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For the purposes of long-term (on time basis of one month) planning and management of water resources systems, long 
term prediction of inflow is needed. In the last two decades, usage of machine learning is becoming popular in the field 
of water resources systems management, whether for real time, short term, mid term or long term predictions of 
hydrological variables. Especially interesting is the usage of supervised learning, defined as the type of machine 
learning used for model development based on given data, which enables prediction and extrapolation on so far unseen 
examples. Supervised learning models are able to use arbitrarily huge amount of variables for model development and 
forecasting. Mentioned facts make the problematics interesting from the climate change point of view, as also from the 
view of model development for assistance in water resources systems planning and management. By using the models 
developed on historical data it is able to predict inflows in conditions of future scenario from climate models and get 
insight in future hydrological conditions and systems management efficiency. Besides classicaly used rainfall for runoff 
modelling, other meteorological variables, if are on disposition, could be included. As searching for appropriate way of 
prediction and supervised learning models architecture is not an easy task, necessary step is reviewing the literature 
about long-term predictions. Therefore, the insight in previous research of long term prediction of inflow using the 
supervised learning is given in the paper. In the literature review are also included researches with considerations of 
climate change influence on water resources systems, based on the predictions using the supervised learning.  
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DLHODOBÁ PREDPOVEĎ PRÍTOKU POUŽITÍM SUPERVÍZOVANÉHO UČENIA. Na účely dlhodobého 
plánovania a riadenia systémov vodných zdrojov je potrebná dlhodobá predpoveď prítoku. V posledných dvoch 
desaťročiach sa využívanie strojového učenia stáva populárnym v oblasti riadenia vodných zdrojov, či už v reálnom 
čase, krátkodobé, strednodobé alebo dlhodobé predpovede hydrologických premenných. Zvlášť zaujímavé je použitie 
supervízovaného učenia, definovaného ako typ strojového učenia, ktoré sa používa na vývoj modelov na základe daných 
údajov, čo umožňuje predpovedanie a extrapoláciu na doteraz neviditeľných príkladoch. Supervízované modely učenia 
sú schopné ľubovoľne používať obrovské množstvo premenných pre vývoj a predpovedanie modelov. Uvedené fakty sú 
zaujímavé z hľadiska klimatických zmien, ako aj z hľadiska modelového rozvoja pomoci pri plánovaní a riadení 
vodných zdrojov. Použitím modelov vyvinutých na základe historických údajov je možné predpovedať prítoky v pod-
mienkach budúceho scenára z klimatických modelov a získať prehľad o budúcich hydrologických podmienkach 
a efektívnosti riadenia systémov. Okrem klasicky používaných zrážok na modelovanie odtoku môžu byť zahrnuté aj iné 
meteorologické premenné, ak sú k dispozícií. Keďže hľadanie vhodného spôsobu predpovede a supervízovaných 
modelov učenia nie je jednoduché, potrebným krokom je preskúmanie literatúry o dlhodobých predpovediach. Z tohto 
dôvodu je v práci uvedený podrobný pohľad na dlhodobú predpoveď prítoku pomocou supervízovaného učenia. 
V prehľade literatúry sú zahrnuté aj výskumy zaoberajúce sa vplyvom klimatickej zmeny na systémy vodných zdrojov, 
založené na predpovediach použitím supervízovaného učenia. 

 
KĽÚČOVÉ SLOVÁ: supervízované učenie, dlhodobá predpoveď, systémy vodných zdrojov, zmena klímy 
 
 
 
