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Abstract. The operation river ice and water temperature forecasting system of the Hungarian Hydrological Forecasting
Service is based on a dual approach. The estimation of the energy balance of the Danube River is carried out as a
physical approach that incorporates all available hydro-meteorological data and on the other hand a conceptual method
is taken into consideration based on the relationship of air and stream temperatures. Both of the methods are results of
continuous research and are fine-tuned for state-of-the-art performance on the Hungarian Danube reach. Superior
calibration and validation results (0.27-0.68°C on a 10-day lead time for validation) were achieved compared to other
published cases of recent years dealing with similar or larger rivers.

1 Introduction
The increasing intensity of the hydrological cycle
caused numerous flood events during the past years, but
the circumstances necessary for river ice occurrence were
observed only a few times, and the two phenomena rarely
occur together. Such a rare event was the ice occurrence
on the Danube River in 2017, and the quickly following
icy flood on the Tisza river. These events highlighted that
rivers can still present unexpected challenges in river ice
management. A comprehensive report on these events
were published by the International Commission for the
Protection of the Danube River (Mladenović et al. 2018).
These events are hazards with both economical and human
impact thus their safe management is priority but a
complex engineering task. The forecast and preparation for
these events are among the main tasks of protection.
The importance of river ice prediction on the Danube
river is a well-known fact for more than a century in order
to fully exploit the autumn navigation season, which is still
one of the key reasons for river ice prediction because
floating ice sheets often of 60 cm thickness and 5 metres
of diameter (Keve 2012) can cause severe damage to ships
and ferries, not just risking cargo but crew and passengers.
Industrial utilization such as hydroelectric power
generation or cooling-water of fossil and nuclear power
plants is another key reason for river ice and water
temperature prediction due to environmental regulations of
cooling-water outlets. Moreover river related recreation
and entertainment services can also rely on water
temperature forecasts. River ice prediction is heavily
dependent on water temperature forecast, thus sufficient
a
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efficiency is only obtainable through a reliable water
temperature model.
Regarding to the classification of Benyahya et al.
(2007) most of the water temperature models are either
deterministic (D) or statistic (S). Deterministic models are
mathematical representations of the physical processes,
generally based on the energy balance approach, while
statistical models are classified into either parametric (S/P)
(regression and stochastic models) or non-parametric
(S/NP) models (machine learning, artificial neural
networks).
Calibration and validation results of five statisticallyand seven deterministically-based former studies are
presented in Table 1. While the RMSEs ranged between
0.5°C and 1°C for rivers of Qmean < 500 m3/s for both
deterministic and statistic models, RMSE increases to the
range of 1-4°C for larger rivers. These results indicate that
water temperature modelling is generally less efficient on
larger rivers (Benyahya et al. 2007, Westhoff et al. 2007).
The Hungarian Hydrological Forecasting Service
predicts water temperature on the Hungarian reaches of the
Danube and Tisza rivers on a daily basis. The research site
selected for this paper is Paks station on the Hungarian
Danube reach (Figure 1).
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Figure 1. Map of the Danube catchment

Author

Class

River

RMSE
calib.
[°C]

RMSE
valid.
[°C]

AhmadiNedushan et
al. (2007)

S/P

Moisie

0.50-0.51

0.52-0.53

Westhoff et
al. (2007)

D

Maisbich

1.01

-

van Vliet et
al. (2012)

D

Danube

2.5

-

Toffolon &
Piccolroaz
(2015)

D

0.58-0.91

0.62-1.05

Oullet-Prouéx
et al. (2017)

D

1.37-1.38

1.51-1.54

Zhang &
Johnson
(2017)
Zhu et al.
(2018)

Mentue,
Dismabach
and Rhóne
Nechako
and
Miramichi

S/P

Missouri

1.74-3.53

-

S/P

Missouri

1.72-3.94

-

Zhu et al.
(2018)

S/
NP

Missouri

1.49-1.97

-

Tavares et al.
(2018)
Piotrowski &
Napiorkowski
(2018)

D

Cebollati

1.29

1.24

D

Biala
Tarnowska

1.12

0.91

Zhu et al.
(2019)

S/
NP

Drava

0.95-2.58

1.30-2.73

Zhu et al.
(2019)

D

Drava

0.87-1.04

0.89-1.37

Table 1. Comparison of water temperature modelling results
with other published studies.

