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Abstract

Lake Van, the greatest soda water lake in the world located in the east of Turkey, has always attracted the attention of research-
ers due to its significant water level changes. Identifying the causes for these level changes is very important with respect
to the scientific world and the sustainability of the ecological balance. Although extensive research has been carried out on
the water level changes in Lake Van in the past years, no any study exists which analyzes the recent level changes. In this
study, recent water level changes in Van Lake were analyzed using two different methods, and the results were evaluated.
First, the water level changes during the period 2010-2020 were examined through the meteorological and hydrological
data collected by the water budget method. Second, the water level changes for 2000-2020 were estimated using the LSTM
and NAR neural networks. In the light of the results, reasons for the recent level changes in Lake Van were discussed. It was
concluded that the changes, especially those occurred after 2014, may be hydrometeorological. However, the unusual level
changes between 2010 and 2013 cannot be explained by water balance, may be tectonic or volcanic origin. The findings of
this study indicate that these changes may continue in the future, and therefore, further research with different disciplines
is needed on this subject.
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Introduction the main causes of lake level changes. Therefore, predict-

ing the level changes in lakes is an important issue in order

As the world’s population grows, the increase in industrial
activity on the planet is negatively affecting the ecologi-
cal balance on a daily basis, leading in the long term to
global climate change. These interactions are most evident
in enclosed lake basins, which are natural water resources.
Many of the world’s natural lakes have experienced signifi-
cant changes in water levels in recent years, and some are
even at risk of drying up. In addition to hydrometeorological
variables, tectonic, geological and seismic factors can be
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to monitor and control their environmental effects (Sener
and Morova 2011). However, changes in lake levels are the
complex result of many environmental factors, including
precipitation, direct and indirect runoff, evaporation from
the free water surface, air and water temperature, and inter-
actions between the lake and shallow aquifers (Kisi et al.
2012). Therefore, the estimation of lake water levels is very
difficult due to nonlinear hydrological processes. It is more
economical to create models that predict level oscillations
using level data from previous years, although it is possible
to create complex models using hydrological and meteoro-
logical data such as precipitation, temperature, evaporation,
and flow to predict lake level oscillations (Aytek et al. 2014).

Lake Van, which is the world’s greatest soda lake, has
undergone significant level and volume changes under cold
and humid climatic conditions during glacial and Holocene
periods (Landmann et al. 1996). The most notable indica-
tor to level change in the past may be the formation of ter-
race deposits around the lake (Aydin and Dogu 2018; Uner
et al. 2012). Tomonaga et al. (2017) found that the salinity

@ Springer


http://orcid.org/0000-0001-7499-3891
http://crossmark.crossref.org/dialog/?doi=10.1007/s13201-023-02095-x&domain=pdf

41 Page2of15

Applied Water Science (2024) 14:41

changes in the pore water of the sediment in the lake indicate
major lake level changes in the past. According to previous
studies on lake terraces and with seismic and sedimentologi-
cal surveys, it was recognized two major transgressions of up
to+ 105 m from the current lake level. Cukur et al. (2014)
investigated potential causes related to changes in climate,
volcanism and regional tectonics since the formation of
Lake Van. The study, which refers the dramatic changes in
the water level from the formation of the lake, showed that
these changes in Lake Van are more likely climatic, but the
changes could also be tectonic and volcanic due to a tectoni-
cally active environment.

The prominent past studies focused on water level
changes in Van Lake are shown in Table 1. While some of
these studies suggest that the changes in water levels in Lake
Van are hydrometeorological, others argue that factors such
as tectonic or seismic activity may also be at work. These
studies generally cover the water level changes of Lake Van
in the period 1944-2016, for which historical data are avail-
able. As can be seen in Table 1, the water budget approach is
generally used to analyze the water levels of Lake Van, but in
recent years, artificial neural networks have been preferred

