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Abstract. In the 1990s, water level in the closed-basin Lake dried under the effect of both natural and human forces. The
Van located in the Eastern Anatolia, Turkey, has risen upmost recent dry period started in the early 1960s due mainly
about 2 m. Analysis of the hydrometeorological data showsto the expansion of irrigation that has drained the tributary
that change in the water level is related to the water bud+ivers, reduced the lake level by 23 m, shrunk the lake surface
get of the lake. In this study, stochastic models are proposedrea by 74 %, decreased its volume by 90 %, and increased
for simulating monthly water level data. Two models con- its salinity from 10g L= to more than 100 gt?, causing
sidering mono- and multiple-trend time series are developednegative ecological changes as well as social problems with
The models are derived after removal of trend and periodimpacts on the population residing around the lake (Mick-
icity in the dataset. Trend observed in the lake water levellin, 2007). Another example is Lake Urmia in northwestern
time series is fitted by mono- and multiple-trend lines. In Iran, one of the largest hypersaline lakes in the world. Due
the so-called mono-trend model, the time series is treated a® drought and increased demands for agricultural water in
a whole under the hypothesis that the lake water level hashe lake’s basin, the salinity of the lake has risen to more
an increasing trend. In the second model (so-called multiplethan 300g L1 in recent years, and large areas of the lake
trend), the time series is divided into a number of segmentdbed have been desiccated (Eimanifar and Mohebbi, 2007).
to each a linear trend can be fitted separately. Application orThe instrumental record of the water level oscillations in the
the lake water level data shows that four segments, each fit€aspian Sea that covers a period starting in the 1900s showed
ted with a trend line, are meaningful. Both the mono- anda progressive and dramatic decrease during the 1940s which
multiple-trend models are used for simulation of synthetic continued till 1977, after which the surface water level has
lake water level time series under the hypothesis that the obshown a continuous rise that has resulted in tremendous costs
served mono- and multiple-trend structure of the lake waterto its surrounding countries. According to Vaziri (1997), the
level persist during the simulation period. The multiple-trend reasons for the recent increase can be categorized from the
model is found better for planning the future infrastructural implementation of the former Soviet Union’s projects to the
projects in surrounding areas of the lake as it generates higherarth’s tectonic movements, from the occurrence of a wet pe-
maxima for the simulated lake water level. riod for the region resulting in increase of river inflows to
global warming, and reduction of surface evaporation. An-
other example of water level decline was observed in Lake
Toba, Indonesia, due to use of water for power generation
1 Introduction (Acreman et al., 1993).

As water resources become more limited due to higher de-
Closed-basin lake ecosystems have been important issues jfjand, the significance of investigation on the changes in wa-

the world since decades. A very dramatic example is theer podies increases vastly. Thus, modeling lake water level
Aral Sea from Central Asia that has repeatedly filled and
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fluctuations and storage possibilities of closed-basin water BLACK SEA
areas have gained particular attention. Water level in closed-
basin lakes depends on the balance between precipitation an
evaporation. Such lakes with large areas contain large vol-
umes of water and can effectively filter climatic noises, and

EAGEAN SEA

may serve as a good indicator of climate change through b ERRAE S i -
the change observed in their water levels over a period Of s saton 2
time (Rodinov, 1994). In addition, future water lake level | o ercpiaonsasons

-—-— Thiessen polygons

change scenarios can be used for long-term planning of wa-
ter resources. Observations and measurements in water boc
ies provide important information about hydrology of the in- .
terested water system. However, observations and measure 2
ments are not always available to the users due to their time 6 e
consuming and costly installation and maintenance. There- g S
fore, modeling approaches are developed for understanding @ "oz 8
the hydrology of the water bodies, including lakes. 3 bogernal =

