ELM was compared with some AI techniques like SVM and ANN. The main 

characteristic of OS-ELM, which is continuous updating of the model, gave it better accuracy compared with AI techniques. 

  Yaseen et al. (2015) had implemented deep earning techniques with hybrid models for daily reservoir inflow forecasting. The 

undesirable features were taken out using Fourier Spectrum and ensemble empirical mode decomposition, which were then taken 

as input to through deep belief networks. Both their weights are entered into the neural network. Their outputs were aggregated, 

giving out the final product. The results had shown that this model had superior results overall models, using different 

performance measures. The same authors Yaseen et al. (2018) had studied and analyzed extreme learning machine (ELM) and a 

single layer feed-forward neural network that chooses the input parameters haphazardly and produces the output weights 

consistently. The two models were implemented one-step-ahead water flow forecasting using three ways, at Johor River in 

Malaysia. The three methods were daily, mean weekly, and monthly. The results indicated that ANN gave a better result than 

ELM. 

  Seo et al. (2015) had built two ensemble frameworks for daily water level forecasting. The first one was the wavelet-based 

artificial neural networks, and the second was the wavelet-based adaptive neuro-fuzzy inference system. 

First Wavelet decomposition is used to divide the input into decomposition and detail parts. Then the split parts are considered as 

input to the ANN and ANFIS for WANN and WANFIS model, respectively. The result indicated that the WANN and WANFIS 

models gave netter accuracy and efficiency than the ANN and ANFIS models. It was also shown that the result depends on the 

input sets and mother wavelets. 

 Ghorbani  et al. (2016) had built three models to predict water flow using real datasets from three various stations in Iran. It is 

taken as a comparison study for the monthly forecasting of flow. They used SVM, radial basis function, and Multilayer 

Perceptron. MLP and RBF gave a better forecast than SVM. In this paper, two algorithms were used for forecasting the discharge 

of water using real data sets. The rating curve and multiple linear regressions were used as traditional techniques, and their results 

were matched to the two models, which were ANN and SVM. It was concluded that the peak values achieved by both predictive 

models are higher in accuracy than that of the traditional models (Ghorbani et al., 2016). 

             Alalshek Mubarak et al. (2013) had presented an echo state network (ESN), which is a new kind of recurrent neural 

network used in the machine learning community. They combined the ESN with support vector machines for data classification. 

ESN had given the accuracy of 96.91%, while ESNSVMs had provides and accuracy of 97.45%. It is considered superior results 

compared with other models. It is shown that by using a smaller reservoir size, significant differences appear in the accuracy of 

both models, as the ESNSVMs method had higher accuracy by more than 15% in extreme cases. 

  Yaseen et al. (2018) had proposed a model for river flow prediction in the Kelantan River in Malaysia. The model used was 

the enhanced form of the extreme learning machine. Complete orthogonal decomposition was applied for optimizing ad pruning 

of the output hidden layer. After the performance was measured, the results indicated a very high performance of the suggested 

model. 

    In this paper, a model for water level forecasting models was built. An uncertainty evaluation was performed every hour for 

forecasting. The uncertainty assessed bootstrap based artificial neural networks. The output of the boosting ensemble was 

aggregated by averaging its production, and it gives superior performance for flood forecasting compared with other models in the 

review (Tiwari et al., 2010). 

 Erol Egrioglu et al. (2015) had suggested a new model fix the dilemma of controlling the number of neurons in the hidden 

layer. It is known as called multiplicative neuron model, and it contains only one neuron in the hidden layer. Then the model was 

implemented in historical data sets and gave superior results. A particle swarm algorithm was used for the training purpose.  

  In this paper, the authors had designed three frameworks for monthly lake level variations. They were the mix of wavelet 

with autoregressive moving average, adaptive neuro-fuzzy inference system, and support vector machine. The data set for lake 

level is divided into low and high-frequency divisions through discrete wavelet transform. After that, every division is predicted 

partially through  ARMA, ANFIS, and SVR models. Then all the predicted sections are aggregated to get the approximate lake 

level time series. The results from the single models were compared with the (Wavelet-SVR), (Wavelet-ANFIS) and (Wavelet-

ARMA) models. It is shown that integrated models give higher accuracy in lake level forecasting than single models. The 

Wavelet-SVR model has better performance than the other two integrated models (Shafaei et al., 2016). 

  In this paper, two algorithms were implemented for flood susceptibility analysis. They were discriminant analysis (MDA), 

and classification and regression trees (CART), combined with SVM to build a flood susceptibility map through an ensemble 

modeling technique. Some factors were used, such as (altitude, slope, aspect, curvature, and distance from the river, are 

implemented in the Khiyav-Chai watershed in Iran. Only frameworks with an accuracy of >80% are permitted to be included in 

the proposed model. It was shown that that slope percent, drainage density, and distance from the river were found to be the most 

related parameters to flood susceptibility mapping (Choubin et al., 2019).               