 
Introduction 
 
Machine learning (ML) is the part of computer science,  

that is, artificial intelligence, created from endeavor of 
learning computers to recognize and extrapolate data 
patterns by programming. Supervised learning (SL) is 
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one of the basic parts of machine learning. SL is able to, 
on the basis of given data (inputs and outputs) and an 
assumed hypothesis, find such hypothesis (function) 
parameters which generalize on unseen example as well 
as possible. It is used for problems of classification and 
regression. Some examples for SL methods are artificial 
neural networks (ANN), support vector machines 
(SVM), nearest neihgbours methods (NNM), fuzzy 
logics (FL), Bayesian method (BM) etc. As hydrologi-
cal variables have continuous range of values (they are 
not classes), the focus is put on the regression part. The 
nature of SL makes it appropriate for application on 
hydrologicaly studied basins, with developed network 
of hydrological stations, as also with meteorological, 
climatological stations and rain gauges.  
The first phase of the research provided conclusion that 
SL is used for real-time, short term, mid term and long 
term prediction of hydrological quantities. Generally, 
real-time and short term predictions are mostly used as 
they provide greatest amounts of data for model 
building. And as it can be concluded, for models to 
learn patterns in data, it is always more appropriate to 
have greater amount of data. Long term predictions are 
more rarely done. While the predictions on smaller lead 
time (1h or 1 day) are of great importance for decision 
making in the operational purposes, greater lead times 
are important for long term planning purposes. For 
example, long term planning and providing of long term 
policy of water reservoirs is usually done on monthly 
basis. Providing information about the monthly inflow 
for reservoir is of great importance for operation 
strategy Cigizoglu (2005). Here also comes the next 
important classification about SL: predictions are 
usually done in the manner: hour-by-hour, day-by-day, 
month-by-month or any other lead time. That means, 
i.e., that for the prediction of inflow in the next hour, 
observed flow in the current hour is used (if it is the 
part of the model configuration). When someone would 
try to use the built model for next several hours 
prediction, by using already predicted values of flows, 
significant amount of the error would be generated. The 
same thing would happen with any other used lead time. 
So, when it is about long term prediction in the month-
by-month manner, it should be differed from the long 
term planning. Long term planning of water resources 

systems is made for several years or even decades 
ahead, depending on the lifetime and purpose of the 
system. This is quite important because it leads us to the 
SL classification by principal way of data usage: using 
endogeneous or exogeneous variables. Endogeneous 
means that output variable is predicted using the input 
variables of the same type (i.e. prediction of flow using 
flows). Exogeneous means that output variable is 
predicted using physically different input variables (i.e. 
prediction of flow by using precipitation and temperatu-
re). So, generally it is hard task to implement usage of 
endogeneous approach for long term planning, but is 
much easier task to implement it for long term month-
by-month prediction. Endogeneous approach can be 
used for long term planning if timely averaged and 
periodic variables are used, similar to the approach of 
synthetic streamflows generation. The focus of the 
paper is to review the usage of SL for month-by-month 
prediction and long term planning, either by endo-
geneous or exogeneous variables, and provide valuable 
conclusion from literature. The review is the framework 
for attaining the higher goal – building the models 
which use climatological data (mainly precipitation and 
temperature) and which could be used for long term 
predictions and planning. Also, such models could then 
be used for modelling of the hydrological conditions 
under different climatic scenarios as a support for 
decision making. 
 
Review of the literature 
Principles of SL 
 
The general procedure of applying of SL technique (as 
also and ML) is consisted of Šmuc (2013): choosing 
model representation, search algorithm and error 
estimators, as all of those are covered in the review. 
Model representation is simply the SL technique as 
itself – ANN, SVM, NNM, etc. Representations are 
consisted of function and their parameters. Search 
algorithm is the optimization algorithm used for 
searching of the best function parameters, that is, 
parameters which generalize calibration part of the data 
with the smallest error value. Error estimators are 
statistical error measures which describe the accuracy of 
modelled data by comparing it with observed data.  

 

 
Fig. 1. Application of supervised learning based on time framework and input variables. 
Obr. 1. Aplikácia supervízovaného učenia na základe časového rámca a vstupných premenných. 
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From different researches and experience it can be 
concluded that model configuration plays the most 
important role in achieving accurate results. Searching 
for the appropriate model configuration can be time 
exhausting. By model configuration it is meant: model 
representation with its parts and used input and output 
variables. I.e. ANNs are consisted of three or more 
layers with its nodes. Nodes in the first layer are input 
variables (predictors), while nodes in the last layer are 
output (predicted) variables (usually 1 output variable). 
Hidden layers are nodes with its activation functions 
(sigmoid function, radial basis function etc.). Along 
with configuration, learning parameters also play 
important role in the model training process. 
Data is usually split into two or three non-overlapping 
parts: training and testing or training, calibration and 
verification parts. General recommendation is to split it 
in the ratio 65:35, that is, 60:20:20, but those values 
vary as can be seen on figures 2 and 3. Most of the 
researches use the first principle, while the second 
principle is more appropriate. It is because satisfactory 
model performance means that performance on all parts 
should be similar, based on statistical error measures. 
A well behaviour of the model on the training part, and 
a lack of good performance on other parts, probably 
means that model failed to generalize (due to overfitting 
or bias). Performance is checked by using various 
statistical error measures, as can be seen on figures 2, 4 
and 5. Among all of those, correlation coefficient, root 
mean squared error, mean absolute error and particu-
larly coefficient of determination as score percentage 
are the most popular. 
Search algorithms are basically optimization algorithms 
used for searching of the best function parameters in SL. 
Optimization algorithms may be used for improving of 
the SL models performance. For training of the ANN, 
improvements made by Levenberg-Marquardt algorithm 
are highly popular (Latifoglu et al., 2015; Okkan and 
Fistikoglu, 2014; Farajzadeh et al., 2014; Saghafian et 
al., 2013; Akiner and Akkoyunlu, 2012; Guo et al., 
2011; Wu and Chau, 2010), while basically used 
algorithm is the backpropagation algorithm. The 
procedure can additionally be improved by using of 
a genetic algorithm for searching of an appropriate 
ANN architecture (Wu and Chau, 2010). In fact, any 
search algorithms can be applied for parameter 
searching in SL methods or for finding of an appropriate 
configuration of model. 
 