Several studies are available to model and evaluatg Iakgig_ 1. (a) Location of Lake Van in Turkeyb) Lake water level
water level fluctuations. Examples selected from the litera-g4,ging station in Tatvan and precipitation stations surrounding the
ture are as follows: a study by Khavich and Ben-zvi (1995) |ake.
presents a model based on the water budget to forecast
daily changes in water level in Lake Kinneret, Israel dur-
ing flood periods. The water balance of the Aral Sea wasin Tatvan at monthly time scale. Data used in the application
simulated by Small et al. (1999) with a lake model coupled are defined, water budget is explained below, after which the
to NCAR's regional climate model (RegCM2). Multi-source developed autoregressive models are detailed. Results and
satellite-driven data such as satellite-based rainfall estimategonclusions come later.
modeled runoff, evapotranspiration, and a digital elevation
dataset were used to model Lake Turkana, East Africa wa-
ter levels from 1998 to 2009 (Velpuri et al., 2012). The sup-2 Lake Van and water level data
port vector machine (SVM), artificial neural network (ANN)
and adaptive neuro-fuzzy inference system (ANFIS) mod-Lake Van is a saline closed-basin lake located in Eastern
els were developed to predict water levels for Lake Erie,Anatolia, Turkey, between the coordinates’83-39°26
North America (Khan and Coulibaly, 2006), for Lake Ur- North and 4240-4431 East (Fig. 1a). It is the largest
mia, Iran (Talebizadeh and Moridnejad, 2011), and for Lakedake in Turkey and the largest soda lake in the world. The
Egirdir and Iznik, Turkey (Guldal and Tongal, 2010; Kisi et surface area and drainage area of the lake are 3502 and
al., 2012). 12 956 kn?, respectively. Its elevation above the mean sea

Similarly, water level fluctuations of Lake Van have been level is 1646 m with a deepest point of 451 m, and a water
studied. Due to high salinity of its water, changes in the deepsolume of 576 kri. The lake is fed by direct precipitation
closed-basin Lake Van water level have been important toon the lake, runoff from contributing rivers and snowmelt.
analyze in order to investigate the mixing conditions (KadenLake Van does not have any natural outlet, water discharges
et al., 2010). A method based on the water balance equatiohy evaporation only. The lack of outflows causes the accu-
with an added cumulative departures concept to show addimulation of salts in the lake and increases the salinity (Thiel
tional water level increments along the time axis was appliedet al., 1997). Therefore, water in the lake cannot be used for
by Kadioglu et al. (1999). Monthly water level of the lake drinking or irrigation because of its high salinity, and only
was studied with a stochastic model providing a basis for thdimited species of fresh water fish can live in its waters.
assessment of the expected extreme water levels at different Water level rises after spring with melting of snow from
risk percentages (Sen et al., 2000). In order to predict the laksurrounding mountains whereas the lake has its lowest level
water level fluctuations, models based on the triple diagramduring winter months due to terrestrial climate. Under nor-
ANN and SVMs were developed for Lake Van (Altunkaynak mal climate conditions, 50—-60 cm of fluctuation is observed
et al., 2003; Cimen and Kisi, 2009). in the lake water level at annual scale.

In this study, precipitation data obtained from meteorolog- Monthly lake water level data recorded from 1944 to 2007
ical stations surrounding the Lake Van are first analyzed. Wa{768 month data) in Tatvan gauging station (Fig. 1b) are
ter budget of the lake is established based on the inflow (preused in this study. As seen from Fig. 2, the water level
cipitation and runoff) to and outflow (evaporation) from the in the lake stays at an almost constant level after which a
lake. A stochastic model is then generated at annual scale usudden upward jump is recorded. The water level remains
ing the lake water level data recorded at the gauging statioonstant at the increased level until another upward jump,

——— Boundary of Lake Van Basin
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Fig. 2. Monthly lake water level time series. 1975 1980 1985 1990 1995 2000 2005

Fig. 3. Observed and calculated change in the lake water level rela-

) ) ] ) ] tive to previous year.
after which a gradually increasing trend is observed in the

