
Archived at the Flinders Academic Commons: 
http://dspace.flinders.edu.au/dspace/ 

‘This is the peer reviewed version of the following article: 
Hosseini, S.M., Ataie-Ashtiani, B., Simmons, C.T., Spring 
Hydrograph Simulation of Karstic Aquifers: Impacts of 
Variable Recharge Area, Intermediate Storage and 
Memory Effects, Journal of Hydrology (2017), doi: http://
dx.doi.org/10.1016/j.jhydrol.2017.06.018

which has been published in final form at 
http://dx.doi.org/10.1016/j.jhydrol.2017.06.018

© 2017 Elsevier. This manuscript version is made available 
under the CC-BY-NC-ND 4.0 license http://
creativecommons.org/licenses/by-nc-nd/4.0/ 

http://dspace.flinders.edu.au/dspace/


Accepted Manuscript

Research papers

Spring Hydrograph Simulation of Karstic Aquifers: Impacts of Variable Re-
charge Area, Intermediate Storage and Memory Effects

Seiyed Mossa Hosseini, Behzad Ataie-Ashtiani, Craig T. Simmons

PII: S0022-1694(17)30421-3
DOI: http://dx.doi.org/10.1016/j.jhydrol.2017.06.018
Reference: HYDROL 22072

To appear in: Journal of Hydrology

Received Date: 12 March 2017
Revised Date: 30 May 2017
Accepted Date: 13 June 2017

Please cite this article as: Hosseini, S.M., Ataie-Ashtiani, B., Simmons, C.T., Spring Hydrograph Simulation of
Karstic Aquifers: Impacts of Variable Recharge Area, Intermediate Storage and Memory Effects, Journal of
Hydrology (2017), doi: http://dx.doi.org/10.1016/j.jhydrol.2017.06.018

This is a PDF file of an unedited manuscript that has been accepted for publication. As a service to our customers
we are providing this early version of the manuscript. The manuscript will undergo copyediting, typesetting, and
review of the resulting proof before it is published in its final form. Please note that during the production process
errors may be discovered which could affect the content, and all legal disclaimers that apply to the journal pertain.

http://dx.doi.org/10.1016/j.jhydrol.2017.06.018
http://dx.doi.org/10.1016/j.jhydrol.2017.06.018


  

1 

 

Spring Hydrograph Simulation of Karstic Aquifers: Impacts of Variable 

Recharge Area, Intermediate Storage and Memory Effects  

 

Seiyed Mossa Hosseini 
a,*

, Behzad Ataie-Ashtiani
 b, c

, Craig T. Simmons
 c
 

a 
Natural Geography Department, University of Tehran, P.O. Box 14155-6465, Tehran, Iran. 

b
 Department of Civil Eng., Sharif University of Technology, P.O. Box 11155-9313, Tehran, Iran. 

c 
National Centre for Groundwater Research & Training and School of the Environment, Flinders University, GPO Box 2100, 

Adelaide, South Australia 5001, Australia. 

 

Abstract 

A simple conceptual rainfall–runoff model is proposed for the estimation of groundwater 

balance components in complex karst aquifers. In the proposed model the effects of memory 

length of different karst flow systems of base-flow, intermediate-flow, and quick-flow and 

also time variation of recharge area (RA) during a hydrological year were investigated. The 

model consists of three sub-models: soil moisture balance (SMB), epikarst balance (EPB), 

and groundwater balance (GWB) to simulate the daily spring discharge. The SMB and EPB 

sub-models utilize the mass conservation equation to compute the variation of moisture 

storages in the soil cover and epikarst, respectively. The GWB sub-model computes the 

spring discharge hydrograph through three parallel linear reservoirs for base-flow, 

intermediate-flow, and quick-flow. Three antecedent recharge indices are defined and 

embedded in the model structure to deal with the memory effect of three karst flow systems 

to antecedent recharge flow. The Sasan Karst aquifer located in the semi-arid region of south-

west Iran with a continuous long-term (21-years) daily meteorological and discharge data are 

considered to describe model calibration and validation procedures. The effects of temporal 

variations of RA of karst formations during the hydrological year namely invariant RA, two 

RA (winter and summer), four RA (seasonal), and twelve RA (monthly) are assessed to 
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determine their impact on the model efficiency. Results indicated that the proposed model 

with monthly-variant RA is able to reproduce acceptable simulation results based on 

modified Kling-Gupta efficiency (���= -0.83). The results of density-based global 

sensitivity analysis for dry (June to September) and a wet (October to May) period reveal the 

dominant influence of RA (with sensitivity indices equal to 0.89 and 0.93, respectively) in 

spring discharge simulation. The sensitivity of simulated spring discharge to memory effect 

of different karst formations during the dry period is greater than the wet period. In addition, 

the results reveal the important role of intermediate-flow system in the hydrological modeling 

of karst systems during the wet period. Precise estimation of groundwater budgets for a better 

decision making regarding water supplies from complex karst systems with long memory 

effect can considerably be improved by use of the proposed model.   

