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Abstract Considering complexity in groundwater model-

ing can aid in selecting an optimal model, and can avoid

over parameterization, model uncertainty, and misleading

conclusions. This study was designed to determine the

uncertainty arising from model complexity, and to identify

how complexity affects model uncertainty. The Ajabshir

aquifer, located in East Azerbaijan, Iran, was used for

comprehensive hydrogeological studies and modeling. Six

unique conceptual models with four different degrees of

complexity measured by the number of calibrated model

parameters (6, 10, 10, 13, 13 and 15 parameters) were

compared and characterized with alternative geological

interpretations, recharge estimates and boundary condi-

tions. The models were developed with Model Muse and

calibrated using UCODE with the same set of observed

data of hydraulic head. Different methods were used to

calculate model probability and model weight to explore

model complexity, including Bayesian model averaging,

model selection criteria, and multicriteria decision-making

(MCDM). With the model selection criteria of AIC, AICc

and BIC, the simplest model received the highest model

probability. The model selection criterion, KIC, and the

MCDM method, in addition to considering the quality of

model fit between observed and simulated data and the

number of calibrated parameters, also consider uncertainty

in parameter estimates with a Fisher information matrix.

KIC and MCDM selected a model with moderate com-

plexity (10 parameters) and the best parameter estimation

(model 3) as the best models, over another model with the

same degree of complexity (model 2). The results of these

comparisons show that in choosing between models, pri-

ority should be given to quality of the data and parameter

estimation rather than degree of complexity.

Keywords Model complexity � Bayesian model

averaging � Multicriteria decision making � Fuzzy AHP

method � Fuzzy TOPSIS method

1 Introduction

Uncertainty, a major issue in groundwater modeling, can

arise from inadequate knowledge of the underlying system,

as well as from natural variability in subsurface and field

conditions. This incompleteness leads to sources of uncer-

tainties, including those due to conceptual model uncer-

tainty, parameter uncertainty, and scenario uncertainty

(Meyer et al. 2007; Sun 1994). In addition, increasing the

number of model parameters (overparameterization) also

leads to uncertainty in the models. When the number of

parameters defined for a given model increases, information

from observations is distributed among more parameters.

One way to reduce uncertainty is to choose a model that

compromises between a low number of parameters and a

high level of performance, i.e. a parsimonious model (Hill

and Tiedeman 2007). In general, the model should be as

simple as possible, but it should also be noted that over-

simplification reduces model efficiency (Hunt et al. 2007).
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To assess conceptual model uncertainty and model com-

plexity we need different conceptual models with alterna-

tive descriptions of groundwater processes and

interpretations of hydrogeological data (Meyer et al. 2007;

Rojas et al. 2008; Ye et al. 2004, 2008a, 2010). Model

averaging is one way to address model uncertainty, and it

has received increasing attention among researchers (Dai

and Ye 2015; Hojberg and Refsgaard 2005; Liu et al. 2016;

Neuman 2003; Poeter and Anderson 2005; Ye et al. 2004).

Complexity in modeling is an issue of universal

importance across all areas of science. In earth sciences,

researchers have described the benefits and disadvantages

of using different conceptual models with different degrees

of complexity. There is consensus that a model that is too

complex is probably more likely to lead to incorrect con-

clusions on proper model structure. Moreover, in compar-

ison to simple models, complex models are harder to

understand, and interpreting the results is also more diffi-

cult. On the other hand, a simple model does not provide a

comprehensive description of the system and will lead to

misleading results (Freyberg 1988; Haitjema 2011; Hunt

et al. 2007; Hunt and Zheng 1999; Jacobs and Grainger

1994; Oreskes 2000, 2003; Popper 1982; Simmons and

Hunt 2012).

More complexmodels generally fit the observations more

closely but may have greater uncertainty and prediction

errors than simpler models do (Collyer 1985; Dai et al. 2008;

Hill 1998, 2006; Yeh and Yoon 1981). Hill (2006) noted that

the most effective approach to model calibration with the

consideration of model uncertainty is to start building from a

simple model and gradually increase the degree of com-

plexity. This will help modeler understand the existing data

and create a complex model to the extent that available data

permit. Dai and Samper (2004) also proposed a stepwise

inversion method for the estimation of model parameters.

They note that the main advantages of implementing models

with increasing complexity are overcoming limited experi-

ence in solving the inverse problem and obtaining sufficient

insight into the nature of the inverse problem. It also can be

useful for model identification because solving the inverse

problem requires not only obtaining optimum parameter

values but also a step usually known as conceptual model

identification.Moreover, the stepwise approach also helps to

avoid overparameterization. There are many risks in esti-

mating large numbers of parameters; accordingly, efforts in

the stepwise procedure should be devoted to analyzing

parameter identifiability.

In the field of groundwater modeling, Engelhardt et al.

(2014) calibrated seven conceptual models in which the

number of parameters was increased progressively from 0

to 30. The models were ranked with the Akaike informa-

tion criterion (AIC), corrected AIC (AICc), Bayesian

information criterion (BIC) and Kashyap information

criterion (KIC). All information criteria considered models

1 and 7 unacceptable. The AIC and AICc selected model 4,

with 15 calibrated parameters, as optimal. In contrast to the

AIC approach, the BIC method selected model 2, a simpler

option with five calibrated parameters, as the best model.

The model selected by the KIC was model 3, with 10

calibrated parameters. The KIC-based selection was con-

sidered the most trustworthy because it avoided under- or

overparameterization of conceptual models for a given data

set, accounted for model structure error, and maintained

prior information.

Dai et al. (2012) identified the sorption processes of

neptunium and uranium based on inverse modeling. They

developed seven alternative sorption models for each

radionuclide to reflect different conceptualizations of the

sorption process. These models involved different numbers

of parameters. With the same observational data, the more

parameters in the model that are involved in the inversion,

the better the fit. To limit the effect of the number of

parameters in solutions of the inverse problem, rather than

simply trusting the result of inverse objective functions,

they used four model identification criteria (AIC, AICc,

BIC and KIC) to select the most likely sorption process in

fractures and matrices. All the criteria selected kinetic

models in both neptunium and uranium experiments as the

best model, i.e. the model with the largest number of model

parameters. Their study showed that improvements in

model fit arose from the choice of an appropriate conceptual

model of sorption, which justified the increasing number of

model parameters (i.e., greater model complexity).

Multicriteria decision-making (MCDM) approaches are

another useful strategy to evaluate alternative model cali-

brations (Kuchanur 2006; Nettasana 2012; Swaify and

Yakowitz 1998; Szidarovsky et al. 1986; Zeleny 1982).