1990s to reach its maximum level. A gradually decreasing
water level followed by an increasing trend is recorded atof that part of precipitation falling over the watershed was
the end of the time series. Lake water level data in Fig. 2converted into runoff by multiplying it with the runoff
correspond to differences between the measured water levebefficient reported as 0.26 for the Lake Van closed basin
and the limnograph base level (1646.59 m). Minimum and(Bayazit, 1999). Evaporation data were available in Batur et
maximum lake water levels were recorded as 1646.68 andl. (2008) in the form of annual total at a station located in
1650.53 m, respectively. During the observation period, thevan from 1956 to 2007.
mean lake water level was 1648.31 m. Standard deviation of As the three components, precipitation, runoff, and evap-
annual difference in the lake water level is 92 cm. oration, are balanced with change in the lake water level, a
comparison between the lake water level calculated through
the water budget and that measured at the gauging station is
3 Water budget meaningful. In Fig. 3, change in the water level of the lake
was referenced to the previous year; i.e., change can either be
According to Landmann et al. (1996), rivers add positive or negative depending on if an increase or a decrease
2.1kmPyr~! and direct precipitation adds another is observed or calculated relative to the previous year's wa-
1.7knPyr~! to Lake Van, while evaporation from the ter level. It is seen that calculated and measured lake water
lake amounts to 3.8khyr—! under stationary lake water levels match each other; maximum levels in 1988 and 1993,
level conditions. As no outlet other than evaporation existsand minimum level in 2000 show this clear match. However,
for discharging water from the lake, the sudden and graduaélthough calculated values follow a similar pattern with re-
changes (jumps and trends) observed in the lake water levedpect to the measured ones they are rather different in several
(Fig. 2) can be linked to the water budget between precipitayears. For instance; in the year 2000, such difference is about
tion, runoff and evaporation of the lake and be balanced by50 cm. This can simply be connected to the coarse analy-
the change in the lake water level. For this purpose, the watesis made with the data explained above. Such an analysis
budget of the lake was established at annual scale based dras been important to see if the gradual and sudden changes
precipitation data obtained from 11 meteorological stationsare due to hydrometeorological conditions. Only precipita-
surrounding the lake (Fig. 1b). Only precipitation, runoff and tion and evaporation data were considered. Surface runoff
evaporation were used for establishing the water budget ofvas taken into account as the product of the reported aver-
the lake. As inflows, direct precipitation falling on the lake age runoff coefficient and the total precipitation falling over
surface was taken together with runoff coming through thethe lake watershed. It is clear that the reported average runoff
river system to the lake. Precipitation data available in thecoefficient is not able to demonstrate temporal changes as
form of an annual total from 1975 to 2010 were up-scaledwell as spatial heterogeneity within the watershed. In the
from station- or point-scale to lake- or area-scale by usingwater budget study, no snow component was considered ei-
the Thiessen polygon method. Inflow to the lake falling asther. For a more detailed analysis, not only surface runoff
precipitation over the lake surface was calculated as théout also baseflow components should be considered in or-
summation of precipitation in each meteorological stationder to capture the contribution of the delayed runoff recharg-
weighted with the corresponding surface area of the lake (seig the lake. However, even under these circumstances, the
Fig. 1b). This was considered as the total precipitation ovewater budget of Lake Van has shown enough evidence that
the lake. Similarly, precipitation over the lake watershedtrends and jumps in the lake water level are due to chang-
was summed after it was weighted with the correspondinging hydrometeorological conditions in the lake closed basin.
watershed area of each meteorological station. The sunif more detailed data are taken into account and an analysis

www.hydrol-earth-syst-sci.net/17/2297/2013/ Hydrol. Earth Syst. Sci., 17, 229303 2013



2300 H. Aksoy et al.: Stochastic modeling of Lake Van water level time series

400 7 qa) of the time series is transformed by standardization of
e V= - /o &)
S 300 A
T 50 with which the time series is converted to another time se-
2 ries...,y:—1, ¥, Y1+1,- - - With zero mean and unit variance.
£ 240 The ARMA-type models are well established in the literature
= 150 4 (Salas et al., 1980) and therefore, only very brief information
100 - is provided below.
50 This type of models is applied to stationary time series
0 free of deterministic components; trends and periodicities.
' Therefore, any trend and periodicity disrupting the homoge-
. 200 400 600 neous structure of the water level data of Lake Van should be
Time (month) determined and removed from the time series to obtain the
stochastic components of the time series. The trend can be
;zg 1® represented by a first-order polynomial function as
£ 300 - ye=at+b, )
& 298 7 while the periodicity which corresponds to cycles or periodic
= 200 changes with time can be fitted by a Fourier series.
§ 150 In this study, modeling the lake water level was performed
100 4 in two different ways. It is obvious from Fig. 4a that the wa-
i, | ter level time series has an increasing trend which can be
fitted by Eq. (2) when the whole time series is taken at once.
0 ' ; ; It is clear, at the same time, that the time series can be di-
- s S8 s vided into segments each with its own statistical characteris-
Time (month) tics. Considering that the time series depicts a number of dif-