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/discriminant-analysis
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/regression-tree
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/altitude
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/curvature
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             Peng et al. (2017) had implemented an ensemble model for streamflow forecasting. The first step was using empirical 

wavelet transform (EWT) to remove noises from the raw data. Then the autocorrelation function is applied to the ANN.ANN was 

tuned using the multi-verse optimizer (MVO) algorithm. Lastly, four real data sets were used to test the proposed model. They 

were taken from different authorized stations in China from the river Yangtze River. The particle swarm algorithm tuned 

backpropagation and ANN. They were compared with the proposed model. The proposed model gives higher accuracy than the 

other two models. 

 Zhang et al. (2018) had proposed an ensemble mode decomposition combined with Elman neural network is proposed. It is 

designed to decrease the difficulty found in modeling and to enhance the prediction. Four different datasets were used to test the 

proposed model. These datasets are for rivers in the Dongting Lake basin. The data is divided into many intrinsic mode functions 

(IMFs). Every section is performed using ENN. Then the results were aggregated and compared with every division result. It is 

concluded that the ensemble model gave a better result than individual models. 

           In this paper, a model for flood susceptibility was designed using feature selection and tree-based ensemble techniques. The 

feature selection used fuzzy rule, and the GA were combined to obtain and optimize the variables used in flood modeling. This 

combination is called FURIA-GA. After that, it is joined to LogitBoost, Bagging, and AdaBoost ensemble algorithms. The model 

is then implemented in the Northeast region of Vietnam. After that, the performance was measured using different methods such 

as the area under the curve. It was found that The FURIA-GA-AdaBoost had given the best accuracy of the prediction compared 

with all models. It gave AUC of 0.9740 (Bui et al., 2019). 

  Bonakdari et al. (2019) had presented to new upgrades of the Markov chain method, which were the Online-Markov Chains 

(O-MC) and Extreme Online-Markov Chains (EO-MC) methods to enhance the performance of prediction of water levels and 

discharge. The Online-Markov Chains has the merit of implementing the right variable states online. In contrast, the EO-MC 

method has the benefit of updating the Markov matrix in addition to the online implementation of the correct variable states.  The 

two techniques were assessed through six data sets from various rivers.  

 Dodangeh et al. (2020) had presented a flood forecasting models using three different algorithms combined with ensemble 

models. The three algorithms are multi-time resampling approaches, random subsampling, and bootstrapping algorithms 

combined with ensemble models. The ensemble models are generalized additive models, boosted regression tree, and multivariate 

adaptive regression splines.  Random subsampling and bootstrapping algorithms applied ten runs to learn and validate the models. 

After that, ten runs of predictions were used to build the flood susceptibility maps. This framework is implemented in Ardabil 

Province near the Caspian Sea, where flood is always severe. Bootstrapping- generalized additive model gave the highest 

accuracy of the prediction. 

 

3. MATERIAL AND METHODS 

 

 After reviewing and studying the literature, we have designed three models, which were SVM, ANN, and Markov chain 

model. The results of the three models were compared. Then an ensemble model was built, and the result was compared with the 

single predictors. 

  

 
Fig 7: Block Diagram of the methodology 

 

3.1 Steps of the design  

Steps are involved in the design of the model implemented in this paper. They are: 

1. The beginning is collecting data from different sources. 

2. Apply preprocessing steps to get a suitable data to be used for our model. 

3. Build three algorithms separately to the data set and compare their results. 

4. An ensemble model is built using the three algorithms for flow forecasting to enhance the results. 

5. A comparison between the ensemble model and single algorithms was made. 
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3.2 Data Set 

    Real daily data from metrological station in Khartoum for about eight parameters :(Soba and Eldeim station), pressure, 

temperature maximum(tmax), temperature minimum (tmin) , temperature average (tavg) , relative humidity (rh) , rain, sunshine 

duration (SSD), wind speed(WS) and wind direction (WD). For ten years of monthly 2003-2015.   

Data from the metrological station and ministry of irrigation is available and represents the daily data of many parameters. These 

parameters are river flow (m³/s), level, discharge, relative humidity, SSD, rainfall, temperature maximum, temperature minimum, 

pressure, wind speed, and wind directions) from ground measurement provided by the ministry of irrigation and metrological 

stations (Eldeimstation) from years 2003-2015. 

 

3.3 Markov Chain Model 

 The main target of the model is analyzing the present state and movement of a variable to forecast the water flow by using 

presently known probabilities. level, discharge, relative humidity, SSD, rainfall, temperature maximum, temperature minimum, 

pressure, wind speed, and wind direction. Among these, the system considered only water flow and relative humidity as input 

variables.  

  The main idea of the Markov model is to find Markov states such as Flood (F), Approximately Flood (AF), and Non-Flood 

(NF) using water flow. Then the values of the transition probability values are found. After that, the transition probability matrix 

is derived, as shown in equation 5. This transition matrix is for Eldeim station. Fig 8 shows the state diagram of the markov model 

for Eldeim station for five years. 
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Fig 8: Markov Model for Eldeim Station for five years. 