Multi-objective approaches help modelers to compare, rank,

organize and weight the available alternative simulation

models based on identified evaluation metrics. Traditional

multi-objective programming, however, cannot quantify and

incorporate decision-makers’ subjective preferences. Thus

in this study we used a framework based on fuzzy analytical

hierarchy process (AHP) and a fuzzy technique for order

performance by similarity to the ideal solution (TOPSIS),

which were developed by Sun (2010) and applied by Patil

and Kant (2014). Fuzzy set theory was proposed for the first

time in decision-making research by Zadeh (1965).

To explore model complexity in a groundwater field,

we chose Ajabshir Aquifer in East Azerbaijan, Iran, for a

case study based on comprehensive hydrogeological

studies and modeling. We attempted to answer these

questions: (1) What degree of model complexity is

suitable to prevent from using overparameterized mod-

els? To answer this question, 6 conceptual models with 4

degrees of complexity were developed and compared. (2)

Stoch Environ Res Risk Assess

123



How much does complexity affect model uncertainty? To

answer this question we prepared alternative models with

equal complexity (models 2 and 3 with 10 parameters

each, and models 4 and 5 with 13 parameters each). The

performance of these alternative models was compared

based on the calibrated parameters and root mean square

error (RMSE) values. Several methods were used to

calculate model probability and model weighting,

including Bayesian model-averaging (BMA) through

model selection criteria, and MCDM approaches, to

identify the best model performance based not only on

quality of fit but also on the number of parameters and

quality of the data. For the MCDM approach we con-

sidered uncertainty in parameter estimates with the

Fisher information matrix.

2 Description of the study area

2.1 Location

The study location, Ajabshir Plain, has an area of 130 km2

and is part of the catchment area of Urmia Lake in East

Azerbaijan, Iran. The plain is bordered to the north and

northwest by Azarshahr Plain, to the east and south by

Maraghe-Bonab Plain, and to the south and southwest by

Lake Urmia (Fig. 1). According to the Emberger climate

classification (Emberger 1969), the study area is charac-

terized as semiarid and cold, with average precipitation

about 328 mm/year, average temperature about 8.7 �C and

mean annual relative humidity 59%.

2.2 Geological settings

The study area is in the zone of tectonic plate collision that

gives rise to the Alborz and Zagros Mountains and the

volcanic Urmia-Dokhtar area. Geological outcrops in the

area consist of a variety of facies, mostly shale, sandstone

and volcanic rock, which are divided into different strati-

graphic units. The various sedimentary units in the area are

covered by lava and young pyroclastic rock consisting

mostly of andesite. The stratigraphic units in the region

from oldest to most recent are as follows: (1) Cretaceous

basic and acidic volcanic rocks, sandstone and spilitic

basalt, calcareous shale (Ksh): units belonging to this period

are widespread in the northern and eastern parts of the area,

and from a lithological perspective encompass black shale,

sandstone, calcareous shale, acidic lava rhyolites and fine-

grained rhyodacite, as well as basic lava basalt including

diabase, spilitic basalt and basaltic pyroclastic rocks. The

main minerals in these rocks are plagioclase and horn-

blende. This unit comprises Cretaceous shale and calcare-

ous shale subunit (Kshl), Cretaceous spilitic basalt and

volcanic rock subunit (Ksb), Cretaceous basic volcanic rock

subunit (Kbv) and a Cretaceous volcanic rock and tuff

subunit (Kvt2). (2) Miocene volcanoclastic conglomerate

(MPLvc): This unit is common in the eastern part of the

study area. It consists of pyroclastic and volcanoclastic

conglomerate and the Lahar deposits produced by Sahand

volcano eruptions and composed mainly of pyroxene and

andesite. This thick, dark gray layer unconformably over-

lays older Upper Cretaceous units, and may be related to the

earliest volcanic activity of Mount Sahand. (3) Quaternary:

Fig. 1 Location of the study area
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This unit includes Quaternary old terrace (Qt1), Quaternary

young terrace (Qt2) and Quaternary salt flats (Qmf) cov-

ering an extensive area surrounding Lake Urmia. (4) River

sediments around the Ghalechay River (Fig. 2).

2.3 Hydrogeological setting

The Ajabshir Aquifer is an unconfined aquifer formed from

alluvial deposits. These deposits are transported by the

Ghalechay River from Mount Sahand pyroclastic rocks

located in the north and northeastern part of the study area.

Alluvial deposits from the middle of the plain toward Lake

Urmia are located on a clay unit. Below the clay a sand unit

creates a confined saline water aquifer. This unit, facing

toward the lake, contains highly saline water which is

thought to be lake water remaining after the lake receded

(Samani and Moghaddam 2015).

In terms of topography, the area slopes from northeast to

west and southwest. The highest elevation (about 1320 m)

is in the north and east, the lowest elevation (about

1273 m) is in the west.

To determine the material and position of the Ajabshir

Aquifer bedrock, exploration well logs and geophysical

data were used. The bedrock differs across locations

because of the influence of igneous rock mass and lake

sediments. In the eastern part of the area between the vil-

lages of Goltapeh, Goran and Shiraz to North Nansa, the

bedrock consists of igneous rocks; in the north and north-

east the main component is clay material, and in the central

area to the south and southwest the main component con-

sists of fine sediments containing lake water. The topog-

raphy of the aquifer bedrock approximately follows the

surface topography, with a general slope from northeast

toward the west and southwest. The highest level of bed-

rock is about 1300 m in the northeast.

The alluvium in the north and northeast is thin and

gradually becomes thicker towards the middle of the

aquifer, especially around the middle part of the Ghalechay

River. The thickest alluvial deposits (about 100 m) are in

the village Khanian and the city of Ajabshir. Thickness of

the alluvium gradually decreases away from the river and

toward the lake. In the area around the villages of Shiraz,

Nansa and Nebrin the alluvial deposits are between 60 and

70 m thick. Average thickness of the alluvium is 50 m.

The largest river in the area is the Ghalechay River, the

source of which is located in Mount Sahand. The river

flows from northeast to southwest and drains into Lake

Urmia (Fig. 2).

Fig. 2 Geological map of the study area
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Average water level measurements in the observation

wells during the 2013 period (Fig. 3) indicate that the

general direction of groundwater flow follows the topog-

raphy of the area, mainly from north and northeast to south

and southwest. Flow lines for this period showed reverse

flow in some places from the salt flats toward the plain.

From the flow line it is clear that the Ghalechay River

recharges the aquifer in the input and output fields, and

parts of it drain the aquifer in the middle section. Data from

two hydrometric stations (Yagange upstream and Shishvan

downstream) confirm this flow pattern. The volume of river

water during 2013 was 59.7 million m3/year at the

Yagange station and 13 million m3/year at the Shishvan

station. In this period the volume of river water used for

irrigation was about 33 million cubic meters. This calcu-

lation shows that during 2013, loss from evaporation or

infiltration is 13.7 million m3/year. If we assume, based on

the aquifer properties and study area, that 60% of this water

infiltrates and 40% percent of it evaporates, the amount of

surface water infiltration in Ajabshir Aquifer is 8 million

m3/year. The water in the aquifer originates from precipi-

tation recharge, river recharge, groundwater flow from the

mountains around the plain in the north and northeast, and

irrigation return.