The average annual discharge of the Danube River at
Paks is 2324 m3/s. The average water temperature in the
study period was 12.82°C, the minimum was 0.4°C and
maximum was 26.8°C. The study site is characterized by
semihumid temperate climate with oceanic (mostly in
summer months), continental (mostly in winter months)
and Mediterranean influences (Gyarmati et al. 1997, Ács
& Bauer 2013). River ice typically occurs between
December and early March. The average temperature of
the coldest month (January) is around 0°C. The number of
frost days (daily minimum temperature < 0°C) and the
number of winter days (daily maximum temperature <
0°C) reflects the local ice generation potential of winter

seasons. Several studies on the long-term evaluation of the
number of frost days are available (Gyarmati et al. 1997,
Szalai & Szentimrey 2005, Kocsis 2018) that indicate
slight decrement of -0.14 days/year. The number of frost
and winter days show a wide variation across the country
with an average of 90 to 100 frost days and 20 to 30 winter
days along the Danube (Kocsis 2018). The gauging station
at Paks is an important location for water temperature
prediction due to the nuclear power plant located along the
river and utilising cooling water.
This paper aims to present the operational water
temperature and river ice prediction technics used by the
Hungarian Hydrological Forecasting Service and compare
their performance to artificial neural network solutions.
The study aims to contribute to water temperature
modelling of larger rivers.

2 Materials and Methods
2.1. Deterministic method - The estimation of the
energy balance
The river ice and water temperature forecasting system
for the Hungarian Danube reach has been developed and
operated by the Hungarian Hydrological Forecasting
Service. First of the methods is the estimation of the terms
of the energy balance of water published by Starosolszky
(1969) and many other e.g. Mohseni & Stefan (1999). The
model uses the observed water temperature as an initial
condition and estimates the daily changes based on the
energy balance driven mainly by the predicted air
temperature of the ECMWF meteorological model. The
governing equation of the energy balance is:
𝐸! − 𝐸" = (1 − 𝐴) ∙ 𝐸#$
+𝐸%$ − 𝐸# + 𝐸& + 𝐸' + 𝐸(

(1)

Where Eo is the total energy emitted or absorbed, Eu is
the energy flux through the river bed, Esw is the net solar
(shortwave) radiation, A is the albedo, Elw is the
atmospheric (longwave) radiation, Es is the emitted
longwave radiation of water surface, Ec is the sensible heat
transfer on the water-air boundary layer (convective heat
flux), Ee is the energy loss or gain from evaporation or
vapor condensation (latent heat transfer or evaporative
heat flux), Ep is the energy from precipitation.
The clear sky (or blue sky) net shortwave radiation
(Esw0) is a sum of direct (Eswdir) and diffuse (Eswdif)
radiations.
𝐸#$! = 𝐸#$)*+ + 𝐸#$)*,

(2)

Equations for direct solar radiation are available
(Dozier 1979), its value can be estimated with sufficient
accuracy based on the formulas of spherical trigonometry.
𝛿 = sin-. [0.398 sin(𝜀)]

(3)

Where 𝛿 is the declination angle. 𝜀 the solar longitude.
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𝜀 = 4.871 + 0.0175𝑑 + 0.033 sin(0.0175𝑑)

(4)

Where d is the day of year. The hour angle (ω) is
written as:
𝜔 = 𝜆 + 0.043 sin(2𝜀)
− 0.033 sin(0.0175𝑑)
+ 0.262𝑇"/& − 𝑛