Possible improvements for the purpose of long term 
planning 
 
As it is already mentioned in the introductory part, for 
the long term planning, usage of exogeneous input 
variables is unavoidable. Most of the researches of SL 
usage are related to month-by-month predictions 
(Latifoglu et al., 2015; Liu et al., 2015; Pandhiani and 
Shabri, 2015; Farajzadeh et al., 2014; Terzi, O., 2014; 

Saghafian et al., 2013; Guo et al., 2011; Wu and Chau, 
2010; Nilsson et al., 2006; Cigizoglu, H.K., 2005;Jain et 
al., 1999). Of those researches, most of them are used 
for 1 month ahead, while one is used for 1-6 months 
(Latifoglu et al., 2015) and two for 1-3 months predict-
tions (Liu et al., 2015; Saghafian et al., 2013). Smaller 
amount of researches is used for the purpose of long 
term planning. Okkan and Fistikoglu (2014) used ANN 
for downscaling of precipitation and air temperature 
from global climate models, while monthly runoff was 
estimated by using of a conceptual hydrological model 
GR2M (Okkan and Fistikoglu, 2014). Research 
provided by Akiner and Akkoyunlu (2012) included 
usage of ANN for the purpose of missing values 
interpolation and prediction of rainfall, while runoff was 
estimate by using of SWAT model (Akiner and 
Akkoyunlu, 2012). Nilsson et al (2006) estimated an 
influence of different climatic variables on monthly 
runoff predictions with ANN, as also with a combina-
tion of ANN and a conceptual hydrological model 
(Nilsson et al., 2006). Also, most of reviewed researches 
use endogeneous input variables for predicttion or even 
a combination of endogeneous and exogeneous input 
variables. For the purpose of long term planning, 
building of SL models with exogeneous variables is 
necessary, especially if there is an intention to provide 
long term policy of water resources systens under 
different climate scenarios. Thus, providing of SL 
models with rainfall and air temperature as input 
variables, and flow (that is, water availability or other 
hydrological quantity) as output variable is of main 
concern for future researchers in the field of water 
resources management. It is also noticed that number of 
instances for model building varies over different 
resarches. General recommendation in hydrology is to 
use at least 30 years of historical data for modeling 
purposes and analysis. As ML generally provides more 
accurate results when larger amounts of data are used, 
one of the main concern is to analyse how the length of 
historical series influence the SL models ability to 
generalize. Resarches of this kind should provide 
answers like: which are the minimum lengths of 
historical series needed for building of quality models, 
and do models have ability to generalize outside of used 
historical series and for how much in the future, which 
SL models are most stable in dependence of historical 
series length. After fulfilling this space for improve-
ment, basis for long term planning by using of SL 
models will be achieved.     
Space for additional improvements is the usage of 
different decomposition methods, where techniques like 
Fourier analysis, wavelets, phase space reconstruction, 
singular spectrum analysis etc. can be used. Latifoglu et 
al. (2015) used singular spectrum analysis combined 
with ANN. After the usual model building by using of 
the ANN, they divided flow data into 12 independent 
subcomponents and used them as inputs (from 1 to 4 
previous months) for the prediction of each subcompo-
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nent of the month ahead. Predicted subcomponents were 
summed to create forecasted monthly flow. The proce-
dure resulted in significant enlargement of the coeffi-
cient of correlation and decreased mean absolute error 
and mean squared error. Moreover, the procedure was 
applied for 1-6 months prediction and resulted in 
correlations close to one and low values of other two 
errors (Latifoglu et al., 2015). Pandiani and Shabri 
(2015) achieved significant improvements by using of 
a discrete wavelet transformation as pre-processing 
before the usage of ANN and SVM.  While ANN 
combined with wavelet is very popular method in 
hydrology (Nourani et al., 2014), researches which use 
Hilbert-Huang transform for prediction of hydrological 
variables are rare. Hilbert-Huang transform is a power-
ful data decomposition method able to describe nonli-
near and nonstationary signals (Barnhart, 2011). Its 
applications may be found for decomposition of 
climatic data, which could make it appropriate for long 
term planning and usage of exogeneous variables. 
 