Groundwater depth based on measurements during 2013

in the aquifer is between 3 and 35 m. The lowest depth is in

the south and southeastern part, and maximum depth is in

the northwest part of the aquifer. Groundwater depth is

between 4 and 10 m near the salt flats, and between 14 and

20 m in the middle part of the aquifer. There are no wells

to measure groundwater levels in the salt flats; however,

according to recorded observations, water levels in these

areas are apparently very near the ground surface.

The water gradient is between 0.001 and 0.02 in the

aquifer, and decreases from the north and northeast to the

south and southwest. The lowest water gradient is near the

salt flats.

The transmissivity, horizontal hydraulic conductivity,

and storage coefficient for Ajabshir Aquifer were estimated

from pumping test data obtained at 44 pumping wells and 6

exploration wells. Transmissivity, due to changes in par-

ticle size and aquifer thickness, varies in different parts of

the aquifer, and is highest around the Ghalechay River and

the city of Ajabshir, at more than 1000 m2/day. Trans-

missivity decreases from these areas towards the north and

towards the salt flats around Lake Urmia, to less than

100 m/day around the salt flats. Transmissivity in the area

between the middle of the aquifer and the southern plains

surrounding the villages of Nebrin, Nansa and Shiraz is

about 500 m2/day.

Hydraulic conductivity is greatest in the north and

northeast at about 20 m/day, and decreases from north to

southwest. The lowest hydraulic conductivity, at around

0.1 m/day, is in the salt flats near Lake Urmia. The average

of hydraulic conductivity in Ajabshir Aquifer is about

12 m/day. Average storage coefficient is estimated at 8%

Fig. 3 Potentiometric surface

map and flow lines during the

2013 period (unit: m). GHB and

CHD boundaries are shown
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for the entire aquifer according to the results of pumping

tests.

Water withdrawal points from the aquifer consist of 574

deep and shallow wells. During the year 2013, about 30

million cubic meters of water was discharged by pumping

wells from Ajabshir Aquifer. Part of this water returns to

the aquifer as agricultural return water.

3 Material and method

Several methods are available to choose a model with good

fit between observations and simulations, and with an

optimal number of parameters (Hill and Tiedeman 2007).

Here we investigated statistical values for quality of data

fit, and calculated posterior model probability with model

selection criteria and MCDM approaches to determine the

best model in terms of fit and model complexity.

3.1 Model selection criteria

Traditionally, alternative models have been ranked and the

best model has been identified with the aid of model

selection criteria such as Akaike information criterion

(AIC, Akaike 1974), corrected Akaike information crite-

rion (AICc, Hurvich and Tsai 1989), Bayesian information

criterion (BIC, Rissanen 1978; Schwarz 1978) and

Kashyap information criterion (KIC, Kashyap 1982). These

are based on statistical theory, and they penalize complex

models in different ways to reach a balance between data

fitting ability and model complexity. Consider a set of

K alternative models (equilibrium and non-equilibrium

convection dispersion models). Mk with Nk unknown

parameters, and hk with k = 1,…, K. The model selection

criteria are defined as follows:

AICk ¼ �2ln L ĥkjD
� �h i

þ 2Nk ð1Þ

AICck ¼ �2ln L ĥkjD
� �h i

þ 2Nk þ
2Nk Nk þ 1ð Þ
N � Nk � 1

ð2Þ

BICk ¼ �2ln L ĥkjD
� �h i

þ Nk ln Nð Þ ð3Þ

KIC ¼ �2ln L ĥkjD
� �h i

� 2lnpðĥkÞ þ NklnðN=2pÞ
þ ln �Fkj j ð4Þ

where ĥk is the ML estimate of hk; �2ln½LðĥkjDÞ� is the

negative log-likelihood (NLL) function; p(hk) is the prior

probability of hk, Fk = Fk/N; N is the number of observa-

tions; and Nk is the number of parameters. This makes it

possible to rewrite KICK as.

�Fk;ij ¼
1

N
Fk;ij ¼ �1

N

d2 ln L �hk Dj
� �� �

dhkidhkj

�����hk ¼ ĥk ð5Þ

KIC ¼ �2ln L ĥkjD
� �h i

� 2lnpðĥkÞ � Nk ln 2pð Þ þ ln Fkj j

ð6Þ

where Fk is the Fisher information matrix. The first term

-2ln[L(h k|D)], which is common to all criteria, measures

goodness of fit between predicted and observed data. The

smaller this term, the better the fit. N is the number of

observed data. This part of the formula is used to compare

the number of parameters to the number of observations.

The best option is a model with more observational data

and fewer parameters. The terms containing Nk represent

measures of model complexity. According to the principle

of parsimony, models are penalized for having a relatively

large number of parameters if this is not accompanied by

corresponding improvements in model fit. The Fisher term

in the KIC method will cause this method, in some cases, to

choose models different from the BIC method (Ye et al.

2008a). Sometimes the KIC method will choose more

complex models than BIC, because the former method

considers quality of the available data by considering

model sensitivity to parameters in addition to goodness of

fit and the number of parameters (Ye et al. 2010). Models

with less parameter sensitivity have lower model proba-

bility. Because KIC models lay great importance on model

sensitivity to parameters, sometimes this method chooses a

model that contains the highest degree of parameter

uncertainty (Ye et al. 2008a,b, 2010).

3.2 Model probability

To compare the relative plausibility of competing

models with different degrees of complexity, Bayesian

statistics provides a general framework. The approach

involves computing the posterior probability of each

model based on the prior model probability and mar-

ginal likelihood. According to Bayes’ theorem for cal-

culating posterior probability p(Mk |D) proposed by

(Neuman 2003):

p MkjDð Þ ¼ p DjMkð Þp Mkð ÞPk
l¼1 DjMlð Þp Mlð Þ

ð7Þ

where p(Mk) is the prior probability of model Mk. The

marginal likelihood function, p(D|Mk), is defined as

p DjMkð Þ ¼
Z

p Djhk;Mkð Þp hkjMkð Þdhk ð8Þ
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p(hk |Mk) is the prior probability density of hk under model

Mk, and p(D|hk,Mk) is the joint likelihood of Mk and hk. The

marginal likelihood, also called integrated likelihood or

Bayesian evidence, measures overall model fit.

3.3 Calculating model probability based on model

selection criteria

p(D|Mk) and p(Mk |D) can be calculated as (Ye et al. 2004)

P DjMkð Þ � exp � 1

2
ICk

	 

ð9Þ

p MK jDð Þ ¼
exp � 1

2
DICk

� �
p Mkð ÞPk

l¼1 exp � 1
2
DICl

� �
p Mlð Þ

ð10Þ

where DICk = ICk-ICmin and ICmin = mink{ICk}, IC

being AIC, AICc, KIC or BIC.