(5)

Where λ is the longitude in radian and 𝑇"/& is the hour
in UTC. The solar elevation is calculated as:
𝛼 = sin-. [sin(𝜑) sin(𝛿) + cos(𝜑) cos(𝛿) cos(𝜔)]

(6)

Where φ is the latitude in radian. The azimuth (𝛽) is
written as:
𝛽 = sin-. [cos(𝛿)/ cos(𝛼) ∗ sin(𝜔)]
(7)
Finally the radiation angle (η) is calculated by the
following equation:
𝜂 = cos-. [cos(𝛼) sin(𝛾) cos(𝛽 − 𝜃)
+ sin(𝛼) cos(𝛾)]

(8)

Where 𝛾 is the slope angle in radian and 𝜃 is the
exposure in radian. The exposure is 0° at North, 90° at
East, 180°South and 270°at West. We multiply the direct
shortwave radiation normal to the surface by the cosine of
the radiation angle.
𝑆)*+ = 𝑆0 cos(𝜂)

(9)

Where 𝑆0 is the incoming shortwave radiation
perpendicular to the surface.
𝑆0 = 𝑆& 𝜏 1

(10)

Where 𝑆& is the solar constant (~1380 W/m2), 𝜏 is the
atmospheric emissivity (~0.8) and m is the exponent
written as:
𝑚 = N1229 + [614 sin(𝛼)]2 − 614 sin(𝛼)

(11)

The estimation of the diffuse component of shortwave
radiation is not as exact. We use the following empirical
equation (Liu and Jordan 1960, Gates 1980, Linacre 1992,
Oliphant et al. 2006):
𝐸#$)*, = 𝑆& (0,271 −

0,294𝜏 1! )𝑆'

(12)

Where Erhdif is the diffuse shortwave radiation [J/m2s],
Sc is the solar constant [J/m2s], Se is the solar elevation
[rad], τ is the atmospheric transmission coefficient and
m0 is derived from the following equation:
𝑚0 = N1229 + (614 𝑠𝑖𝑛𝑆'

)2

− 614 𝑠𝑖𝑛𝑆'

(13)

In case of cloud cover the net shortwave radiation is a
portion of the clear sky value:

𝐸#$ = 𝐸#$! (1,0 − 𝐹# 𝐶𝑁, 4! )

(14)

Where Fs and Fk are constants, and 𝑁, is the cloud
covertness. If the cloud covertness is unknown, for
example while making predictions, we estimate it based on
the daily minimal (Tmin) and maximal (Tmax) air
temperatures.
𝑁, = 𝑎& + 𝑏& (𝑇156 − 𝑇1*0 )

(15)

Where ac and bc are empirical parameters.
The albedo of water has a significant effect on
shortwave radiation. The small angles of low solar
elevation cause 90% of the radiation to be reflected, while
high summer elevations result only in 2-3% reflection. The
albedo of water is a complex problem, thus only a simple
approximation of the Fresnel equations is included based
on solar elevation as the angle of incidence. As a result
albedo ranges from 1.0 at 0° and 0.025 above 50°.
The longwave atmospheric radiation is based on the
Stefan-Boltzmann Law (Stephan 1879, Boltzmann 1884):
𝐸%$ = 𝜀5 𝜎𝑇57

(16)

Where Elw is the longwave radiation [J/m2s], ea is the
nocturnal radiation coefficient, s is the Stefan-Boltzmann
constant [5.735 10-8 J/m2K4s], Ta is the atmospheric
temperature [°K]. The nocturnal radiation coefficient is
calculated by Brunt’s expression written as:
𝜀5 = X𝑎 + 𝑏√𝑒[

(17)

Where a and b are constants, e is the vapor pressure
[mbar]. Cloud covertness is also a factor, thus we take it
into account by the following expression:
𝜀5 = 𝜀5 X1 + 𝐷& ∙ 𝑁, [

(18)

