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Figure 1. Urmia lake basin and studied hydrometric and synoptic stations.
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Table 1. Hydrometric station characteristics.
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Table 2. Synoptic station characteristics beside Urmia lake.
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Table 3. Coefficient of evaporation from lake surface comparing to freshwater.
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Figure 2. Undirected Bayesian graph.
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Figure 3. Bayesian Network.
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Table 4. Thiessen coefficient of synoptic station.

ab/\lw._v“ er A:.A)J‘ .L'vja uLu oL JALQ.Lw
Station Urmia Marand Bonab Naghadeh Salmas
o 0.44 0.08 0.21 0.17 0.1
Thiessen coefficient

o AKE 4 (55555 Bl g g,ll Slasie -0 Jyus

Table 5. Statistical characteristics of input variables to Bayesian network.

oo bl Sl
S2505 S pmaze 5 ol Variable statistical characteristics
Input variable Distribution fit Sl

Q)AJI e)LnT )U}.ﬂ

.. [, €
P-value K-S Test

S 31 Sl

Average  St. Diversion ~ Parameter ¥

Lo Jb 5
12.24 9 - 0.106%***
Temperature Normal
S,L ol s b Jlo i S
Ch sl s Sd ) 6 121 -1.123 0.33%kknk
Precipitation Log- Normal (3P)
e Je s
- ” 75.23 68.57 - 0.0005
Evaporation Normal
L b
% s 228 0.59 - 0.88H#Hx
Wind Normal
Iea Cosb, Sl o s
P sk L s 56.87 10.1 - 0.2%kk
Avg. Humidity Normal
i 2ol b Jbe i S
e 2l $2009 Sl des S5 5 133 0.47 0,285
Runoff input Log- Normal (3P)
Lys ol 1 Lo 3
sl =l gl s 12727 0.97 - 0.2%*
Lake water level Normal
el ele o3 drls ol e Sl e 1272.7 0.97 - 0.2
Lake water level at next month Normal
VARSI Clanﬂ VA Sl pne Clanﬂ il ol sme Clanﬂ VAR ol sme Clanﬂ VA R ol sme Clanﬂ e

ik Sionificant level 0.2, **** Significant level 0.1, *** Significant level 0.05, ** Significant level 0.02, * Significant level 0.01.

Yo



ITAY (1) o,lowd (Y0) s S g O Chlis s Widg3s 4 pai

i Py s §)ll e sl )l Slaseie -1 J g
Table 6. Estimated Statistical parameters characteristics of Bayesian approach.
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Runoff input Normal
Lys ol 5 Lo 3
sl =l gl e 1272.69 0.96
Lake water level Normal
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Figure 4. A) Computed and observed values to time B) Predicted and observed values by Bayesian network.
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Table 7. LS-SVM model input scenarios.

ol

Scenarios

Prec(t-1), EVA(t-1), Temp(t-1), Discharge(t-1), Humidity(t-1)
Prec(t-1), EVA(t-1), Temp(t-1), Discharge(t-1), Humidity(t-1)

Prec(t-1), EVA(t-1), Temp(t-1), Discharge(t-1), Humidity(t-1)

Prec(t-1), EVA(t-1), Temp(t-1), Discharge(t-1), Humidity(t-1),

, Wind(t-1), SL(t-1)
, Wind(t-1), SL(t-1), SL(t-2)

, Wind(t-1), SL(t-1), SL(t-2), SL(t-3)

Wind(t-1), SL(t-2), SL(t-3), SL(t-4)
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Table 8. Result of statistical analysis for different scenarios of model input.

— Ot 5SSk Slayye S5l
CASL U G s (o) s o= -
T - - R? Scenarios
Nash MBE (m) RMSE (m)
) Prec(t-1), EVA(t-1), Temp(t-1), Discharge(t-1), Humidity
0.76 0.057 0.152 0.808 (t-1), Wind(t-1), SL(t-1)
) Prec(t-1), EVA(t-1), Temp(t-1), Discharge(t-1), Humidity
0.84 0.029 0.099 0.932 (t-1), Wind(t-1), SL(t-1), SL(t-2)
) Prec(t-1), EVA(t-1), Temp(t-1), Discharge(t-1), Humidity
0.87 0.015 0.087 0.928 (t-1), Wind(t-1), SL(t-1), SL(t-2), SL(t-3)
0.86 20.012 0.082 0923 Prec(t-1), EVA(t-1), Temp(t-1), Discharge(t-1), Humidity

(t-1

), Wind(t-1), SL(t-2), SL(t-3), SL(t-4)
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Abstract

Background and Objectives: Urmia Lake, as an important water ecosystem, is located in the
northwest of Iran. Over the past 14 years, the average of Urmia Lake water surface level has
decreased to 1272.2 m and it means that the difference between the ecological level of the lake
and the present water level is 2-meter. Drying of the Urmia Lake will cause serious problems
and crises for the watershed, adjacent provinces and the country. In this research, direct and
indirect effective parameters in prediction of the lake level such as evaporation, input runoff to
the lake, precipitation, temperature, wind, mean air humidity and water level in the previous
month have been employed. The comparison of the efficiency of two models namely the
Bayesian network, which is a probabilistic model under conditions of uncertainty and the
machine algorithm of Least Square Support Vector Machine (LS-SVM) is the main objective of
the present research.

Materials and Methods: In the present research, two methods including least squares support
vector machine and Bayesian were employed in the modeling process. In this study, effective
factors in predicting Urmia lake water level in the previous month as inputs for the used models
and water level in the present month as outputs were investigated.

Results: The analysis of hydrometric stations data showed that the data of only 4 stations
among 13 stations are fitted to the normal distribution. Comparison and investigation of the
results of two model by examining the coefficients R>, RMSE, MBE and Nash-Sutcliff
indicated superiority of the least squared vector machine model compared to the Bayesian
network. These values for the superior model were 92.3%, 0.082, 0.122 and 0.86, respectively.
Conclusion: In this research, the criteria for evaluating and comparing the accuracy of the two
model in prediction based on R?, RMSE, MBE and Nash-Sutcliff criteria indicated that the least
square vector machine is superior to the Bayesian model. However, the important point in
comparing the two model is that the nature of the least squares support vector machine is a
machine, however, the nature of the Bayesian network is a probabilistic model under
uncertainty conditions in which the normal distribution is used to train network variables
because the nature of events is random. Therefore, in this research, the use of Bayesian network
model is recommended to the least-squares support vector machine model.

Keywords: Bayesian network, Ecological level, Least Square Support Vector Machine,
Prediction, Surface level

* Corresponding Author; Email: j.behmanesh@urmia.ac.ir

yev