3.4 Multicriteria decision-making (MCDM)

approach

A fuzzy AHP method is used here to determine weights of

the evaluation metrics, and a fuzzy TOPSIS method is used

to rank the alternative model in order to explore model

complexity.

Our procedure for the fuzzy AHP approach involved the

following steps:

Step 1 Build the evaluation hierarchy systems to rank

seven evaluation metrics including: sum of squared resid-

uals of calibration (SSRC), sum of squared residuals of

validation (SSRV), mean absolute residual calibration

(BARC), mean absolute residual of validation (MARV),

calculated error variance (CEV), number of parameters,

and ln Fj j (F: Fisher information matrix).

Step 2 Define the linguistic variables. In this method the

five triangular fuzzy numbers (TFN) 1, 3, 5, 7, and 9 are

defined with their corresponding membership function

(Table 1).

Step 3 Make a pairwise comparisons matrix of evalua-

tion metrics with fuzzy numbers.

~A ¼

1 ~a12 :: :: ~a1n
~a21 1 :: :: ~a2n
:: :: :: :: ::
:: :: :: :: ::
~an1 ~an2 :: :: 1

2
66664

3
77775

ð11Þ

where ~aij ¼ lij; mij; uij
� �

is a fuzzy triangular number,

~aji ¼ 1=~aji for each TFN, and ~aij or M = (l, m, u). Its

membership function l~a xð Þ or lM(x) is a continuous

mapping function from real number -? B x C ? to the

closed interval [0, 1], and can be defined by Eq. (12).

l~a xð Þ ¼

x� l

m� l
; l� x�m

u� x

u� m
; m� x� u

o; otherwise:

8>><
>>:

ð12Þ

Step 4 Approximate the fuzzy priorities. Based on fuzzy

values, non-fuzzy values are needed to represent the rela-

tive preference or weight of one criterion over others. We

used Chang’s method to find the degree of possibility that

Sb C Sa as follows (Chang 1996):

VðSb � SaÞ ¼
1; if mb �ma

0; if la � ub
la � ub

ðmb � ubÞ � ma � lað Þ ; otherwise

8><
>:

:

ð13Þ

Step 5 Convert the fuzzy comparison matrix into a crisp

comparison matrix, as shown in Eq. (14).

A ¼

1 a12 :: :: a1n
a21 1 :: :: a2n
:: :: :: :: ::
:: :: :: :: ::
an1 an2 :: :: 1

2
66664

3
77775
: ð14Þ

Step 6 Use the operation min proposed by Dubois and

Prad (1980).

V Si�S1;S2; . . .; Skð Þ ¼min V Si� Skð Þ; ¼ w Sið Þ ð15Þ

Each w(S) value represents the relative preference or

weight, a non-fuzzy number, of one criterion over others.

Table 1 Linguistic variable used in the pairwise comparison matrix in the fuzzy AHP method. Linguistic variables used for alternative model

ratings in the fuzzy TOPSIS method

Fuzzy number Linguistic variable for AHP Linguistic variable for TOPSIS Scale of fuzzy numbers

1 Equally important/preferred Very poor (1,1,3)

3 Weakly important/preferred Poor (1,3,5)

5 Strongly more important/preferred Medium (3,5,7)

7 Very strongly important/preferred Good (5,7,9)

9 Extremely more important/preferred Very good (7,9,11)
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However, these weights need to be normalized in order to

perform as weights analogous to those defined in the AHP

method. The normalized weight w(S) is thus obtained in

terms of a weight vector as follows:

W ¼ w S1ð Þ;w S2ð Þ; . . .;w Snð Þð ÞT : ð16Þ

Once the criteria weights are determined, the scores of

alternatives need to be calculated with respect to each

criterion, and the composite weights of the decision alter-

natives need to be found by aggregating the weights

through the hierarchy (Patil and Kant, 2014; Kishore and

Padmanabhan 2016).

Our procedure for the fuzzy TOPSIS approach involved

the following steps (Patil and Kant, 2014):

Step 1 Choose the linguistic rating values for the alter-

native conceptual models with respect to evaluation met-

rics (Table 1).

Step 2 Construct the fuzzy performance matrix by

choosing the appropriate linguistic variables (Table 1).

Step 3 Construct the normalized fuzzy decision matrix.

The raw data are normalized with linear scale transfor-

mation to bring the various criteria scales into a compa-

rable scale.

Step 4 Construct the weighted normalized matrix. The

weighted normalized matrix is computed by multiplying

the weights of evaluation criteria calculated with the fuzzy

AHP method by the normalized fuzzy decision matrix.

Step 5 Determine the fuzzy ideal solution (FPIS) and

fuzzy negative ideal solution (FNIS). The FPIS and FNIS

of the alternatives are calculated as follows:

Aþ ¼ v1; v2; . . .; vnð Þwhere vj ¼ cj; cj; cj
� �

and cj
¼ max cij

� �
ð17Þ

A� ¼ v1; v2; . . .; vnð Þwhere vj ¼ aj; aj; aj
� �

and aj
¼ min aij

� �
ð18Þ

where vij is a triangular fuzzy number represented by (aij,

bij, cij).

Step 6 Calculate the distance of each alternative from

FPIS and FNIS. The distance (di
?, di

-) of each weighted

alternative i = 1, 2…, m from the FPIS and the FNIS is

computed as follows:

dþi ¼
Xn
j¼1

dv vij; v
þ
j

� �
; i ¼ 1; 2; . . .;m ð19Þ

d�i ¼
Xn
j¼1

dv vij; v
�
j

� �
; i ¼ 1; 2; . . .;m: ð20Þ

Step 7 Calculate the closeness coefficient (CCi) of each

alternative. The closeness coefficient CCi represents the

distances to the fuzzy positive ideal solution (A?) and the

fuzzy negative ideal solution (A-) simultaneously. The

closeness coefficient of each alternative is calculated as:

CCi ¼ d�i
d�i þ dþi

: ð21Þ

Step 8 Rank the alternatives. In this step the different

alternatives are ranked in decreasing order according to the

closeness coefficient (CCi).

4 Numerical model developments

4.1 Model construction

The six three-dimensional finite-difference numerical

models for this study were developed using MODFLOW

with Model Muse as the graphical user interface (Har-

baugh, 2005). The modeled domain is 134 km2.

Based on characteristics of the study area in Ajabshir

Aquifer, we compared six possible conceptual models,

characterized by alternative geological interpretations,

recharge estimations, and boundary condition implemen-

tations. To choose lateral boundaries of the models based

on natural boundaries, the range of model boundaries in the

Ajabshir Aquifer was expanded to the salt flats along Lake

Urmia, and these areas were considered as a constant head.