Literature review 
 
A review of selected literature is shown on figures 2 and 
3 (Latifoglu et al., 2015; Liu et al., 2015; Pandhiani and 
Shabri, 2015; Okkan and Fistikoglu, 2014; Farajzadeh 
et al., 2014; Terzi, O., 2014; Saghafian et al., 2013; 
Akiner and Akkoyunlu, 2012; Guo et al., 2011; Wu and 
Chau, 2010; Nilsson et al., 2006; Cigizoglu, H.K., 2005; 
Jain et al., 1999), while belonging abbreviations are in 
table 1. 
 
Discussion 
Inclusion of the climate change impact 
 
In the terms of long term predictions and planning, 
inclusion of climatic change for the purpose to decision 
policy dependent on different climate scenarios is the 
next step. Some works including SL for that purpose 
will be mentioned, but also there are few researches of 
that nature, especially when it comes to more speficific 
subject of hydraulic structures used for water regime 
regulation. Anyway, the methodology is similar no 
matter which water resource system is used. Generally, 

global climate models (GCM), with spatial resolution of 
100-300 km, are used for climate scenarios generation 
derived from various greenhouse gases emissions and 
response of the climate system (Baede, 2007 as cited in 
Winkler et al., 2011). As for experts in water resources 
field, of the greatest interest is to derive information 
about hydrological variables on local or eventually 
regional level, the process of downscaling from GCM is 
necessary. For water availability estimation based on 
diferent climate scenarios, the usage of the local 
information is needed. For that purpose, as precipitation 
and air temperature are the most reliable outputs from 
climate models, water availability on specific location 
should be connected with precipitation and air 
temperature from surrounding meteorological stations. 
Therefore, SL can be used as a type called empirical-
dynamical downscaling, where downscaling is done 
directly from GCM or from regional climate models 
(derived from GCM) to meteorological stations 
(principles of downscaling can be found in Winkler et 
al., 2011). Most of researches use SL hydrological 
modeling of present situations. There is enough space 
for researches of the estimation of the impact of climate 
changes by using SL. I.e. Elgaali and Garcia (2007) 
used ANN for the estimation of climate change impact 
on accumalated precipitation for water supply (Winkler 
et al., 2011). Okkan and Fistikoglu (2014) used LM 
ANN for downscaling of the air temperature and 
precipitation, but used parametric conceptual hydrolo-
gical model for monthly runoff estimation from those 
variables (Jain et al., 1999). Moreover, water availabi-
lity problems for long term planning propose a need for 
using of optimization procedures to estimate a degree of 
satisfactory of users. Thus, simulations made by SL can 
be used for simulation-optimization procedures for the 
estimation of long term policy of water resources 
systems. Principal representation of potential method-
logy is shown on figure 4, together with the order of 
model building and usage. Usage of SL for water 
availability estimation in simulation-optimization proce-
dures is not so common. I.e. example of usage of ANN 
for simulation, and also comparison with dynamic 
programming optimization method, can be found in 
(Jain et al., 1999). 

 
Table 1. Abbreviations related to the literature review  
Tabuľka 1. Skratky týkajúce sa prehľadu literatúry  

SL models 

ANN…artificial neural network; SVM…support vector machine; NNM…nearest neighbours method; 
ANFIS…adaptive neuro-fuzzy inference system; GP…genetic programming; MLR…multiple linear 
regression; ARMA…autoregressive moving average; ARIMA…autoregressive integrated moving 
average (ARMA and ARIMA are stochastic models, but often compared with SL) 

Search algorithms 
and methods for 
improvement 

PSO…particle swarm optimization; LM…Levenberg-Marquardt algorithm; GD…gradient descent 
algorithm; GA…genetic algorithm; W…wavelet method; LS…least squares; SSA…singular spectrum 
analysis; PSR…phase space reconstruction; BMA…Bayesian model averageing; MA…moving average 