together with some hybrid soft computing methods. Dif-
ficulties in deterministic modeling of multiple and highly
uncertain nonlinear events have led most researchers to use
black box models such as stochastic and artificial intelli-
gence (e.g., Altunkaynak 2007; Teltik 2008; Kisi et al. 2012;
Aytek et al. 2014; Seo et al. 2015; Shafaei and Kisi 2016;
Dogan et al. 2016; Liang et al. 2018; Piasecki et al. 2018;
Hrnjica and Bonacci 2019; Baek et al. 2020; Aydin et al.
2021). Some of these studies showed that the long short-
term memory (LSTM) method is quite successful for esti-
mating lake levels (Liang et al. 2018; Hrnjica and Bonacci
2019; Baek et al. 2020). In addition, to provide hydrologists
and water resource planners with a new vision for the sus-
tainable management of lakes, Zhu et al. (2020) presented a
comprehensive review of the applications of machine learn-
ing models for predicting lake water level dynamics. Fijani
et al. (2021) developed a hybrid algorithms for forecasting
multistep ahead (up to three months) two lake water lev-
els. For the generation of robust multistage lake water level
forecasts, this algorithm was shown to have great potential.

Although many studies have been conducted on the level
measurements of Lake Van in the past, there is no study yet

Table 1 Literature review on the study of water levels changes in Van Lake

References Method

Period Highlighting

Batur (1996)
Kadioglu et al. (1997)

Water budget

polygons

Kadioglu et al. (1999) Dynamic water balance model

Yildiz and Deniz (2005) Observational and measurement

Utkucu (2006) Historical data evaluations

Batur (2009a) Water budget

Batur (2009b) Multiple regression analysis

Diizen (2011) Hydrogeological approach, water budget

Kisi et al. (2012)
Aksoy et al. (2013)

Artificial neural network (ANN)
Stochastic models

Aytek et al. (2014)
Utkucu and Arman (2015) Historical data evaluations

Gene expression programing (GEP)

Dogan et al. (2016) ANN

Jalili et al. (2016) Trend and coherency analyses

Altunkaynak (2019)
perceptron (ASA-MP) model

Yaseen et al. (2020)
zation Algorithm (WOA)

Historical data analysis with monthly climate

The hybrid additive season algorithm—multilayer

Multilayer Perceptron (MLP) and Whale Optimi-

1987-1994 The change in lake level is hydrometeorological

1944-1994 Climate change plays a crucial role in the fluctua-
tion of water levels in Lake Van

1944-1994 The rise in the lake level after 1968 is hydromete-
orological

1950-2000 The rapid rise in water levels between 1993-1994
caused serious ecological

1869-2003 The lake level oscillations correlate well with the
M > 4.0 earthquakes in the lake

1987-1996 The reason for the change in lake water level can
be explained by the water budget

1944-2007 The volume change in the lake is related to
hygienic variables

1960-2009 The water budged shoed that the lake may be fed
by groundwater

1961-1982 GEDP is superior to all of the applied models

1944-2007 The multi-trend model is suitable for planning
future projects around the lake

1944-2002 GEP model is better than neuro-fuzzy models

1944-2010 M>5.0 earthquakes may triggered 1 m water level
fluctuations

2001-2012 The lake level fluctuations have a long-term
decreasing trend

1965-2013 Significant common inter-annual frequencies were
found between the two lake levels

1960-2016 The ASA-MP model showed a very good perfor-
mance for prediction the lake level series

1943-2016 The MLP_WOA model is an applicable method for
predicting the lake levels
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on the level changes in the recent years (2010-2020). In this
study, the changes in Lake Van for this period were analyzed
using the water budget together with some soft computing
methods, which are the heuristic time series methods used
in recent years. Thus, the time series of the lake level were
estimated considering the hydrological data such as lake
level measurements, stream discharges flowing into the lake,
precipitation and evaporation data.

Lake Van

Located in the east of Turkey, Lake Van is Turkey’s largest
and also the world’s largest soda and salty lake. The sur-
face area of the lake varied between 3550 and 3620 km? in
1973 to 2020. The total drainage of Lake Van is~ 15,500
km? that includes all lakes in the basin. Its surface area was
between ~ 3550 and ~3620 km? in 1943 to 2016, with an
average 3580 km?2. Its volume also varied between ~ 560
and ~ 575 km® with an average of 568 km® in same period
(Diizen 2011). The deepest point of Lake Van was estimated
as 452.9 m for the water level of 1648.33 m from evalua-
tion data of bathymetric maps (Degens and Kurtman 1978;
SHODB 1983; Diizen 2011; Aydin and Karakus 2016; Khat-
ibi et al. 2020).