Where Dc is a constant. We consider 𝜀5 to be unity in
case of full cloud cover. The main sources of atmospheric
radiation are clouds, thus we approximate the atmospheric
temperature with cloud temperature. We consider cloud
temperature to differ from air temperature by a constant
value. The atmospheric temperature is written as:
𝑇5 = 𝑇5*+ + 0,1X𝑁, ∆𝑇[

(19)

Where Tair is the air temperature, ΔT is the difference
of air and cloud temperatures.
The emitted longwave radiation of water surface is also
calculated based on the Stefan-Boltzmann Law, using the
radiation coefficient of water (𝜀$ ).
The convective heat flux (𝐸& ) is written as:
𝐸& = (𝐷& ∙ 𝑢)(𝑇5*+ − 𝑇$ )

(20)

Where Dc is a constant, u is the wind speed [m/s], and
Tw is the water temperature. Evaporative heat flux is
calculated by the following expression:
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𝐸' = (𝐷' ∙ 𝑢)(𝑒5*+ − 𝑒$ )

(21)

Where De is a constant, u is the wind speed [m/s], eair
is the vapor pressure of air [mbar], ew is the vapor pressure
of water [mbar], and Tw is the water temperature.
The energy from liquid precipitation (Ep ) is written as:
𝐸( = 4210𝑇( 𝑃

(22)

