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Complex Hydrological System Inflow Prediction using Artificial Neural Network

Petar MATIC*, Ozren BEGO, Matko MALES

Abstract: Artificial neural networks have been successfully used to model and predict water flows for a few decades. Different network types have proven to work better in
different cases and additional tools and algorithms have been implemented to improve those neural models. However, some problems still occur in certain cases. This paper
deals with the limitation of complex hydrological system inflow prediction using artificial neural network and inflow time series. This limitation is called the prediction lag and
it disables the model from giving accurate predictions. To eliminate the prediction lag and to extend prediction horizon an alternative input variable named forecasted
precipitation frequency is proposed in addition to antecedent inflow time-series. Simulation results prove the efficiency of the proposed solution that enables time series
neural network model for 7th-day inflow prediction. This represents important information in operational planning of the hydrological system, used for short-term optimization

of the system, e.g. optimization of the hydroelectric power plant operation.
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1 INTRODUCTION

Water and water streams represent a natural resource
that is widely used in water supply, agriculture and
transport, while water power is easily exploited for
obtaining other energy forms, such as electrical energy in
hydroelectric power plant (HPP). However, the well-
known fact of water cycle implies uncertainty of water
availability in terms of quantity and time of occurrence. In
order to optimize the use of water resources, hydrological
models are used to make predictions of the hydrological
variables, such as runoff, i.e. inflow, the most commonly
predicted hydrological variable based on research
published in [1].

The occurrence of runoff from the catchment is a
complex function of different geographical, geological,
biological, climatological and anthropological variables
[2], where the relationship is usually non-linear [3].
Complexity and non-linearity of the hydrological system
are further expressed in karst. Karst is a distinctive relief
with a dominant underground flow through soluble rocks
such as limestone, dolomite, gypsum (plaster), chalk and
halite. The main problem in modelling runoff in karst is the
fact that certain features of the catchment area, such as
underground streams and reservoirs, are often unknown, or
difficult to measure. Therefore, data based modelling is
often a more convenient solution, regarding the appropriate
measurements are available.

Artificial neural networks (ANNs) have the ability to
model nonlinear systems based on the available data. The
universal approximation capabilities of the multilayer
perceptron (MLP) made it a popular choice for modelling
various systems, where hydrological processes make no
exception, as discussed in [1] and [4]. ANNs were found
more than convenient, easy-to-use tool, which outperforms
traditional statistical and physical models, as discussed in
[5-8] and [9]. Some applications of ANNs to inflow
modelling and prediction on karst landscape can be found
in [9-12] and [13].

Although ANNs have been successfully used for short-
term inflow predictions, they do not represent a universal
solution for modelling nonlinear systems and are highly
data dependant. This can be supplemented by the research
presented in [14] where different input variables were

tested on the same catchment for various monthly
predictions. In cases of weak connection between input and
output data, the accuracy of predictions was compromised
and similar occurred in this research.

In this paper, a short-term inflow prediction of the river
Cetina to accumulation Peruca in Croatia using ANN and
the available data was investigated. Based on available data
obtained by Croatian Meteorological and Hydrological
Service (CMHS), neural models were formed using
different variables as inputs and the results were compared,
as shown in section 4.1 of this paper. However, no matter
which input variables were used, all of the analysed models
suffered from a prediction lag deficiency which confirmed
the existence of a prediction lag effect for the case study.

To eliminate prediction lag effect and extend prediction
horizon an alternative input variable is introduced, as
described in section 4.2. This variable is named forecasted
precipitation frequency (f;), which has a meaning of a
number of rain occurrences in period of k-days. The idea is
to have a variable of a sufficient predictability (high
probability) that "carries information from the future" and
acts as a trigger, which, in conjunction with other input
variables, enables the model to predict sudden changes of the
output variable.

Furthermore, the prediction horizon represents an
everlasting research topic, especially in case of inflow
predictions for the purpose of hydrological system
optimization, e.g. hydroelectric power plant (HPP)
operation optimization. Prediction horizon is determined
by the hydrological characteristics of the system, and it
causes rapid decrease in prediction accuracy after optimal
horizon is exceeded. A way to extend the prediction
horizon is to use weather forecasts, i.e. precipitation
forecasts, as in [15] and [16]. Unfortunately, precipitation
forecasts are far from perfect and show high uncertainty
[17]. The way of making weather forecasts more useful for
prediction is to find a way to extract more reliable
information from them, as proposed in this paper.