The lake was formed by the separation of the Nemrut
lava wall, which was formed because of the activity of
the Nemrut volcano, and the Mus-Van Depression and the
accumulation of water behind the volcanic wall. There are
mountains and hills around the lake, and the peaks of these
elevations can reach 4000 m in some points (Kadioglu et al.
1997; Aytek et al. 2014). The lake water cannot be used for
drinking and agricultural irrigation due to its high salin-
ity. The precipitation falling on the basin and the lake, the
streams flowing into and the snowmelt feed the lake. The
streams feeding the lake are shown in Fig. 1. A large amount
of precipitation falls as snow in the region during the win-
ter months, and the lowest water level in the lake is usu-
ally measured in this season. The lake has a drainage area
of 12,500 km? excluding drainage areas of the other lake
in the basin and has no natural outlet (Ering 1953; Aytek
et al. 2014). The main streams feeding the lake and their
characteristic features are given in Table 2. In general, it is
reported that 4.2 km? of water evaporates annually from the
lake surface and these losses are balanced by the long-term
averages of annual precipitation and runoff amounts of 1.7
and 2.5 km?, respectively (Aytek et al. 2014).

The annual water level values between 1944 and 2020 of
the Tatvan Lake observation station are given in Fig. 2 (DSI
2021). According to these data, there has been a continuous
increase in the level of Lake Van over a 76-year period. The
maximum level increase in this period is remarkable with
about 4 m. The highest water elevation was measured as

1650.53 m in March 1989 and June 1995, while the lowest
value was measured as 1646.67 m in September 1956. There
was a 3.85 m level difference between the maximum and
minimum water levels in this historical period. The most sig-
nificant increases occurred between 1961-1964, 19811989,
1991-1996 and 2002-2008. Due to the level rise in these
periods, some houses, roads and agricultural areas around
the lake were flooded (Aydin and Dogu 2018).

Water budget method

The main cause of lake level fluctuations may be seasonal
and climatological changes. These changes may be revealed
by the water budget (water balance) method. Therefore,
some hydrological and meteorological data are needed to
be able to analyze the water budget. However, the achieve-
ment of this method depends on the quantity and quality
of the measured data. On the other hand, it is possible to
find a logical relationship between the lake level oscilla-
tions and the changes in the hydrometeorological data. For
the water budget analysis, two data set were considered as
inputs to Lake Van: (i) The monthly average values of the
precipitation falling on the lake surface, and (ii) The flow
values obtained from the flow observation stations of the
main streams (DSI 2021) entering the lake (Table 2). For
the output, only evaporation values were taken in accord-
ance with the assumptions that there is no groundwater and
surface water output.

The water budget can be determined by the continuity
equation given in Eq. (1) for a closed catchment. Unlike
black box techniques, the water budget method is based on
basic deterministic relationship between inputs and out-
puts. Thus, the accuracy of the method often depends on
the nonlinear input and output data and the logical relation-
ship between them. In addition, the method allows a simple
physical model to be established between its inputs and out-
puts. The water budget method in this study allows a simple
physical model to be established between hydrometeorologi-
cal inputs and outputs.

Q,—-0,=AV/At 1)

In Eq. (1), Q; and Q, are inlet and outlet, respectively,
while AV is change in the water volume and At is time inter-
val. Some assumptions need to be made to setup a simple
mathematical model in which only the active parameters are
taken into account. The water budget chart for Lake Van is
given in Fig. 3. In this system, the runoff directly entering
the lake, the river flows and the precipitation falling directly
on the lake surface can be considered as the total inlet to
the lake. The runoff coming from around the lake and the
sub-basin areas without a measuring station were calculated
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o Center of settlement

o  Stream outlet

—— Sub-basin border
s —— Stream

Fig. 1 Lake Van sub-basins and stream outlets (modified from DSI 2015)

Table 2 Specifications of the main streams discharging into Lake Van (DSI 2018)