The Ajabshir Aquifer domain, based on available data and

hydrogeological conditions, was discretized into 79 rows,

78 columns and 1 layer, with 6162 active cells. Grid cell

size was 200 m in both the x and y directions.

The steady-state situation was used to simulate water

level conditions for the year 2013, a year when the

groundwater system approached quasisteady-state condi-

tions because of water level recharge, and pumping con-

ditions during 2013 were similar to long-term average

conditions. Another reason for selecting this year for cal-

ibration was because the available data were considered the

most reliable and sufficient. All observation and pumping

wells, boundary conditions and recharges were introduced

in model with appropriate software packages.

4.2 Numerical model boundaries

The average groundwater levels measured during 2012 at

27 observation wells were interpolated with the Fitted

Surface interpolation method and used as the initial head

distribution for modeling. Since the aquifer is unconfined,

surface topography for the model was defined as the

highest level. For the topographic layer, Dem files from the

study area were used. To produce bedrock layers for the

model, data from geophysical studies and exploration well

logs were used. Data for the topographic and bedrock

layers were entered as text files in the modeling software,

and then interpolation was used to define the data for all

cells.
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To simulate 574 pumping wells in MODFLOW we used

the well package. In this study, in some conceptual models,

the well package in addition to data from pumping wells

was used to input river data (as recharge and discharge well

values). This was done because adequate information was

unavailable for river characteristics (bed depth, surface

water, sediment thickness, etc.). In addition, this package

was used in some models to replace the input flow

boundaries (as recharge well values).

Maximum depth of evaporation in Ajabshir Aquifer was

considered 4 m. We consulted a water table depth map to

identify areas with a depth of less than 4 m in GIS soft-

ware. The water was less than 4 m deep only in the

southeastern part of the aquifer near two observation wells,

and we defined an evaporation zone as the area of this part.

Another evaporation zone (due to capillary processes) was

defined near the salt flat in the south and southwest of the

aquifer. Then, based on the Thornthwaite method and the

percentage of pan evaporation, the transpiration rate was

calculated for the year 2013.

According to water table contours and flow lines during

2013 in northwestern and southeastern parts of the aquifer,

we determined no-flow boundary conditions. In parts of the

south and southwest plains bordering Lake Urmia, constant

head boundary (CHD) was determined, and head along the

lake was assumed to vary through the position of the CHD

boundary. In parts of the north and east boundary a general

head boundary (GHB) was simulated to characterize

groundwater inflows and outflows in highland recharge

boundaries. The General Head Boundary Package allows

flow into or out of a model to be simulated based on the

difference between the head value in a cell and the speci-

fied general head boundary value and the hydraulic prop-

erties that determine how easily flow can occur. To

determine head stages, the north and east borders were

divided into three segments (Fig. 3). This division was

done to ensure that computed groundwater heads simulated

the real situation in light of differences in head and con-

ductance between the north (1300 m and 500 m2/day) and

east parts (1280 m and 300 m2/day) of the study area.

Values of nodes in each segment were interpolated linearly

along the grid cells. The conductance in GHB boundary

cells was estimated using hydraulic conductivity values in

the boundary area. Head value was adjusted slightly during

model calibration. The conductance values for boundary

cells were also adjusted by trial and error during model

calibration. In model number 5 we used a well package

instead of GHB while pumping wells were reserved in

some cells for input boundary.

Recharge rate in Ajabshir Aquifer based on the amount

of rainfall, and agricultural return water was estimated with

the recharge package. The amount of water recharge differs

among areas usually because of different soil, geology and

vegetation characteristics, rainfall intensity and ground

surface slope. Because little information was available for

the amount of recharge, recharge parameters for different

areas were calculated during calibration. The amount of

rain water infiltration in the aquifer was calculated with the

Thornthwaite water balance method. The amount of agri-

cultural return water was estimated with the Blaney–

Criddle method, according to the presence of agricultural

wells and irrigation networks in the plain. Then recharge

was introduced with modeling software as four recharge

zones in model number 1. In model number 2, the Gha-

lechay River was defined with the recharge package, and 3

recharge parameters were defined along the course of the

river. In addition, for the area around Ajabshir city, an

additional recharge zone was used in this model because of

return to the aquifer from municipal sewage and industrial

effluents (Fig. 4).

4.3 Hydrogeological zonation and hydraulic

parameters

Hydraulic conductivity data were obtained from pumping

tests and a combination of the two maps of aquifer trans-

missivity and thickness, and for models number 1 and 2

these data were entered via interpolation. In models num-

ber 3, 4 and 5, we used a zoning method to determine

hydraulic conductivity parameters. Information from

pumping and exploration well logs, standard tables of

hydraulic conductivity estimates and pumping tests were

used, and on the basis of this information the study area

was divided into four zones. The shape of hydraulic

Fig. 4 Recharge zones defined for modeling software
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conductivity zones within these models was based on

geology, lithology, models of the flow system, and trial and

error during model calibration (Fig. 5). In model number 6,

hydraulic conductivity parameters were categorized into

six zones, and hydraulic conductivity was further classified

based on pumping tests and interpolated hydraulic con-

ductivity maps (Fig. 5).

4.4 Model calibration

The models were calibrated using a combination of trial

and error and automatic parameter estimation methods to

minimize the difference between simulated and observed

hydraulic heads. Automatic calibration was performed with

UCODE (Poeter et al. 2005).

Detailed information was not available for many vari-

ables in the groundwater flow model, including hydraulic

conductivity, recharge, input and output flow at the aquifer

borders, and the amount of discharge and recharge at

pumping wells on the input boundary and river. In some

models the data at GHB boundaries, boundaries with

constant head and pumping wells located at the input

boundary and river were calibrated manually. Parameters

for hydraulic conductivity, evaporation and recharge were

calculated automatically.

Evaporation, hydraulic conductivity and recharge were

zoned, and for each zone a parameter was considered and

optimized in a calibration step. Evaporation in all models

was defined as one parameter in the model, and its value

was adjusted in two different zones through a multiplier

coefficient.

One parameter was defined for hydraulic conductivity in

models number 1 and 2, and hydraulic conductivity data

were entered in the models with interpolation methods. To

this end an initial zone was defined for the entire model

range, and the value of the hydraulic conductivity param-

eter for this zone was defined and considered one. After we

defined a multiplier coefficient for this zone, hydraulic

conductivity data were entered in the form of points and

defined with interpolation methods in the models for the

entire region.

Four parameters for hydraulic conductivity were defined

for models number 3, 4 and 6, and six parameters were

defined for model number 6. Eight parameters were defined

for recharge in models number 2, 4, 5 and 6; four param-

eters in model number 1, and five parameters in model

number 3.