2 THE PREDICTION LAG EFFECT

The prediction lag effect can be described as model
giving response with a delay, thus being unable to predict
sudden changes of the output variable before they actually

172

Technical Gazette 29, 1(2022), 172-177



Petar MATIC et al.: Complex Hydrological System Inflow Prediction using Artificial Neural Network

happen. This problem is associated with the prediction
based on time series, where the occurrence of the
prediction lag is explained by the lack of information that
would indicate a sudden change of the predicted variable.

In simpler hydrological systems, this problem is
usually solved just by adding antecedent rainfall to the set
of input variables, as discussed in [4]. However, in more
complex landscapes precipitation does not always reflect
the runoff variations in the same manner. Precipitation
information content may become inferior to the other input
variables, e.g. antecedent inflow. In those cases, ANN
easily discards precipitation during training, and uses only
flow to approximate input-output mapping, as noted in
[18]. In the same paper, it is pointed out that this
phenomenon is still to be explored and adequate solution
needs to be found.

Although it represents a serious drawback of the
model, these timing errors (prediction lags) have received
little attention, as in [7, 12, 19-23], which all present results
with noticeable prediction lag but do not refer to the
problem. These lagged predictions would of course reflect
the overall performance of the model expressed in terms of
numerical quality measure. Researchers would then turn to
advanced algorithms in order to improve model
performances, as in [23] and [24], failing to observe the
actual problem, the lag effect.

3 MODELLING METHOD: ARTIFICIAL NEURAL
NETWORKS

Inspired by biological neural networks, artificial neural
networks (ANNs) represent a simplified mathematical
model of the process that occurs in the brain of living beings,
as explained in detail in [25]. Based on the type of neurons
and the way they are connected, different ANNs have been
developed over time and applied to different fields of
science, ranging from pattern recognition to function
approximation for modelling and prediction. The focus of
this research was to enable inflow prediction for the complex
hydrological system using an ANN as a modelling tool since
it was not possible due to the prediction lag effect.

ANN was chosen as a modelling tool due to its
advantages over similar data based modelling approaches. A
static feed-forward ANN called Multi-Layer Perceptron
(MLP) represents the most commonly used network for
modelling processes. Although, it would be expected for
dynamical ANNS, like recurrent neural networks (RNN) to
be more suitable for modelling dynamical processes like
inflow, some experiments show, e.g. [26], that MLP can
equal or even outperform RNN. On the other hand, some of
the researchers went the other way and produced fair results
using RNN, as in [27]. Although there are papers comparing
different type of networks, e.g. [28] and [29], there is no
agreement on optimal ANN type and this topic remains open
to further investigation. In this paper, an MLP neural
network is used as the most common as well as convenient
solution.

To define MLP model, it is necessary to determine a
number of inputs (N;), number of hidden neurons (M) and
number of output neurons (N,), i.e. number of output
variables. Determination of the input variables is case
dependent, and therefore it is discussed in more detail in
section 4.3 of this paper. Number of output neurones is

determined by the number of output variables, and in this
case it is one neuron, to predict the inflow of the seventh day.

Optimal number of MLP layers was often the subject of
research. However, it has been proven that two-layer
structure is sufficient to approximate any practical function,
given enough neurons in hidden layer [30]. Number of
hidden neurons (V) determines the quality of the model, and
therefore represents inevitable subject of research in model
development process. To determine the optimal number of
hidden neurons, in this paper the Bayesian regularization
(BR) was used in addition to the experiment of training
ANNSs with different number of hidden neurons. BR, which
can be found explained in [31], can be a useful tool in
determining sufficient number of hidden neurons, making an
improvement to the Levenberg-Marquardt (LM) algorithm,
explained in [32] and [33]. LM was proven to be the fastest
and most appropriate algorithm for training networks
containing up to a few hundreds of adjustable parameters
[34].

Therefore, MLP with two layers was used in this
research to form a neural model for short-term inflow
prediction. The network is trained with BR training
algorithm in Matlab, using the data obtained from the
CMHS.