Stream Location Flow Meas. Station ~ Altitude (m) Mean flow  Annual yield Total annual Annual
rate (m%s)  (L/s/km®)  flow (Million  rainfall depth
m?) (mm)
Kasap S. (Adilcevaz)  Adicevaz D25A045 1654 0.33 N/A 10.55 N/A
Delicay S Ercis, Kadirasker D25A013 1992 2.75 8.30 86.72 263
Bendimahi S Van, Karahan E25A005 1915 11.15 7.90 342 249
(Muradiye S.)
Karasu S Van, Topaktas D25A039 1730 2.78 1.60 87.85 51
Engil Suyu (Dénemec Van, Cicekli E25A027 1652 2.49 1.00 78.55 31
S, Guzelsu S.)
Gevas S Van, Gevas D25A021 1652 0.66 11.10 20.69 350
Buyukdere S Gevas, Akdamar  D25A038 1658 0.27 2.60 8.60 82
Kotum S. (Kucuksu)  Tatvan, Kucuksu = D25A040 1750 1.65 24.60 52.20 777
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Runoff I:lPrecipitation the annual total evaporation values measured by the evapora-
tion pans at the Lake Van meteorology station, as well as the
Y ' evaporation values using the Penman method. Drawing from
- Lak E . the results of their study, Batur et al. (2009a) suggested that
(Wag\flsg?nzm) axe vaporation the ceiling coefficient should be 1.0 for Lake Van, instead of
0.70 suggested by the World Meteorological Organization
(WMO) for average climatic conditions. Therefore, in this
Groundwater Flow Infiltration study, the data obtained from the station were used for the

Fig.3 Water budget scheme for a closed basin, Lake Van (modified
from Ozer et al. 2022)

that depend on the precipitation, basin area and runoff coeffi-
cients, and added to the inflow. System outputs, on the other
hand, are more complex. Evaporation can be considered as
the only outlet, assuming that the ground below the lake
level is completely saturated, and there is no infiltration.
Since the lake water is salty, it can be assumed that there
will be no losses such as irrigation and drinking water. The
level changes to be obtained by this method will represent
the hydrometeorological level changes in the lake.

Estimation of evaporation

According to this water budget model, it is important to
determine the evaporation since it is assumed the only
outlet of the lake. However, there is no system to measure
evaporation on the lake surface. Instead, the evaporation
pans employed by meteorology stations around the lake are
used to detect evaporation. Batur et al. (2009a) calculated

evaporation of Lake Van. On the other hand, evaporation
pans can measure evaporation in warm seasons and can-
not measure evaporation when the temperature drops below
zero. However, even in the winter months when the tem-
perature is low, evaporation from the lake surface continues.
In addition, the change in heat storage affects the amount
of evaporation in lakes of high depth such as Lake Van.
Therefore, it may be expected that the evaporation values
measured from Lake Van are incomplete and inaccurate.

In the case of unlimited water, all the losses that may
occur by evaporation from the surface are called potential
evaporation (PE). The two most used methods for potential
evaporation calculation are Penman (1948) and Thornth-
waite (1948) methods. Although it gives better results, the
Penman (1948) method is very difficult to apply in many
cases because it requires very comprehensive data such as
net radiation, average air temperature and wind speed, satu-
rated vapor pressure, and real vapor pressure. The monthly
potential evapotranspiration can be estimated by the method
originally presented by Thornthwaite (1948) which requires
limited data (Dogdu 2011). It should be noted that although
the Thornthwaite method is a method for measuring poten-
tial evapotranspiration (PEt), this temperature-depend-
ent method was assumed using for the average monthly
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evaporation estimate in the lake in this study. The method
requires some simple input parameters such as the latitude
of the study area (LAT, decimal degrees) and the average
monthly temperature (7, degrees Celsius). Beginning with
temperature and latitude, the potential evapotranspiration
(millimeters) is calculated as follows (Davie 2008):

PEr = 16k<loTT>a ©)
12

=i 3)
=1

. <§>l.514 (4)

, where T stands for average temperature (°C) for a month,
while I is annual heat index, and i is monthly heat index.
Term k is a correction factor to account for unequal day
length between months, which can be taken from the tables
(De Marsily 1986) based on the latitude of the study site.
Term a can be calibrated by the following cubic function of
1 (Davie 2008):

a=6.75x107"P =771 x 107°I* + 1.79 x 10721 + 0,49239
®)

The data provided by NASA and DLR (German Aero-
space Center) obtained through the Advance Very High
Resolution Radiometer (AVHRR) satellite were used for the
water surface temperature values of Lake Van (Kavak and
Karaoglan 2012). In addition, monthly average temperature