5 Results and discussion

5.1 Calibration results

The performance of each model was evaluated as the match

between observed and simulated hydraulic heads in terms

of goodness of fit to the objectives proposed by ESI (2007):

mean absolute residual (MAR) and residual standard

deviation divided by range of heads less than 10% for all

models. The difference between maximum and minimum

measured water level (range of heads) in Ajabshir Aquifer

was 50 m. Table 2 summarizes the statistics related to the

calibration of the sum of squared residuals (SSR), root

Fig. 5 Hydraulic conductivity zonation defined for modeling software: four zones for models 3, 4 and 5, and six zones for model 6
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mean square error (RMSE), mean residual, MAR, and

residual standard deviation for each of the six conceptual

models. The MAR and residual standard deviation divided

by range of heads for all models are between 1 and 2%

(Table 2), so the statistical results for quality of data fit are

below the calibration targets.

5.2 Model validation

Model verification is used to test the hydrodynamic coef-

ficients obtained in the calibration step. To check the built-

in models in Ajabshir Aquifer, average water level mea-

surements in the observation wells during 2014 at steady

state were run with the observed results. During verifica-

tion we adjusted some of the allowed parameters (such as

pumping and recharge rates) to resolve minor differences

between observed and calculated water level. The RMSE

was used to assess validation accuracy (Diks and Vrugt

2010; Duan et al. 2007). In Table 2, the RMSE are com-

pared for model calibration and validation, and although

results show weaker performance for validation than cali-

bration, the results are acceptable.

5.3 Effect of complexity on groundwater modeling

uncertainty

To determine the uncertainty caused by model complexity,

alternative conceptual models were created with different

degrees of complexity. The first (simplest) model (number

1) was devised with 5 parameters. The degree of com-

plexity was then increased by adding parameters to sub-

sequent models: numbers 2 and 3 had 10 parameters,

models 4 and 5 had 13, and model 6 had 15 parameters.

The analysis below was used to determine whether the

most sophisticated model with 15 parameters performed

best, or whether the simplest model with 6 parameters was

sufficient to describe groundwater flow in the Ajabshir

Aquifer.

5.3.1 Examining complexity according to quality of data fit

To examine model complexity according to quality of data

fit, we considered RMSE and SSR. These two factors and

models ratings for all six conceptual models are compared

in Table 2. The most sophisticated model with 15 param-

eters was ranked highest, and the simplest model with 6

parameters was ranked last. This indicates that increasing

the number of parameters in the model increased the

quality of model fit between observations and simulations,

since the model with the fewest parameters had the poorest

data fit. The question that arises here is whether confidence

in the quality of data fit is a sufficient criterion to choose

the best model, especially when the aim is to identify a

model with an optimal number of parameters for a parsi-

monious model with as little uncertainty as possible. To

answer this question it is necessary to examine model

complexity with reliable approaches.

5.3.2 Examining complexity according to model

probability

As shown in the equation for model probability (10), an

essential part of this equation is prior model probability.

This factor can be considered uniform across all models, or

can be estimated based on the modeler’s experience and

knowledge of the study area (Pohlmann et al. 2007; Singh

et al. 2010; Ye et al. 2010). Another way to determine prior

model probability is from the results of model verification

(Nettasana 2012). To calculate prior model probability

here, we used the following equation and the results of

model validation (Nettasana 2012). This equation is

derived from the GLUE method, and the validation results

Table 2 Statistical values for calibration and validation for six alternative conceptual models

Model Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

SSR (m2) 15.218 13.052 13.752 9.648 11.893 8.021

RMSE calibration 0.751 0.695 0.714 0.598 0.664 0.545

Residual mean (m) -0.025 0.030 0.067 0.026 0.002 -0.022

Abs. Res Mean (m) 0.625 0.564 0.628 0.513 0.568 0.387

Res. Std. Dev (m) 0.765 0.708 0.724 0.609 0.676 0.471

Abs. Res mean divided by range 0.012 0.011 0.013 0.010 0.011 0.008

Std. Dev divided by range 0.015 0.014 0.014 0.012 0.014 0.009

Model ranking according RMSE calibration 6 4 5 2 3 1

RMSE validation 0.774 0.832 0.734 0.819 0.681 0.609

Model ranking according RMSE calibration 4 6 3 5 2 1
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are aggregated into prior model probabilities with the fol-

lowing equation:

p Mkð Þ ¼ SSR��N
kPK

k¼1 SSR
��N
k

ð22Þ

where p(Mk) is prior model probability, SSR* is the sum of

squared residuals in the validation period, K is the number

of alternative models, and N is a shape factor (N = 1 is

normally used in GLUE applications.)

Table 3 shows the results for prior model probability

calculated with Eq. 22. The highest prior model probability

was found for model 6, and we used this probability to

calculate posterior model probability with different model

selection criteria (AIC, AICc, BIC, KIC), and these results

are also presented in Table 3.

In the AIC method the simplest model (number 1)

received the highest model probability, and the second

highest was found for a complex model (number 6). It

should be noted that with this method, model probability

distribution is observed between models. Accordingly, with

the AIC method the model averaging method is likely to be

more effective in obtaining a certain prediction.

The AICc and BIC methods yielded no probability

distribution among alternative models, and both methods

identified model number 1 as the one with the highest

probability. These two methods indicated that complex

models with many parameters had high uncertainty,

whereas simple models with few parameters had low

uncertainty. According to these results, a simple model

with fewer parameters is sufficient to describe the Ajabshir

Aquifer, whereas overparameterization would lead to

uncertainty. When the AICc and BIC methods were used to

obtain predictions, there was thus no need to use a model

averaging method.

The KIC method is the most complete method to eval-

uate model complexity, and is the only one able to dis-

criminate between models based not only on their goodness

of fit to observed data and the number of parameters, but

also on the quality of the available data and of the

parameter estimates. This method showed that there was no

of model probability distribution between alternative

models, and identified model number 3 as the best option

with the highest probability. With the KIC method both

very simple and very complex models show low proba-

bility and high uncertainty. This method selects models of

average complexity by taking into account the sensitivity

of model parameters (via a Fisher information matrix). This

method shows that very simple and very complex models

in this case study were not suitable to describe the aquifer

well, and caused uncertainty. Choosing a model with the

optimum number of parameters would thus prevent

uncertainty caused by model complexity. When the KIC

method was used to obtain predictions there was no need to

use a model averaging method.

It should be noted that according to the AICC and KIC

methods, model numbers 2, 4, 5 and 6 showed zero model

probability. This result is a reflection of the inappropriate

conceptual definition used for these models. Before cal-

culating model probability we defined 6 conceptual models

without a priori assumptions about the accuracy of the

underlying definitions, but the results of our model prob-

ability comparisons rejected the trueness of the conceptu-

alization of models 2 and 4, 5 and 6. Our case study thus

shows that defining the recharge package instead of the

river in model numbers 2 and 4, defining the river instead

of the GHB package in model number 5, and changing the

zonation of hydraulic conductivity in model number 6 led

to erroneous conceptual models that caused zero model

probability.