 

Key-Words: Groundwater Balance, Karst Memory, Conceptual Reservoir Model, Time-Variant 

Recharge Area, Global Sensitivity Analysis.  

 

1. Introduction 

Karst aquifers are of crucial importance for supplying drinking water worldwide (Ford and 

Williams 2007). A quarter of the world population is at least partially dependent on karst 

water resources (Stevanovic et al. 2016). 35% of Europe’s land surface, which is more than 

10% of the continental surface of our planet, consists of karst formations. Some European 

countries in the Mediterranean region are covered by karstified rocks of different lithology 

(for instance 25% of Spain, 33% of France and Turkey, and more than 40% of Slovenia and 

Croatia) and they rely on karst aquifers for 50% of their drinking water (Andreo et al. 2006; 

Lewin and Woodward, 2009). Karstic aquifers are characterized by a complex heterogeneous 

system created and developed by groundwater flows with great temporal and spatial 

hydrodynamic variability, caused by double or triple porosity structures, mixed flow nature, 
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and varying conduit permeability (Quinlan et al. 1996; Bakalowicz, 2005). These variations 

play an important role in the hydrograph profile of a karst spring (Doummar et al. 2012) and 

increase the difficulties in applying a verified model to another karst system (Anderson and 

Goulden 2011). For simulation of rainfall–runoff processes and analyzing of hydrological 

functioning in karst systems, conceptual models composed as a series of linear or nonlinear 

reservoirs are usually applied (e.g., Mangin 1975, Jukic and Denic-Jukic 2006, Fleury et al. 

2007, Padilla and Pulido-Bosch 2008, Tritz et al. 2011, Hartmann et al. 2012, Zeljkovic and 

Kadic 2015). These studies consider one (Coutagne, 1968) or two main flow regimes as a 

function of the extent of aquifer karstification (Padilla et al. 1994; Stevanovic 2010; Kovacs 

et al. 2015): matrix-restrained flow regime (i.e. base-flow) and conduit-influenced flow 

regime (i.e. quick-flow) in the developed model structures. This leads to two segments for the 

falling limb of the spring hydrograph namely steep (or flood recession) and slightly sloped 

recession limb (or base-flow recession) and thus consideration of two distinct reservoirs of 

flows in the hydrological modeling of karst terrains. Nevertheless, besides the high-velocity 

flow through large dissolved fractures and diffuse flow in a diffusive network of smaller 

solutional openings, intermediate-flow can occur in well integrated karstified fissures as the 

result of a transient phenomenon in the vicinity of the high hydraulic conductivity channel 

network (Eienlohr et al., 1997). These three flow components can be clearly discriminated in 

a spring hydrograph by three successively distinctive slopes (Forkasiewicz and Paloc 1967; 

Baedke and Krothe, 2001; Kovacs and Perrochet 2008). The intermediate-flow in well-

developed karst terrains plays a significant role during the high recharge periods. In these 

conditions, a strong pressure gradient exchanges flow between a conduit and diffuse continua 

(BacdKe and Krothe, 2001). Neglecting the intermediate-flow component or considering it as 

mixing of water moving through the conduits and the diffuse portions of rock matrix in the 

hydrological modeling of karst systems reduces the model accuracy and omits some details of 
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karst processes (Bonacci et al. 2006; Hosseini and Ataie-Ashtiani, 2017). Limited studies can 

be found that incorporate the intermediate-flow in the hydrological functioning of karst. 

Baedke and Krothe (2001) reported the significant contribution of the intermediate-flow 

system in spring hydrograph shape for two well-developed karst aquifers in Indiana by 

estimating the ratio of transmissivity and specific yield for three distinct karst flow systems. 