4 CASE STUDY: PREDICTION OF THE RIVER CETINA
INFLOW TO A RESORVOIR PERUCA

River Cetina basin, shown in Fig. 1, is the second largest
basin of the Dinaric karst area with inflow into the Adriatic
Sea and one of the most important water streams in Croatia.
With a total length from source to estuary of 105 km and
total drop in the amount of 385 m, it represents a significant
water and energy potential that is used for electric power
production, water supply of the wide area, as well as in
tourism and wastewater drainage.
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Figure 1 River Cetina basin

In the entire system, the most vulnerable to large inflows
is reservoir Peruca, because of the accumulation capacity
insufficient to accept large inflows during the period in
which high water levels are present in the reservoir. By using
inflow predictions up to seven days, negative effects of large
water waves could be avoided. Furthermore, inflow
predictions represent important information in operational
planning of the hydrological system where inflow
predictions are used for short-term optimization of the
system such as operational planning of the HPP.
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4.1 Data Analysis

The available data include time series of average daily
values of the variables measured at stations charted in Fig.
3 and noted in Tab. 1. The measurements were taken in 5-
year period from 2007 to 2012. All data were obtained
from the CMHS, which represented the only available time
series data at the beginning of the research.

Table 1 Available measured data

Data No. Variable Location Unit
1 Flow Vinali¢ m’s”!
2 Precipitation Vrlika mm
3 Temperature Drni§ °C
4 Forecasted precipitation Basin area mm

To investigate available data influence on a modelled
variable, i.e. inflow, and to alleviate input variable
selection process, a correlation analysis was performed
with results shown in Fig. 2.
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Figure 2 Correlation analysis of the precipitation, temperature and inflow time
series

Based on the low value of the cross-correlation
coefficient (CC < 0,42) it can be assumed that influence of
the available precipitation data to the inflow is low.
Correlation between available temperature measurements
and flow has a negative value, which implies inversely
proportional relationship, but still with low CC values that
imply low variable dependence. On the other hand,
autocorrelation coefficients (4C) between instant and
antecedent inflow are of much higher values. Based on the
presented analysis, it may be assumed that the only
influential variable to the inflow prediction is the inflow
itself. However, since the correlation analysis examines
linear dependence between variables, the correlation-based
assumption was tested on a model-based experiment, with
graphical representation of the results shown in Fig. 3.
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Figure 3 Comparison of TS, RR and MV model's prediction to an actual inflow
of the seventh day

For the experiment purposes, three types of neural
models (7S, RR and MV') were formed for one to nine days
inflow prediction. A time series model (7S) that uses only

antecedent inflows (-1, ... , qp) as inputs; a rainfall-

runoff model (RR) that, beside antecedent inflow, uses

antecedent precipitation (p~i1, ... , p.p); and a multi-

variable model (MV)) that adds antecedent temperature (¢
1, ... », 1) to the set of inputs to predict future inflow (g,
N qt+k).

Experiment results suggest that model makes no use of
rainfall and temperature information, i.e. adding available
rainfall and temperature data to the set of inputs could not
prevent the prediction lag effect, as presented in Fig. 3.
Therefore, to eliminate the prediction lag effect and
preferably to extend the prediction horizon (k) up to seven
days an alternative input variable, a forecasted
precipitation frequency, is introduced.

4.2 Forecasted Precipitation Frequency (fi)

Forecasted precipitation frequency for the period of &
days (fx) is calculated based on weather forecasts obtained
from CMHS. Forecasted precipitation quantities of a single
day (n) for the basin area (FPg(n)) were acquired from
simulation, using the ECMWF (European Centre for
Medium Range Weather Forecasting) model.

Let FPp(n) be the binary function that says if there is
a relevant rain quantity forecasted for day » or not, as
defined by Eq. (1). Then, f; is calculated as a sum of days
with forecasted daily precipitation quantities higher than 1
mm in the period of £ days, as defined by Eq. (2) and Eq.
(3). Therefore, f; is a function that represents the number
of days with forecasted significant rainfall occurrences in
period of k days and it is always a natural number.