5.3.3 Justifying the choice of model 3 by KIC

In light of the results for model probability according to the

KIC method, the question that arises is why, despite the

equal complexity of models 2 and 3, does the KIC method

prefer model 3 over model 2? To answer this question we

turned our attention to different factors in the KIC method

(fitting term, complexity term and Fisher term). As shown

in Table 4, the most important contributor to the final value

with the KIC method is the Fisher term. Model 3, despite

Table 3 Prior model

probability and posterior model

probabilities for six conceptual

models evaluated with the AIC,

AICc, BIC and KIC methods,

and model ranking

Model P-model 1 P-model 2 P-model 3 P-model 4 P-model 5 P-model 6

Prior model probability 14% 13% 16% 13% 19 25%

PAIC 40.87% 4.58% 2.91% 13.94% 1.20% 36.51%

AIC ranking 1 4 5 3 6 2

PAICc 99.94% 0.04% 0.02% 0.00% 0.00% 0.00%

AICc ranking 1 2 3 0 0 0

PBIC 97.74% 1.06% 0.53% 0.45% 0.03 0.20

BIC ranking 1 2 3 4 6 5

PKIC 1.00% 0.00% 99.00% 0.00% 0.00% 0.00%

KIC ranking 2 0 1 0 0 0
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having the same degree of complexity as model 2, has a

smaller Fisher term and consequently a smaller KIC value.

We therefore surmise that quality of the available data and

the parameter estimates play a larger role in model cer-

tainty rather than model complexity. This may explain why

the KIC method prefers moderately complex model 3 as

the best in terms of parameter estimation.

Plots of each parameter according to maximum like-

lihood theory indicate that each calibrated model

parameter follows a normal distribution, with the mean

being the estimated parameter value and the standard

deviation being the variance of each parameter. This type

of graph is also called posterior parameter distribution

(Ye et al. 2010). From this figure we can identify the

models with higher certainty parameters. The conceptual

models we compare here for the Ajabshir Aquifer share

five common parameters: RCH_Par1, RCH_Par2,

RCH_Par3, RCH_Par4 and EVT_Par1. The values used

to plot posterior parameter distribution are shown in

Table 5 and Fig. 6. The lowest posterior parameter

probability (i.e., the greatest uncertainty) in parameter

estimates were seen in models 3, 4 and 6, and the highest

posterior parameter probability was seen in model 1. The

significant difference in posterior parameter probability

distribution in model 1 compared to the other models can

be explained by the significant differences in the number

of parameters (6 parameters versus 10, 13 or 15

parameters).

We also note that parameter sensitivity is so important

in the KIC method that this method sometimes prefers

models with higher degrees of parameter uncertainty (Ye

et al. 2008a, 2010). This is evident in Fig. 6, where model

3 was selected by the KIC approach as the best model, even

though most parameters in this model show more uncer-

tainty than the rest of the models.

To better understanding the reasons why the KIC

method selects model 3, in Fig. 7 we compare models 1, 2

and 3 via plots of likelihood functions for the evaporation

parameter. We evaluated posterior model probability in

two models (numbers 1 and 3) with the following formula

(Ye et al. 2010):

p M1jDð Þ
p M3jDð Þ¼

p DjEM10;M1ð Þ
p DjEM30;M3ð Þ

oEM1

oEM3

EM1max�EM1min

EM3max�EM3min

p M1ð Þ
p M3ð Þ
ð23Þ

This expression is analogous to KIC. M1 is model

number 1; M3 is model number3, EM1 is the EVT

parameter in model 1, EM3 is the EVT parameter in model

3,
p M1jDð Þ
p M3jDð Þ is the posterior probability ratio between model 1

and 3, and
p DjEM10;M1ð Þ
p DjEM30;M3ð Þ is the likelihood function (illustrated

in Fig. 7). The ratio oEM1
oEM3

is the inverse of the Fisher

information ratio or parameter uncertainty, and
EM1max�EM1min

EM3max�EM3min
is the prior parameter probability ratio. For

both models this ratio is between a minimum and maxi-

mum, and is the same, so this ratio is equal to one. The

ratio
p M1ð Þ
p M3ð Þ is the prior model probability ratio of model 1 to

model 3.

According to Fig. 7:

p DjEM10;M1ð Þ
p DjEM30;M3ð Þ ¼

6800

1000
¼ 6:8 ð24Þ

According to Table 4:

oEM1

oEM3
¼ 5:81e� 5

5:21e� 4
¼ 1

9
ð25Þ

According to Table 3:

p M1ð Þ
p M3ð Þ ¼

0:14

0:16
¼ 1

1:14
ð26Þ

p M1jDð Þ
p M3jDð Þ ¼

6:8

1

1

9

1

1:14
¼ 6:8

10:26
¼ 1

1:5
: ð27Þ

Equation 27 shows that the Fisher information matrix term

(i.e. parameter sensitivity) in model 3 is larger than in

model 1. As a result the KIC method prefers model 3 rather

than model 1, even though parameter uncertainty and

complexity are higher in model 3.

To find the ratio of Fisher terms between model 2 and 3

(with equal complexity) we used Eq. 23. Figure 7 com-

pares posterior probability in models 2 and 3, and the

results are presented in Eq. 28.

p M2jDð Þ
p M3jDð Þ ¼

3400

1000

1:17e� 4

5:21e� 4

0:128

0:164
¼ 3:4

1

1

4:4

1

1:28
¼ 1

1:65
:

ð28Þ

According to Eq. 28, the Fisher information matrix term

(parameter sensitivity) inmodel 3 is larger than inmodel 2, and

as a result theKICmethodprefersmodel 3 rather thanmodel 2.

Table 4 Different parts of the

KIC term in alternative models
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Fisher information 113.67 168.25 114.56 160.43 179.20 159.27

Fitting quality -15.48 -19.63 -18.22 -27.78 -22.14 -32.77

Complexity term -9.19 -16.54 -16.54 -22.05 -22.05 -25.73

KIC term 89.00 132.08 79.80 110.59 135.01 100.77
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5.3.4 Examining model complexity with the MCDM

method

With the MCDM method we opted to use critical areas in

the aquifer to weight our evaluation metrics for model

performance in critical and noncritical areas. To identify

critical areas in the Ajabshir Aquifer, we prepared a

groundwater budget in four zones according to the recharge

zones in model 3 (best model selected by KIC) (Fig. 4,

zones 1–4). The four-zone budget results are presented in

Table 6, which shows that the water balance in zones 1, 2

and 3 was negative (i.e., groundwater discharge was greater

than recharge), and was positive only in zone 4. The pos-

itive balance in zone 4 is due to salt water upconing from

Table 5 Parameter uncertainty and parameter estimation for five parameters common to our alternative conceptual models