Where Tp is the temperature of the precipitation and P
is the intensity of the precipitation. The temperature of
precipitation is practically considered to be equal to air
temperature. We consider this value to be neglected in case
of rivers. On the other hand the major influence of
underground sources has to be introduced. These sources
have a cooling effect during summer seasons and heating
effect during winter seasons. The temperature of these
sources are considered to be equal to the average water
temperature, and the heat flux is written as:
```
𝐸" = 𝐷" (𝑇
$ − 𝑇$ )

(23)

Where Eu is the heat flux of underground sources
[J/m2s], ```
𝑇$ is the average water temperature, and Du is a
constant.
When the predicted water temperature reaches the
freezing point and further cooling is expected, the energy
loss is then turn onto the change of state from water to ice.
The calculation algorithm reports the beginning of ice run
and switches to the summation of negative temperatures.
Three threshold values characterises the further behaviour,
the threshold for ice cover, the threshold for the end if ice
cover and the threshold for the end of ice run. This
approach is also empirical and relies on continuous
analysis of icy events and recalibration of threshold values
but provides satisfactory results on the major Hungarian
rivers (Hirling 1981, Keve 2018).
2.2. Conceptual method - The weighted mean
temperatures
The theory, published by the Swedish meteorologist
Olof Bertil Rodhe in 1952 and later in 1955, was an answer
to the uncertain approach of temperature sum based
methods (Östman 1950, Nusser 1950, Palosuo 1951) of
that era. This approach was specifically developed for
marine application, to predict the appearance and later the
extension of shore ice along the Baltic coastline. The U.S.
Army Cold Regions Research and Engineering Laboratory
experimented with river application and presented
promising results (Bilello 1963), and also recommended
Rodhe’s method for further testing on river ice prediction.
Liptay (2018/a) also applied the method for the Hungarian
Danube reach with promising results.
Although the theory of energy balance had been known
for a long time, meteorological measurements were unable
to provide the necessary input data for the calculation of
the energy balance till the end of the 1960s (Csoma 1968).
Rhode assumed that all terms of the full energy balance are
neglected but the direct energy transfer between water and
air.

𝑑𝜏
= 𝑘(𝑇 − 𝜏)
𝑑𝑡

(24)

Where T is the air temperature [°C], τ is the water
temperature [°C], t is the time [s] and k is a the time inverse
coefficient [1/s] or a constant with inverse dimension of
time. After the solution and discretization of the basic
differential equation (24), the final form is equation 25.
𝜏0 = 𝜏0-. + (1 − 𝑒 -8∆/ )(𝑇0 − 𝜏0-. )

(25)

Where Tn is the average air temperature at a time step
tn-1-tn [°C], τn is the temperature of the water surface at tn
[°C], τn-1 is the temperature of the water surface at tn-1 [°C],
Δt is time step [s].
In the theory of weighted mean temperatures k is
considered to be a constant, and its value is selected to
drive Eq. 16. to zero when ice is expected. It is also
possible to find a value for k where the series of calculated
and observed water temperatures have the highest
correlation (Liptay 2018/b). Mohseni & Stefan (1999)
presented that the air temperature and water temperature
has an S-shaped relation. This relation is presented for
Paks on Figure 2. A polynomial trend line is also shown
with the coefficient of determination of 0.88.

Figure 2. The relation of air temperature and water temperature
at Paks

We consider this relation as a sigmoid function (σ(x))
such as the standard logistic function, the normal
cumulative distribution function, or the tangent hyperbolic
function just to name a few. The first derivative of σ(x)
gives the measure of the rate at which water temperature
changes with respect to the change of air temperature as a
continuous function. The standard logistic is written as:
𝜎(𝑥) =

1
𝑒6
=
1 + 𝑒 -6 1 + 𝑒 6

(26)

Where e is the natural logarithm base. The derivative
of this function is easily calculated:
𝜎 : (𝑥) = 𝜎(𝑥)[1 − 𝜎(𝑥)] =

𝑒6
(1 + 𝑒 6 )2

The graphical representation is on Figure 3.

(27)

FLOODrisk 2020 – 4th European Conference on Flood Risk Management
upstream impact with raising water level. It is usually in
the range of small positive numbers, 1 to 5.
As ice appears on the surface of rivers the process of
energy exchange is influenced. In order to describe this
effect we introduced an additional factor (r) for k when the
calculated water temperatures are under 0°C.
𝑘
𝑘∙𝑟
𝑘=h
𝑘
𝑟
Figure 3. The standard logistic function (σ(x)) and its first
derivate (σ’(x)).

Considering a more general form of the logistic
function:
𝑎
𝜎(𝑥) =
6
(28)
1 + 𝑒 (-<=&)