0, FFy(n)<lmm
Fpm =1, FPy(n)>1mm M)

k
fi =D FPy(n) )

n=1

fe {01} > {0,1,...k} = N 3)

mCC fk CC_precipitation

1 2 3 4 5 6 7 8 9 &k
Figure 4 Correlation based reliability analysis of the forecasted precipitation and
forecasted precipitation frequency (f)

It makes perfect sense to use precipitation forecast to
predict future inflow. However, accuracy and reliability of
precipitation forecast is relatively low, as noted in [8], and
also confirmed by low value of correlation coefficients
between forecasted precipitation and actual precipitation
occurrences. As shown in Fig. 4 the correlation coefficient
(CC) for the first day forecast is low (0,6), and it decreases
with the increase of the prediction horizon (k).
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Correlation results presented in Fig. 4 suggest that the
forecasted precipitation quantity is useless information for
the targeted prediction horizon of seven days (since CC <
0,3 for k£ > 6). On the other hand, correlation coefficients
between forecasted precipitation frequency (f;) and actual
precipitation frequency have higher values, as can be seen
from the results of correlation analysis shown in Fig. 4.
Correlation analysis shows high CC values between the
actual and forecasted precipitation frequency for the
targeted prediction horizon & > 7, with the value of CC =
0,8 for k =7, thus indicating high reliability of the created
variable.

4.3 Model Development

MLP neural network with a structure of universal
approximator, e.g. [25] and [30], is used to form a model
for inflow prediction from k£ = 1 to £ = 9 days ahead. The
model is formed based on the direct method principle,
shown in Fig. 5. Opposed to indirect method that uses -
networks to perform k-steps prediction, also investigated in
this research, direct method uses a single network to predict
k-step ahead, and it was used for the modelling simplicity
since both methods were equally accurate. Antecedent
inflow, (g~1, ..., ¢~0) and forecasted precipitation
frequency (fi) are selected as inputs based on the model
based research, meaning, the model uses a number of
QO + 1 inputs (N; = Q + 1) and one output (N, = 1).

LT
Figure 5 Direct method based model structure for multi-step prediction

To calibrate the model, i.e. to train the network, BR
algorithm was used and the experiments were performed in
order to determine the optimal number of input and hidden
neurons, where sets of Qe[1, 10] and M, €[1, 20] were
searched for optimal solution. Furthermore, since training
outcome is affected by the initial values of the network
parameters (w), in order to bring the solution closer to a
global minimum, a multi-start is applied. This means that
each network structure with different initial values of the
parameters w is trained / times, and the best-evaluated
network is chosen to be a representative model. /=10 was
used as the optimal number of consecutive network
trainings based on a recommendation from [18].

The network was trained using 4-year daily data,
which made 1460 examples for the training purposes and
l-year data, i.e. 365 examples for model evaluation,
meaning that the prediction of the model was tested in
unfamiliar cases. During the training, data has been divided
randomly to "train", "test" and "validation" subsets in order
to make use of early stopping method, as described in [34].

This method is used as prevention for overtraining, i.e. to
improve generalization abilities of the model.

4.5 Model Evaluation

The paper [35] presents an overview of commonly
used measures in hydrology and suggests the use of at least
one relative and one absolute error measure for optimal
model evaluation. Therefore, absolute measures: root mean
squared error (RMSE), mean absolute error (MAE); and
relative measures: Nash-Sutchllife coefficient of efficiency
(CE), percent bias (PBIAS) and RSR (RMSE to standard
deviation ratio), are used in this paper to evaluate the
quality of model prediction

Values of RMSE, MAE and RSR range from high
values (+0) to 0, with lower values indicating lower errors.
CE values range from negative values (—0) to 1, where
high positive values indicate a better fit. PB/4S measures
the average propensity of the model to predict values
smaller or larger than the measurements, as stated in [36].
The values of the PBIAS criteria range in the interval from
0 to £100%, with smaller values indicating a better model
performance. Positive values indicate a model bias toward
underestimation, while negative values indicate a bias
toward overestimation.

In paper [37], model classification is made based on
the values of CE, RSR and PBIAS quality measures. The
same classification is presented here in Tab. 2 and is used
in this paper to determine acceptable model performance
and optimal prediction horizon (k).