30
= SYS-DLR (Kavak and Karaoglan, 2012)
25 SYS-NASA (Kavak and Karaoglan, 2012)
Observed
O 20
N
% 15
S
g 10
5
S5
0
-5
0 2 4 6 8 10 12 14
Months
(a)

Evaporation (mm)

data around the lake were taken into account. Figure 4a
shows the monthly water surface temperature averages
of several years obtained from different sources, and the
changes in the meteorological observation temperature
average values throughout the year. A nonlinear relationship
between the water surface temperature and the evaporation
values obtained by the Thornthwaite method was determined
with R2=96% (Fig. 4b). Batur et al. (2009b) found the aver-
age annual evaporation amount as 1135 mm using the meas-
uring pan and 1177 mm by the Penman method between
1956 and 2007. In the study, the average annual evaporation
was measured as 1004 mm when the pan coefficient was
considered as 1.0 and 704 mm when the pan coefficient was
0.70. When Thornthwaite method was used, it was measured
as 746 mm. According to Thornthwaite’s method based on
temperature change, the 10-year total evaporation change
was calculated as+41 mm, and the standard deviation was
22 mm, which is not large enough to explain the annual
level changes.

Water budget analysis

Figure 5 presents the actual (observed) water levels in
Lake Van and the annual average water level changes in
the water budget calculated in relation to the measured
evaporation, precipitation and flow values. According to
these data, the changes of lake level cannot be explained
by the water budget, except for the changes occurred
between 2017 and 2019. However, one-to-one matching
of the water level changes may not be expected due to the

160

Equation y=a‘'bx

Adj. R-Square | 0.95988

Value

1065517
1.11638

Standard Eror
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0.01073
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Fig.4 Temperature and evaporation changes in Lake Van: a Distribution of average monthly temperatures in a year, b The relationship between

monthly average temperature and evaporation
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Fig.5 Average level changes of Lake Van in long-term period: a According to the measured evaporation, b According to the average evapora-

tion by Thornthwaite method

assumptions in the water budget method and the errors
and deficiencies in the measurement values. Instead, com-
parison of standardized model and observation data will
be more useful in revealing the relationship between the
events.

The following relation was used to standardize the data:

o

z

(6)

Here, Z is the standardized value, X is the raw data
value, and u and o are the mean and standard deviation

of the data, respectively. The annual standardized level
changes obtained according to Thornthwaite evaporation
values compared the standardized observed values in the
graph in Fig. 6. Since the annual average evaporation val-
ues are taken as constant in this graph, the effect of evapo-
ration on the change is neglected as in Fig. 5b. Thus, it is
aimed to reveal the effect of precipitation and flow on the
level changes. Figure 6 also shows that the level change
relates to the water budget of the lake, but the effect of
hydrologic variables on the lake level change happened
with a delay of about 1 year. Batur et al. (2009b) state
that there is a 1- to 2-year delayed relationship between

Fig.6 Comparison of standard- 2.5
ized annual average Lake Van
levels 2.0
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the water level of Lake Van and the flows entering the
lake, and that the lake level can react to climatic events in
2 months to 3 years in lakes with similar problems around
the world. In this study, this delay is to be less since pre-
cipitation falling on the lake surface and stream flows are
taken into account.

When the monthly changes are examined, it is understood
that the delay may be seasonal (3—4 months). Therefore, the
standardized monthly water budget values have been moved
forward by 4 months to reveal the monthly variation rela-
tionship (Fig. 7). In Figs. 7a—d, 1-, 3-, 6- and 12-month mov-
ing averages of standardized values were plotted in order
to monitor the monthly, seasonal, semi-annual and annual
changes, respectively. Simple moving average (SMA) values
were calculated according to the following formula:

P,+P, +.. +Pm_(n_1)

SMA(n) = 7

n

Here, n is the number of data included in the average, and
m is the order indices of the values.