ferent segments, it was decided, in this study, to fit multiple
Fig. 4. Lake water level time series fitted Ifg) mono-trend line,  trend lines to each segment within the time series. The lake
and(b) multiple-trend lines. water level time series is divided into periods each fitted by a
trend line through use of segmentation software called SEG-
MENTER (Aksoy et al., 2007, 2008; Gedikli et al., 2008,
with a shorter time interval than a year is made, better ap2010a, b).
proximations can be foreseen for observed and calculated The segmentation of a time series simply divides a given
lake water levels. number of observations into subseries with statistical char-
As a result, any sudden or gradual change (upward ORcteristics that are similar within each subseries and differ-
downward jump, increasing or decreasing trend) in the lakeent between subseries. This is called jump analysis and can
water level are due to the response of the lake to the imbalalso be considered a change point detection problem. The
anced effect of inflow and outflow. No delay is observed in simplest case is the segmentation-by-constant in which it is
the lake response probably because of the coarse time scadgmed to determine the change points where the average of
used in this study. If the analysis is made at a shorter timethe current segment is statistically different than the averages
interval (say monthly) a delay in the lake response can bef the next segment as well as that of the previous one. Not
meaningful. For example; Gencsoy (1997) discovered a Zonly segmentation-by-constant but also segmentation with
month delay in the lake response based on monthly inflowregression-by-lines or higher order polynomials can be used.
and outflow data. In this study, segmentation with regression-by-lines was used
due to the linear trend fit in Eg. (2). When the linear segmen-
tation is concerned, a time series can be segmented into as
4 Mono- and multiple-trend models many linear pieces as half the number of items in the time
series. This information might be useful in many cases. Such
Autoregressive moving average (ARMA) models (Box and information is important in particular when the inner trends
Jenkins, 1970) are widely used in hydrology and water re-might behave differently than the trend taken over the whole
sources studies (Yevjevich, 1972). Consider a stationary timelataset, which is the case in Fig. 4b. It is seen that the in-
series,... x;—1, X, x¢+1,. .. hormally distributed with mean creasing mono-trend fitted to the whole time series in Fig. 4a
w and variances?, observed at equally spaced times,..., can have different behavior when multiple inner trends are
t—1, 4, t11,.... In the model construction, the variable taken into account, as in Fig. 4b.
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Table 1. AIC values and parameters calculated for each model tested.

Model Mono-trend Multiple-trend
AIC ¢ ¢2 01 AIC  ¢1 b2 01
AR(1) —999.6 0.85 —-497.8 0.79
AR(2) —-1090.4 1.15 -0.35 -513.3 091 -0.16
ARMA(1,1) —420.6 0.73 0.53 —-4645 0.71 0.06
1 1
AR (1) Model AR (1) Model
0.8 | =AR (2) Model 0.8 - —AR (2) Model
I ——ARMA (1,1) Model ——ARMA (1,1) Model
06 - —o—Data 06 - —o—Data
04 - 04 -
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Fig. 5. Correlograms ofa) the mono- andgb) multiple-trend models.

Table 2.Observed and synthetic maximum lake water levels. be questioned. Investigations on the Lake Van water level
(Landman et al., 1996) showed that the lake had experienced
Synthetic water such changes (increase and decrease in the lake water level)
Return Observed level (cm) in its h'istory, and the highest lake terrace was about 70m
period water Mono-  Multiple- above its present level. As referenced by Sen et al. (2000),
(year) Probability level (cm)  trend trend the water level fluctuations on the order of few meters were
2 0.50 1906 1925 195.6 reported in the_ 19th century. Based on thi; information, it is
5 0.20 2754  278.9 276.1 therefore possible to assume that the multiple-trend hypothe-
10 0.10 3232 3305 323.1 sis of the water level time series is likely to occur during the
20 0.05 378.2 376.2 381.3 simulation period although the order, length and steepness
25 0.04 387.2 3815 394.0 might change.
50 0.02 3939 3958 404.8