Table 2 Model classification based on CE, RSR and PBIAS values

Model quality CE RSR PBIAS
Very good (0.75, 1.00] [0.00, 0.50] <+10%
good (0.65, 0.75] (0.50, 0.60] [£10, £15) %

Satisfactory (0.5, 0.65] (0.6, 0.70] [£15,425) %

Unsatisfactory <05 >0.7 >+25%

However, none of the numerical measures have shown
the ability to penalize the prediction lag effect deficiency.
Therefore, graphical evaluation imposes a mandatory
supplement to the numerical evaluation of the model
performance.

5 SIMULATION RESULTS

In order to determine model's quality and establish
optimal prediction horizon, RMSE, MAE, CE, RSR and
PBIAS are calculated for different prediction horizons,
ranging from k=1 to k=9, and the results are presented in
Tab. 3. For every £, an optimal number of input and hidden
neurons was investigated to determine an optimal model
structure as discussed in chapter 4.3.

Table 3 Evaluation of model prediction for horizons ke[1, 9]

k| optimal e | wmae | cE | mse | PBIASY
structure %
1 481 1,267 | 0,564 | 0922 | 0278 | 2,59
2 | 481 2,730 | 1,139 | 0,690 | 0,558 | —1,541
3 | 581 3270 | 1,677 | 0,605 | 0,698 | 8,486
4 | 781 3.648 | 1957 | 0,555 | 0,645 | —7.902
5 | 781 3.649 | 2,183 | 0,578 | 0611 | 1237
6 | 811-1 | 3,676 | 2272 | 0582 | 0,635 | 1892
7 | 8161 | 3879 | 2488 | 0542 | 0.650 | 21,65
8 | 7-16-1 | 4523 | 2.808 | 0346 | 0,659 | 23.42
9 | 9191 | 4761 | 3.054 | 0321 | 0,758 | 23.29
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Based on the results from Tab. 3, it can be noted that
prediction quality decreases as the prediction horizon rises.
According to the criteria stated in Tab. 2, the model has
satisfactory performances for the values up to £ < 7. This
implies that the model can be used for predictions of up to
seventh day. Model's tendency toward overestimation can
also be noted, since the value of PBIAS is negative.

In order to evaluate the model's ability to eliminate
prediction lag deficiency, a graphical comparison of the
model response and actual inflow of the seventh day is

shown in Fig. 6. Data of the year 2012 were used to test the
model, and the same data were not presented to the model
during the calibration.

Based on the results displayed in Fig. 6 it can be noted
that a neural model using the f; variable can predict inflow
variations seven days ahead without lag effect in most
cases. Although model response varies in terms of
accuracy, most of the moments of significant changes of
the inflow are accurately predicted, which proves the
efficiency of the proposed solution.
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Figure 6 Comparison of the model's prediction to an actual inflow of the seventh day

6 CONCLUSION

Based on the experiments performed, it can be
concluded that ANNs have justified the reputation of a
flexible tool, capable of modelling complex, nonlinear
systems, but also pointed out that ANNs greatly depend on
the data that can be collected from the modelled system.

For the case of the river Cetina a prediction lag effect
was detected, making the model unable to predict sudden
changes of the inflow, as described in chapter 4.1.
Furthermore, none of the available measured variables, i.e.
precipitation and temperature, could eliminate this lag
effect when added to the set of inputs, nor could it
contribute to the model's performance quality. Therefore,
in order to eliminate the prediction lag effect and to extend
prediction horizon of the model, forecasted precipitation
frequency for the prediction horizon of k days (f;) was
added to the antecedent inflow time series at the input of
the model.

Based on the results presented in section 5 of this
paper, it can be concluded that the variable f; can help to
predict sudden changes of the inflow, thus solve the
problem of the lag effect for the case study of the river
Cetina. Experimental results indicate that sufficiently
accurate inflow prediction for the seventh day is possible
using the proposed solution, which makes this model
suitable for short term optimization of the hydrological
system.

It can be emphasised that although the prediction lag
effect is eliminated and numerical measures fairly evaluate
the model, it is assumed that further improvements of the
prediction accuracy could be made. Therefore, the focus of
further investigation should be on the improvement of the
prediction accuracy and the application of this solution to
the optimization of a hydro power plant operation.
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