Model parameter Model 1 Model 2 Model 3 RCH_Par1 Model 4 Model 5 Model 6

Parameter uncertainty 8.26E-05 2.43E-04 2.25E-04 3.32E-04 1.73E-04 3.90E-04

Parameter estimation 2.64E-03 1.95E-03 4.24E-03 2.97E-03 1.61E-03 2.27E-03

Parameter RCH_Par2

Parameter uncertainty 3.58E-05 5.88E-05 1.00E-04 1.37E-04 4.95E-05 9.35E-05

Parameter Estimation 1.01E-03 2.91E-04 4.10E-04 2.23E-04 7.58E-04 1.00E-06

Parameter RCH_Par3

Parameter uncertainty 3.69E-05 7.41E-05 1.10E-04 9.50E-05 7.21E-05 9.45E-05

Parameter estimation 2.81E-04 4.42E-04 1.03E-04 6.44E-05 5.51E-04 2.35E-04

Parameter RCH_Par4

Parameter uncertainty 3.14E-05 1.20E-04 8.34E-04 5.87E-04 1.80E-04 5.29E-04

Parameter estimation 5.91E-04 1.20E-03 3.01E-03 2.70E-03 1.00E-06 1.11E-03

Parameter EVT_Par1

Parameter uncertainty 5.81E-05 1.17E-04 5.21E-04 3.00E-04 1.19E-04 3.94E-04

Parameter estimation 3.90E-04 9.74E-04 1.84E-03 1.34E-03 1.60E-04 5.19E-04

Fig. 6 Posterior distribution of recharge and evaporation parameters in alternative models

Stoch Environ Res Risk Assess

123



the underlying confined aquifer in this area (Samani and

Moghaddam 2015). We can thus assume that all areas of

the Ajabshir Aquifer are in critical condition, so to weight

the evaluation metrics with the MCDM method, we

assigned the same weights to all parts of the aquifer.

The collections of evaluation metrics to compare and rank

alternative models are based on two sets of data produced

through calibration and validation, and are presented in

Table 7. In this analysis the performance of alternativemodels

is considered in terms of quality of fit between observed and

simulated data. We used SSR, MAR and CEV from the cali-

bration results, quality of the models (as SSR andMAR in the

validation period), model complexity (as the number of

parameters), quality of the available data, and quality of the

parameter estimates according to sensitivity of the model

parameters (Fisher information matrix). In our comparison of

models of the same (models 2 and 3) and different complexity,

Fisher matrix information played an important role in the

selection model 3 over model 2 and others. According to

Table 1, the Fisher term (the most favorable criterion) was

assignedbased on the highest value (fuzzynumber 9) to define

fuzzy numbers for the seven criteria.

Table 7 shows the relative weights of the seven evalu-

ation metrics according to the fuzzy AHP method and the

weight of each conceptual model according to the fuzzy

TOPSIS method. The results show that by using a fuzzy

MCDM method, model 3, with moderate complexity,

performed best. Unlike the KIC method, in the TOPSIS

and MCDM methods the weights showed small differences

between alternative models.

6 Conclusions

The six models of groundwater flow in the Ajabshir

Aquifer were compared using calibration results based on

the data from the year 2013, and model performance was

verified by the calibration results for the year 2014. To

determine uncertainty caused by model complexity and the

impact of complexity on uncertainty, the six models were

created with four degrees of complexity, i.e. with 6, 10, 13

and 15 parameters. Two pairs of models had the same

complexity (models 2 and 3, and models 4 and 5). Model

ratings according to RMSE and SSR showed that the most

sophisticated model with 15 parameters was ranked the

best, and the simplest model with 6 parameters the worst.

Prior model probability calculated from the results of

model calibration was used to calculate posterior model

probability on the basis of model selection criteria.

( | , )

( | , )

( | , )

( | , )

( | , )

( | , )

Fig. 7 Illustration of the likelihood functions in models 1, 2 and 3

with the evaporation parameter

Table 6 Water balance for

model 3 in the four defined

zones

Model 3 (m3/day) Zone 1 Zone 2 Zone 3 Zone 4

Total IN 7.85E?04 5.48E?04 3.09E?04 2.75E?04

Total OUT 7.86E?04 5.48E?04 3.09E?04 2.75E?04

IN–OUT -2.27E?00 -3.78E-01 -3.33E-01 2.95E-02

Percent error -2.89E-03 -6.91E-04 -1.08E-03 1.07E-04

Table 7 The collections of evaluation metrics and their weightings by fuzzy AHP, and alternative model weightings by fuzzy TOPSIS

SSRC SSRV MARC MARV CEV Number of parameters Ln|F| Weight fuzzy TOPSIS

Model 1 15.21821 16.15812 0.624556 0.659889 0.72448 6 112.124 0.144

Model 2 13.05223 18.67081 0.564444 0.610333 0.7678 10 162.818 0.144

Model 3 13.75167 14.56047 0.628074 0.658111 0.80882 10 109.654 0.2248

Model 4 9.648322 18.12019 0.513259 0.653741 0.68902 13 148.889 0.1742

Model 5 11.89254 12.50822 0.567778 0.613222 0.8494 13 170.379 0.1161

Model 6 8.021361 10.00521 0.387444 0.461704 0.6686 15 142.895 0.1968

Weight fuzzy AHP 0.1526 0.1471 0.1402 0.1313 0.0566 0.1688 0.203

The highest amount of weight fuzzy TOPSIS is showing with bold signification
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According to AIC, AICc and BIC, model 1 (the simplest

model) had the highest model probability. Comparisons

with these methods showed that a simple model with fewer

parameters was suitable to describe groundwater behavior

in the Ajabshir Aquifer, whereas increasing parameteriza-

tion led to greater uncertainty.

The KIC and MCMD methods are able to discriminate

between models based not only on their goodness of fit to

observational data and the number of parameters, but also

on the quality of the available data and of the parameter

estimates, by using the Fisher information matrix to take

sensitivity of the model parameters into account. The two

methods selected model 3 as the best model with the

highest probability, compared to model 2 (which had the

same degree of complexity).

Our main findings from this study are as follows:

1. Increasing the number of model parameters increased

the quality of model fit between observations and

simulations.

2. Reliance on comparisons of goodness of fit between

models based on the RMSE and SSR methods led to

the selection of unsuitable models, as these methods

selected the most complex model as the best one,

whereas all model probability methods rejected this

model with low or zero probability.

3. Reliance on a single conceptualization of groundwater

flow will result in erroneous predictions. In our case

study the conceptual model with 2, 4, 5 and 6 model

parameters was wrong, but this did not become

apparent until we had compared several conceptual

models and calculated their model probability.

4. The KIC and MCMD methods selected the model with

the best compromise between parameter estimates and

degree of complexity. Our results show that, when

choosing between models, data quality and parameter

estimates should have higher priority than the degree

of model complexity.
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