100 0.01 3970 406.7 Among_the mulUp_Ie-_trend_modeIs, the four-trenq model
500 0.002 3983 408.3 was considered. This is mainly based on the obvious seg-
1000 0.001 3986 410.6 mentation in Fig. 4b. It is seen that the first trend is fitted to
an almost constant segment followed by a negative trend af-
ter which two increasing trends more severe than the mono-
trend in Fig. 4a are observed. Not only because of this, but
Two models were developed in this study. In the first is0 due to the observation that more extreme water levels
model, the time series was treated as a whole under the hyyere obtained by the use of the four-trend model among the
pothesis that the time series has an increasing trend as imyltiple-trend models selected. The periodic component of
Fig. 4a. In the second model, the time series was dividedhe water level data was treated with the Fourier series in
into a number of segments, changing from 2 to 30, to eachnone- and multiple-trend models.
a linear trend can be fitted (Teltik, 2008). The former was For the sake of obtaining a parsimonious model, AR(1),
called mono-trend model while the latter was defined as thqu(z) and ARMA(1,1) models are commonly used in the
multiple-trend model. Both the mono- and multiple-trend |iterature when water resources-related data are concerned.
models were used for simulation of SynthetiC lake Waterleve“n this Study, these models were tested to alternate each
time series under the hypothesis that the observed monather. Akaike Information Criteria (AIC) computed for the

sist during the simulation period. The mono-trend hypothesissyitable model, which is given by

can be accepted while the repeatability of the multiple-trend
structure of the time series during the simulation period cany, = ¢1y,—1 + ¢2y;—2 + & (©)
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with coefficients is evaporation. Inflow and outflow of the lake were balanced
Fl—riro by increasing or decreasing lake water level that can be ob-
$1= a_,2 (4a) served in the form of sudden or gradual changes. Water bud-
5 get of Lake Van showed that any sudden or gradual change
b2 = 27N , (4b)  inthe lake water level was due to the response of the lake to
1- r12 the imbalanced precipitation, runoff and evaporation.

Also two stochastic models were developed for the simu-

wherer; andr; are lag-1 and lag-2 correlation coefficients, | _.. 3 )
, . . lation of the water level time series of the lake. Mono-trend
respectively. AIC were given together with model parame- :
and multiple-trend cases were evaluated. In the mono-trend

ters in Table 1 for the mono- and multiple-trend models. Incase, a linear trend line was fitted to the whole time series

both mono- and multiple-trend models, the minimum AIC of the lake water level at once. In the second case, differentl
was obtained for the AR(2) model demonstrating better suit- ) ' y

ability of AR(2) than the AR(1) and ARMA(1,1) models (see O Prévious studies, amultiple-trend approach was used, in
: which the time series was divided into a number of segments

Salas et al., 1980 for details of AR(1) and ARMA(1,1) mod- ; . NN
each represented by its own linear trend. Periodicity in both

els). Also correlograms of the models were calculated as incases was renresented by a Fourier series. After the time se-
Fig. 5. Itis clearly seen that correlograms of the AR(2) mod- P y )

els are in a better agreement with the correlogram of the obhc> Was made trend- and periodicity-free, second-order au-
9 . . 9 oregressive AR(2) type stochastic models were developed
served lake water level time series for both the mono- an .
) or both mono-trend and multiple-trend cases.
multiple-trend cases. The correlogram of the AR(2) model . ) .
; A 1000 yr synthetic lake water level time series was gen-
matched exactly the observed correlogram for the first lags,

This shows the validation and hence applicability of the de-crated by using the mono- and multiple-trend models. Sim-
ulations have shown that the multiple-trend models generate
veloped AR(2) model.

. . — higher maxima than the mono-trend models. Therefore, in an
Maximum lake water level is of practical importance be-

. . A engineering point of view, the synthetic lake water level time
cause of the inundation problem after a possible lake water 9 gp y

) : . series generated by the multiple-trend model is more suitable
increase, in areas surrounding the lake. Therefore, monthl g y P

) . . f h - | for th
synthetic lake water level time series, 1000 yr long, are gen- nd safer compared to the mono-trend model for the purpose

erated by the mono- and multiple-trend AR(2) models. Maxi- of planning coastal infrastructural projects in the lakeshore.

mum lake water levels of different return periods were calcu-
lated from the synthetic sequences. Table 1 shows maximurcknowledgementsive would like to thank reviewers and guest
lake water levels for given probabilities together with their editors for their constructive and timely comments that improved
observed counterparts. the content of our paper.
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