Where the additional parameter a is the scale, b is the
steepness and c is the shift for the transformation of the
standard function. The derivate of this function is written
as:
6

𝜎

: (𝑥)

=

𝑎𝑒 (-<=&)
6

2

𝑏 d1 + 𝑒 (-<=&) e

(29)

With these additional parameters the derivative
function can be transformed into the range of k values of
Eq. 24 and 25., but for the proper description of the
dependency it also has to be reversed. To reverse the
derivative function we simply deduct it from unity. Finally
the formula for k is written as:
𝑘 = 𝑘1 X1 − 𝜎 : (𝑥)[

(30)

Where km is the maximum value for k at the lowest and
highest water temperatures.
A significant increment in model performance was
achieved by substituting the local air temperature with a
simple formula representing the convection of wate
temperature from an upstream station. In Eq. 25. we define
Tn as:
𝑇0 = 𝑧 ∗ 𝑇0,% + (1 − 𝑧)𝑇0-1,"

(30)

Where MTn is the daily value of flow regime [%], s is
a constant. The value of s should be chosen to simulate the
local impact during low flow and increasing weight of

m(31)

𝑖𝑓 𝜏0-. < 0 𝑎𝑛𝑑 (𝑇0 − 𝜏0-. ) > 0

2.3. Non-parametric statistic method – Artificial
Neural Network
The machine learning type artificial intelligence
approaches have a long history reaching back to the work
of McCulloch & Pitts (1943). Rosenblatt (1957) presented
the concept of a perceptron but it got great interest only
after its rediscovery by Rumelhart et al. (1986). The
nonlinearity of the multilayer perceptron (MLP) was a
significant advantage compared to the linear behaviour of
the Rosenblatt perceptron, and by the error propagation
method it was possible to find the weights of the internal
synapses. The first hydrological application of artificial
neural network (ANN) was by Daniel (1991) but it was
followed by a great number of studies and it is still an
intensively studied area. Comprehensive reviews on neural
hydrology (or neurohydrology) were made by Govindaraju
(2000/a and 2000/b) and Tanty & Desmukh (2015), while
numerous case studies are also available (Rabi et al. 2015,
Temizyurek & Dadaşer-Çelik 2018, Zhu et al. 2018, Zhu
et al. 2019).
An ANN is considered as a black box model and by
opening this box one does not find the representation of
the physical processes, thus method extraction is not yet
possible. It is an artificial architecture consisting of
neurons and synapses resembling the biological cognition
and its information processing characteristics.
A schematic representation of a neuron is presented on
Figure 4.

Nj

In wjn

Sj

(30)

Where Tn,l is the local daily mean air temperature [°C],
Tn-m,u is the daily mean air temperature of an upstream
station [°C] at a distance of m time steps, z is a factor
dependent on flow regime [-].
𝑧 = 1 − (𝑀𝑇0 ∗ 𝑠)

𝑖𝑓 𝜏0-. > 0
𝑖𝑓 𝜏0-. < 0 𝑎𝑛𝑑 (𝑇0 − 𝜏0-. ) < 0

Aj

Oj

bj
Figure 4. Schematic diagram of a neuron.

From left to right the j-th neuron (Nj) has n number of
inputs (In) with wjn weights of the synapses and it has a b
bias value. These are summed as:

Budapest University of Technology and Economics (BME)
𝑆@ = ∑0*A. 𝐼* 𝑤@* + 𝑏

(32)

All neurons have a transfer or activation function (Aj)
which is usually of sigmoid type. If we take the
aforementioned logistic function, the Oj output of the
neuron will be written as:
𝑂@ = 𝐴@ =

1
1 + 𝑒 -B"

(33)

The feed forward MLP stands of at least three layers of
neurons: input, hidden and output layers. The neurons of
the input layer have only one input per neuron and both the
input and output layers have linear transfer function, thus:

(34)

𝑂@ = 𝑆@

The schematic diagram of a feed forward multilayer
perceptron is shown on Figure 5.
Hidden layer
Input layer

N1

Output layer

I1
Ok
Ii

Nj
OM

IN
NH

Figure 5. Schematic diagram of a feed forward multilayer
perceptron.

Classifications and regressions are two possible
applications of ANNs. Speaking of either appliation some
inputs are given at the input layer and outputs are received
at the output layer. These outputs are compared to target
(T) values and based on the errors (E) the ANN is able to
learn (Rumelhart et al. 1986).
C

𝐸=

1
r(𝑇8 − 𝑂8 )2
2

(35)

8A.

This training method requires a great number of
training data carefully selected to describe the general
range of the resembled process because the extrapolation
capabilities of an ANN are poor (Govindaraju 2000/b). We
used the widely applied error back-propagation with added
momentum for the training process. For any weight (Eq.
35.) and bias (Eq. 36.) in the network the formula is written
as:

𝜕𝐸
+ 𝛽∆𝑤8@ (𝑡 − 1) (36)
𝜕𝑤8@
𝜕𝐸
𝑏@ (𝑡 + 1) = 𝑏@ (𝑡) − 𝛼
+ 𝛽∆𝑏@ (𝑡 − 1)
(37)
𝜕𝑏@

𝑤8@ (𝑡 + 1) = 𝑤8@ (𝑡) − 𝛼

Where α is the learning rate, β is the momentum, t is a
training step. We used the tangent hyperbolic function as
an activation function, thus the partial derivative of the