When the observed and monthly water budget level
changes are examined (Fig. 7a), the general trends are in
agreement with each other, but particularly the monthly
changes in the water budget approach fluctuate more and
differ from the observed values. When considered the three-
month moving averages (SMA (3)) in Fig. 7b, the seasonal
changes are related to the water level. It should be noted
that this overlap occurs with a delay of 4 months. Further-
more, the graph in Fig. 7c reveals that the changes in the lake
water level also match seasonally (dry and wet periods) in
semi-annual periods. All these graphs in Fig. 7 show that the
water level of Lake Van changes seasonally with the water
budget in annual periods. In other words, seasonal changes
in Lake Van level can be explained by hydrometeorologi-
cal variables. However, the chart in Fig. 7d comparing the
12-month moving averages (similar to Fig. 5) shows that
the annual changes cannot be related to the water budget
alone. It is seen that the lake water levels were above nor-
mal levels, especially between the years 2010 and 2014,
while the lake level decreased between 2013 and 2015 and
approached the normal level after 2015. According to these
results, the significant increases especially between the years
2010-2013 show that they cannot be explained by hydrome-
teorological events (water budget). Considering, the major
natural events during these years, it can be suggested that
they may be related to the 7.2 magnitude earthquake that
occurred in Van on October 23, 2011. Activities such as
crustal movements, water and gas outflows that may occur
on the lake floor before and after such a big earthquake may
be the main reasons for these elevations in the lake level.
Utkucu (2006) showed that alternating rises and decreases

@ Springer

of the both change of the annual mean of the lake level and
the annual lake level oscillations correlate quite good with
the occurrence of M >4.0 earthquakes across and near the
vicinity of Lake Van basin. Utkucu and Arman (2015) also
suggested that the episodic water level fluctuations of Lake
Van in the order of 1-m trigger M > 5.0 earthquakes along
the lake basin-related faults.

Long short-term memory (LSTM)

The long short term memory (LSTM) network is a different
type of recurrent neural network. In practice, simple recur-
rent neural networks (RNNs) are limited in their capacity
to learn longer-term dependencies. Therefore, Hochreiter
and Schmidhuber (1997) developed a special structure of
RNN called LSTM networks. When requiring the network
to learn long-term relationships, the RNN model cannot use
information from old periods. LSTM networks, on the other
hand, implement additional gates to control what informa-
tion in the hidden cell is transmitted as output and move on
to the next hidden state. These additional gates thus allow
the network to learn long-term relationships in the data more
effectively. Compared to simple RNNs, less sensitivity to
time gap makes LSTM networks a better choice for analyz-
ing sequential data. Unlike conventional RNNs, there are
typically additional units such as a memory cell, input gate,
output gate and forget gate in a LSTM block architecture.
The diagram in Fig. 8 illustrates how the gates forget, update
and output the cell and hidden states. The LSTM architecture
uses the following formulae to describe their components at
time step (#) which control the cell state and hidden layer
state (Hochreiter and Schmidhuber 1997; MathWorks 2021):

i, = 6,(Wex, + Rih,_y + b)) 3
f, = oWy, + Ryhy_y + by) ©)
g = ac(ng, + Rghl_l + bg) (10)
o,=0,(W,x, +R,h_; +b,) (11)
¢ =f0c¢_+i,0g (12)
h,=0,00,(c,) (13)

In Eqgs. (8-13), h, and ¢, denote the output (also known as
the hidden state) and the cell state at time step ¢, respectively.
W is the input weights, R is the recurrent weights, b is the
bias, while indices of i, f, g, and o denote the input gate,
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Fig.8 Architecture of recurrent
neural network (RNN) and
LSTM block (MathWorks 2021)

Forget

Update Exit

* » C,

Xt

forget gate, cell candidate and output gate, respectively. o,
represents the state activation function which uses the hyper-
bolic tangent function (tanh) by default, and o, represents
the gate activation function which uses the sigmoid function
given by o(x)=(1+e )7L,

The standard deviation of the prediction errors used to
test the accuracy of the model, i.e., root-mean-square-error

(RSME) is calculated as follows:

_ LN 2
RSME = \/ﬁzizl(xi—yi)

In this part of the study, water levels of Lake Van were
simulated with LSTM network model using MATLAB
R2019b software. The monthly average water elevations of
Lake Van during period of 2000-2020, which were obtained
from the lake level measurement station were considered as
time series (Fig. 9).

(14)

Fig.9 Monthly average water

levels of Van Lake (2000-2020) 1650 T

» 7,

Xt

70% of the 252 data were used to train the LSTM net-
work, and the remaining 30% of data were used for testing.
Training data and test data at prediction time were standard-
ized for better program performance. The LSTM network
model was built with 200 hidden layers. Training was per-
formed for 250 epochs, and the gradient threshold value was
taken as 1 to solve the gradient disappearance problem in
LSTM networks. The initial learning rate was set as 0.005,
and the learning rate was reduced by multiplying a factor of
0.2 after 125 epochs.