Statistical error 
measures 

RMSE…root mean squared error; MAE…mean absolute error; NS…Nash-Sutcliffe coefficient; 
R…correlation coefficient; R2…coefficient of determination; MRE…mean relative error; E…coefficient 
of efficiency; PI…persistence index; QR…qualified rate; MSE…mean square error 

Other 
explanations 

/…uknown, missing, or remark; b…basin; s…station; t/t…training and testing; t/c/v…training, calibre-
tion and testing; EN…endogeneous; EX…exogeneous; MBM…month-by-month; LTP…long term 
planning; inp…input variables; out…output variables; tot…totally; mv…missing values; p…prediction 
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Fig. 4. Principal representation of the methodology for the estimation of climate change 
impact on long term planning  
Obr. 4. Hlavné znázornenie metodiky pre odhad vplyvu zmeny klímy na dlhodobé 
plánovanie.  

 
 
 
According to figure 4, the first step is building of the SL 
model for obtaining the relationship between hydrolo-
gical variable at the station of interest. Therefore, water 
availability is described with data from meteorological 
stations. This simulation model can be used for 
optimization of the user needs and long term policy of 
water resources system in the present situations (step 2). 
The third step is obtaining of the relationship between 
output from climate models (global or regional) and 
meteorological stations. Then, future variables on 
meteorological stations can be predicted, as also water 
availability from predictions on meteorological stations 
(model built in the first step is used). Finally, on the 
basis of simulations from the fifth step and projected 
user’s needs, future long term policy of water resources 
system can be estimated. Moreover, cost-benefit 
analysis can be done, and appropriate policy, depending 
on the scenario in the future, can be applied. Obtaining 
of the first step, building of the SL model able to 
provide water availability on certain location from 
surounding meteorological stations is the most 
important step. 
 
Conclusion 
 
In the paper basic principles of usage of supervised 
learning techniques of machine learning, for long term 
prediction and planning are proposed. Long term 
planning for the purpose of adequate water resources 
management by using of the supervised learning 
predictions is the objective of the research. Basic 
assumptions for application were introduced as also the 
literature review was proposed. From the literature 
review, space for future researches was shown. Methods 
of machine learning learn from data, so the major 
question for application is the number of instances in 
data for long term predictions and planning. So, the 

influence of historical series lengths on supervised 
learning methods ability to model hydrological variables 
should be investigated. Proposed models should be 
stable in dependence of length if they are going to be 
used for long term planning. Also, for the purpose of 
long term planning, models must be built by using of 
exogeneous input variables, mainly climatological 
variables. Building of models with mentioned assump-
tions, able to model relations between climatological 
variables as input, and hydrological variable as output, 
is the main step and basis of the water resources systems 
management with supervised learning. 
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DLHODOBÁ PREDPOVEĎ PRÍTOKU POUŽITÍM SUPERVÍZOVANÉHO UČENIA 
 
 
V článku sú navrhnuté základné princípy používania 
supervízovaných učebných techník strojového učenia, 
dlhodobej predpovede a plánovania. Cieľom výskumu 
je dlhodobé plánovanie na účely primeraného manaž-
mentu vodných zdrojov využitím predpovedí supervízo-
vaného učenia. V práci boli uvedené základné pred-
poklady pre aplikáciu, ako aj návrh literatúry. Z prehľa-
du literatúry sa ukázal priestor pre budúce výskumy. 
Metódy strojového učenia sa učia z dát, takže hlavnou 
otázkou pre aplikáciu je počet prípadov v údajoch pre 
dlhodobé predpovede a plánovanie. Preto by mal byť 
skúmaný vplyv historických sérií dĺžok na metódy 

supervízovaných metód učenia na modelovanie hydro-
logických premenných. Navrhované modely by mali 
byť stabilné v závislosti od rozsahu, ak sa budú použí-
vať na dlhodobé plánovanie. Na účely dlhodobého plá-
novania sa modely musia stavať aj pomocou exogén-
nych vstupných premenných, najmä klimatologických 
premenných. Vybudovanie modelov s uvedenými 
predpokladmi, ktoré sú schopné modelovať vzťahy 
medzi klimatologickými premennými ako vstupom 
a hydrologickou premennou ako výstupom, je hlavným 
krokom a základom riadenia systémov vodných zdrojov 
so supervízovaným vzdelávaním. 
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