 

3.3 Support Vector Regression   

 There are two main words should be considered  in SVR which are training and tuning .Tuning means selecting the suitable 

values of the kernel parameters which are parameters c, γ, and α. These parameters should have optimal values that are trained by 

trial and error methods and this is referred to as tuning. Every time two of them are fixed and the third one is changed randomly 

using trial and error method till the best correlation coefficient is achieved. 

 

3.4 Artificial Neural Network  

 A back propagation algorithm is used and three main parameters which are momentum, learning rate and the number o 

epochs are pruned using trial and error method until the best accuracy is achieved. 

For Artificial Neural Network the data is divided into training and testing partitions. Many trials for the partitions have been done 

to improve the accuracy of the ANN. 

 

3.5 Ensemble Model 

 Three different algorithms are used as ensemble models which are support vector machine, Artificial Neural Network (back 

propagation algorithm).Bagging and voting techniques are used and their results were compared.  

 

4. STATISTICAL ANALYSIS 

 

 The analysis of data in this paper is implemented and performed using EXCEL 2016. Accuracy and correlation coefficient are 

used for measuring the performance of the result. 
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5. RESULTS 

 

 The results are divided into three sections. The first section compared the results of the three implemented algorithms, as 

shown in Table 1 and Fig 3. The second section compares the results of both ensemble techniques used in this paper. The third 

section 

 

5.1 The comparison between the three algorithms (SVM, ANN, and Markov chain model) 

 The dataset was implemented using the three models to forecast river flow in the Blue Nile. Table 1 and Fig 9 show the 

results. The Markov chain has an accuracy of 93 %; the SVM follows it, and lastly, ANN, which has an accuracy of 82 %. 

Table 1: The results of the three algorithms 

 Markov chain ANN SVM 

Correlation Coefficient 0.93 0.82 0.92 

Accuracy 93% 82% 92% 

 

 
Fig 9: Results ' Comparison of the three algorithms. 

 

5.2 Ensemble models techniques (Bagging and Voting) 

 Bagging and Voting were both implemented on the data set using ANN and SVR. The result of bagging after its optimization 

is found to be as shown in Table 2 and Fig 10. In bagging, the best result was obtained at SVM with the number of iterations three 

and a sample ratio of 0.6. It is concluded that SVM using bagging gives the highest accuracy of 97, which implies that ensemble 

modeling gives higher efficiency than single predictors to water flow forecasting. 

 

Table 2: Bagging Optimization 

ANN SVM Iteration number Sample Ratio 

90.6 92.2 3 0.7 

91.2 91.1 8 0.7 

92.8 93.2 5 0.7 

93.2 93.1. 3 0.3 

92.3 92.9 3 0.5 

94 95.7 3 0.6 

 

0.7 

0.8 

0.9 

1 

SVM 
ANN 

Markov 

Correlation 
Coefficient  

Accuracy 



24 
Citation: Atika Malik Hussein et al., 2020. A Survey on Data mining Techniques for Water Flow Forecasting. Australian Journal of Basic and Applied 

Sciences, 14(3): 13-27. DOI: 10.22587/ajbas.2020.14.3.2 

 

 
Fig 10:  Bagging Optimization  

 

 Table 3 and Fig 11  also shows the different between bagging and Voting .It was found that bagging gives better accuracy 

than voting. 

 

Table 3: The Comparison between Ensemble models. 

 Vote Bagging 

Correlation Coefficient 0.94 0.97 

Accuracy 94 % 97.7 % 

 

 
Fig 11: Comparison between ensemble models. 

 

5.3 Comparison between the three separate algorithms and ensemble models 

 Table 4 and Fig 12 show the comparison between the three algorithms and the two ensemble techniques which were voting 

and bagging. The result shows that ensemble models give more accuracy than single models. However, bagging gives better 

results than voting, which means the highest accuracy of the model is created using bagging technique. 

 

Table 4: Comparison between the three algorithms and Ensemble models 

 
Markov chain ANN SVM Voting Bagging 

Correlation Coefficient 0.93 0.82 0.92 0.94 0.97 

Accuracy 93% 82% 92% 94% 97% 
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Fig 12: The comparison between the three algorithms and ensemble models. 

 

6. DISCUSSION AND CONCLUSION 

 

 Water flow forecasting is a significant problem in hydrology. Many algorithms based on machine learning have been 

proposed. In this paper, many types of research in water flow forecasting are reviewed and discussed. It is concluded that it  is not 

easy to determine the best algorithm to be used in any task, and we can't prove which algorithm is better than the other. The only 

method to confirm it is by using a trial and error method. The already tuned algorithms can develop a powerful ensemble model 

than not tuned ones.  

   Ensemble models give better accuracy than single models. In this paper, bagging and voting techniques are used to develop 

ensemble models using three algorithms (ANN, SVR, and Markov chain model). It is recommended to use the Adaboost 

algorithm to compare the results with the other ensemble models. Also, it is recommended to use more numbers of algorithms to 

enhance the performance of forecasting water flow. 
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