Having trained the model, the values of the forward time
steps were estimated, with the value of each time step being
the input of the next time step. RMSE error value was found
as 0.257 (Fig. 10). Then, the predicted values were com-
pared with the test values.

The error value was reduced by updating the predicted val-
ues in the LSTM network model with their actual values. Thus,
the new RMSE error value was reduced to 0.145 (Fig. 11). As
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Fig. 10 Measured and predicted Forecast
water levels with RMSE errors 1650 T T T T T T T
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a result of this update, a better estimation has been obtained.
Figure 11 shows the time series estimated as the continuation
of the level changes according to the last model trained are
given in Fig. 12.

@ Springer



41 Page12of 15

Applied Water Science (2024) 14:41

Neural network time series

Hydrological time series, such as water level changes, can
be modeled using a nonlinear autoregressive (NAR) neural
network. Predicting sequential time series requires a multi-
step process. Closed-loop networks can perform multistep
prediction. Closed-loop networks can continue forecasting
using internal feedback in the absence of external feed-
back. NAR predicts future values of a time series only
from past values (MathWorks 2023). The neural network
diagram of the created in MATLAB 2018b for 72 months
delayed is given in Fig. 13. Series of monthly water levels
in the lake were modeled using the NAR neural network
with ten hidden layer with delays of 2, 6, 12, 24, 36 and
72 months. The analysis used 70% data for training, 15%
for validation and 15% for testing. The performance of

Fig. 12 Extended forward fore-

each NAR neural network is shown in Table 3. NAR(72A)
and NAR(72B) of 72 months delay indicate the use of Lev-
enberg—Marquardt and Bayesian regularization schemes,
respectively, as training algorithms. According to Table 1,
although the best test results were obtained for NAR(36),
the results of NAR(72) with the longest delay were taken
into account for comparison with LSTM. While the test
correlations for NAR(72A) and NAR(72B) were 74% and
88% respectively, the RSME values obtained were 0.204
and 0.099. The performance indicators and prediction time
series of the NAR(2A) and NAR(2B) models are shown
in Figs. 14 and 15, respectively. It should be noted that
the learning performance (correlation) of both models
is above 90%. According to these results, NAR(2B) per-
formed slightly better than NAR(2A) and LSTM in the
long term.
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Fig. 13 Architecture of

300

NAR neural network (Math-
Works 2023)

Table 3 Testing performance Model NAR(2) NAR(6) NAR(12) NAR(24) NARG36) NAR(72A)  NAR(72B)
of NAR models with various
delayed months RSME  0.0952 0.1167 0.1518 0.1718 0.0995 0.2038 0.0991

R 0.941 0.895 0.852 0.824 0.946 0.737 0.881
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Conclusion

The water level fluctuations in Lake Van, the world’s
largest soda lake, have always attracted the attention
of researchers in the recent past. Although these level
changes are generally considered hydrometeorological,

they have been attributed to different reasons in each dec-
ades period, namely various ideas have been put forward
so far. In this study, the changes in the water levels of Lake
Van in recent years were analyzed using water budget,
LSTM and NAR neural network methods. According to
the results of water budget analysis, it can be said that
the main reason for the level fluctuations in Van Lake in
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recent years is seasonal hydrometeorological variables.
The effect of hydrometeorological variables on lake level
fluctuations overlaps with a delay of a few months, i.e.,
seasonally. On the other hand, the water budget approach
cannot explain the annual water level changes in the period
of 2010-2013, which points to other possible reasons.
The 7.2 magnitude earthquake that occurred in Van, Tur-
key, in 2011, may be the main reason for the significant
level changes in the period. However, further research is
therefore needed on this issue in order to reach clearer
scientific results. Another reason for the uncertainties in
level changes may be related to the inability to accurately
measure or estimate the amount of evaporation, which is
considered the only output of the lake in the water budget
approach. In addition, time series analyses conducted with
LSTM and NAR networks predicted the water level suc-
cessfully. The RSME error in predicting lake levels was
found to be 0.145 for LSTM and 0.099 for NAR models. It
can be stated in general that such the neural network meth-
ods were found to be particularly successful in modeling
periodically time series.
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