error after the application of the chain rule in the output
layer is:
𝜕𝐸
𝜕𝐸 𝜕𝑂8 𝜕𝑆8
=
= −(𝑇8 − 𝑂8 )𝑂@
𝜕𝑤8@ 𝜕𝑂8 𝜕𝑆8 𝜕𝑤8@

(38)

In the hidden layer it is:
C

𝜕𝐸
𝜕𝐸
= rt
𝑤 u tanh ′X𝑆@ [𝑂*
𝜕𝑤@*
𝜕𝑤8@ 8@

(39)

8A.

The formulas for the biases (b) are similar except they
do not have any inputs so the multiplication with the output
(O) of the previous layer is missing.
We built two different architectures. The first approach
was a single output MLP specified for a single water
temperature prediction of a defined lead time from 1 to 10
days. The number of the input neurons was one for the
latest observed water temperature and additional input
neurons for each days of air temperature forecast during
the lead time. So the MLP for 1 day lead time had 2 input
neurons, while the MLP for 10 days had 11 inputs. This
approach required the construction and the training of 10
ANNs. The second approach was to predict the entire time
series of 10 days of water temperature with a single MLP.
The number of input neurons was 11 and the number of
output neurons was 10 in this case.
Zhu et al. (2019) assessed the performance of neural
nets for daily water temperature prediction and found
increasing performance with added flow discharge and day
of the year (DOY) as predictors, however discharge did not
have significant effect on lowland rivers. We also made
tests with added DOY, but it did not have positive effect
on the results.
Woking with ANNs requires heuristic approaches.
There are formulas for the minimal number of weights and
optimal network architectures such as the LevenbergMarquardt algorithm and Bayesian regularisation (Rabi et
al. 2015, Sariev & Germano 2019), but it still requires a
great number of experimentations to achieve the best
results. These algorithms were not used for the current
study, we rather combined the networks with early
stopping by simultaneously monitoring the validation
errors as test errors.
For the first approach we used 6 hidden layers with
decreasing number of neurons, from 6 in the first hidden
layer and 2 in the last. For the second approach there were
3 hidden layers with 13, 12 and 11 neurons. These
structures gave the best results after a long
experimentations process.
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2.4. Calibration and validation
The time period selected for the comparison was from
01/07/2015 to 30/06/2019 (Figure 6). This period is
divided into three sub periods:
1.
2.
3.

Calibration (c): 01/07/2015-30/06/2017
Validation 1. (v1): 01/07/2017-30/06/2018
Validation 2. (v2): 01/07/2018-30/06/2019

The calibration period contained a heavy ice run from
07/01/2017 to 04/02/2017, while the validation periods
were ice free. There were a few days of erroneous
observation at the beginning of the v2 validation period
due to sludge cover on the sensor.

Figure 7. The calibration and validation results of the
deterministic and conceptual methods.

Figure 6. The time series of observed water temperatures on the
Danube River at Paks.

Each of the models was trained on the first sub period
and validated on the second and third periods. The
calibration technic was different for each of the models,
but the target function was the minimisation of the root
mean square error in each case. The RMSE was also the
basis of the comparison.
The deterministic method has 10 calibration variables,
thus an automatic calibration procedure was applied to
achieve the best result. The deterministic model was used
only for the lead time of 6 days. The conceptual method
has 6 calibration variables and a trial-and-error based
manual calibration was carried out on them. The training
of the neural networks was based on the error backpropagation method as described earlier through several
thousands of epochs. Overfitting easily happens with high
learning rate, but shallow learning curve is experienced
with low learning rate. To slightly overcome this
behaviour we introduced a trigonometrically changing
learning rate depending on the number of the actual epoch.

Both models showed similar behaviour meaning the v1
validation gave the closest fit to the observation followed
by the calibration. However the v2 validation showed
slightly worse performance for the deterministic model, it
was a significantly decrement in performance for the
conceptual model.
The resulting RMSE values for the two MLPs are
presented on Figure 8.

3 Results
3.1. Water temperature simulation
The resulting RMSE values obtained at the calibration
and validation processes for the deterministic estimation of
the energy balance (EEB) and the conceptual sigmoid sum
of weighted mean temperatures are shown on Figure 7.

Figure 8. The training and validation results of the single and
time series output MLPs.

The results of the MLPs show a different behaviour. A
close fit was achieved during the training process that did
not change significantly during the v1 validation, but the
v2 validation showed poor performance for both MPLs.
On Figure 9 we presented the RMSE values of the
conceptual method and the MPLs as a proportion of the
RMSE of the deterministic method for the 6 days of lead
time.
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3.3. Erroneous observation data

Figure 9. Comparison of the calibration and validation RMSE
of the conceptual model and the MLPs as a proportion of the
RMSE of the deterministic method for 6 days of lead time.

While the conceptual method seemed to present
slightly inferior performance through all the simulations,
the MLPs showed similar or slightly superior performance
for the calibration and significantly inferior performance
during the validation. Surprisingly MLP1 gave the best
results out of the three non-deterministic approaches for
the v2 validation period, but it is still a poor performance
compared to the deterministic method.

Since the latest observation data was used as initial
condition for all the models its errors clearly spread onto
the simulated values. Erroneous observations were present
in the water temperature time series used for the v2
validation period (Figure 6). Due to extremely low water
levels and unexpected hydraulic conditions the water level
and temperature sensor was covered with river sludge
which resulted in abnormally low observed temperatures.
After the sensor was cleaned extremely high values were
observed that were expected based on neighbouring
stations and the circumstances.
Validation of the observed data is highly recommended
for any of the models applied in this paper. Such a
validation process could be the long term simulation of
water temperatures with the conceptual method. Long term
simulation means that only the mean air temperatures and
the water levels are supplied to the model after the initial
water temperature. In such a case the initial water
temperature could also be approximated by a monthly
mean value. Due to its low computation capacity
requirements, low data need and lower number of
parameters the conceptual model is easy to setup and carry
out, while the results could serve as basis for validation.
The conceptual method had an RMSE of 1.1 °C during a
long term simulation of the calibration period, 0.73 °C for
v1 and 1.03°C for v2. Using these as threshold values a
qualification of the observation is possible.

4 Discussion
3.2. River ice prediction
The models were calibrated to achieve the minimal
RMSE for water temperature simulation during the
calibration period, but there was a month of heavy ice run
from 07/01/2017 to 04/02/2017 in this timespan. The
observed water temperatures during ice run were still
positive due to the placement of the sensor on the river bed.
It results in a misleading initial condition for the models
for ice prediction so we evaluated the simulated values
when the appearance of river ice is only in the forecasted
period.
The deterministic method consistently simulated
negative water temperature on 08/01/2017, one day later
than the actual ice run started. The conceptual method
predicted negative water temperature consistently for
11/01/2017, four days after the observed ice run. The
simulation was also carried out without the latest observed
water temperature as the initial condition and purely based
on mean air temperatures. It predicted ice on 10/01/2017,
only one day earlier. Superior results are presented by
Liptay (2018/a and 2018/b) with this method if the lag
value is chosen for ice prediction.
The MLPs did not provided negative water
temperatures as they were trained to fit the observed time
series as much as possible, not to describe the physical
behaviour.

We compared three different water temperature
simulation approaches in this paper. The physically based
deterministic energy balance method, the conceptual
theory of weighted mean temperatures, and a nonparametric statistical method, the artificial neural
networks. Calibration and validation results showed that
the physically based method is superior in water
temperature and river ice prediction compared to other
approaches, however it requires a great number of
equations and parameters. The conceptual method showed
a simple, thus slightly inferior representation of the
physical processes. The constructed artificial neural
networks were applied as regression architectures and
while they showed great performance during the
calibration, validation results remained inferior. It is
confirmed by the widely cited behaviour of neural
networks. They are good general interpolators, but inferior
extrapolators (Govindaraju 2000/a). Validation in this case
was more or less extrapolation as the combination of input
data was of high variety.
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