Long and Putnam (2004) analyzed time-series data of �18
O in spring outlet and well in a karst 

aquifer to model the separate response and properties of traveling time of three flow 

components (conduit, intermediate, and diffuse) by integrating the linear-systems and mass 

balance approaches. While they considered three probability density functions as a transfer 

function in linear-system, the memory effect of conduits, intermediate, and diffuse flow 

systems for a karst aquifer in South Dakota were optimized as 8-14 days, 200-210 days, and 

28 years, respectively. Butscher and Huggenberger (2008) developed four global models for 

simulating of karst spring discharge and assessing the vulnerability of the karst system. They 

incorporated recharge compartments from soil and epikarst system, intermediate-flow 

system, exchange flow between the conduit and the diffuse system and seasonal variation in 

the water storage capacity of the recharge system in the model structures.  

Furthermore, the recharge area (RA) of a karst system can significantly vary over time 

(Goldscheider et al. 2007). The reservoir model is not able to reproduce groundwater balance 

calculations when an average RA is assumed. Even though varying RAs through the 

hydrological year have frequently been investigated in literature (e.g. Ravbar et al. 2012), 

only a few studies include them in their model structure. Hartmann et al. (2013) considered 

the variability of soil and epikarst depths to cope with spatial and temporal (yearly) variation 

of RA through a case study in southern Spain. They found that the RA changed significantly 

(from 28 to 53 km
2
) in different hydrological years. Zeljkovic and Kadic (2015) developed a 

simple conceptual rainfall–runoff model considering two linear reservoirs for base-flow and 
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quick-flow systems to estimate the Opacac karst groundwater balance components in Croatia, 

while monthly-variant RA was considered during the hydrological year. Hosseini and Ataie-

Ashtiani (2017) studied the dynamics of the transient interchange of water between conduits 

and diffusive networks in conditions of with/without surface recharge by linear-exchanged 

reservoirs model (i.e. dual-porosity approach) in a less developed karstic aquifer in Iran. The 

results indicated that considering constant RA during the hydrological year leads to the 

efficiency of both single porosity and dual-porosity models to be the same in the estimation 

of spring discharge during the recession period. Whereas dual-porosity model outperforms 

the single porosity during recharge period due to better representation of hydraulic properties 

of karst aquifer by introducing exchange flux of water between conduits and matrix.  

Alongside this challenge, knowledge of the memory of infiltrated water through different 

parts of karst aquifers is an invaluable tool for contaminant vulnerability assessment and 

evaluation of aquifer recharge rate during karst groundwater budget calculations and 

exploitation studies (Bailly-Comte et al. 2011). The term of memory effect of conduits, 

intermediate, and diffuse flow systems is assumed as the average groundwater travel time of 

the exchanged flow between the respective "reservoirs" to the point of observation in spring 

outlet (Stevanovic et al. 2016). The karst system memory, which also called aquifer inertia 

(Mangin 1981) or the response time of the karst system to input signal may be estimated by 

analyzing the cross correlation function (CCF) between the rainfall and spring discharge as 

time duration of the CCF function to reach the significant limit of 0.2 (Massei et al. 2006). 

The CCF analysis also gives information about the quality of drainage, the groundwater 

reserves of the aquifer, identification of the main rainfall contribution, and the travel time 

through the main infiltration pathways in karst aquifers (Mangin and Pulido-Bosch 1983, 

Mayaud et al. 2014, Kavousi and Raeisi 2015). This technique usually results in a broad 

estimation of the time required for water to flow through an investigated karst aquifer ranging 
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from a few days to more than a year (Fiorillo et al. 2007, Fiorillo and Doglioni 2010). In 

modeling of karst hydrological functioning, there are some studies that considered the 

memory length of water recharged into groundwater less than the simulation time step which 

is usually considered one day  (e.g., Zeljkovic and Kadic 2015). This leads to neglecting the 

memory effect of different karst formations (e.g. base-flow and quick-flow systems) to 

antecedent recharged flow. To the authors' knowledge, only, Jukic and Denic-Jukic (2006) 

developed a non-linear kernel function based on Volterra series whereas an antecedent 

recharge index (IAR) in exponential form is defined to consider the memory effect of the 

base-flow component and so, the shape of the kernel function. In  complex karst systems, 

each component of base-flow, intermediate, and quick-flow are correlated to surface 

recharged flows in previous time steps depending on the degree of karstification, the 

thickness of soil cover, and the type of infiltration (Denic-Jukic  and Jukic 2003).  

Investigation of the temporal variation of RA on the water budget components during the 

hydrological year and also defining quantitative indices to incorporate the memory effect of 

different flow systems in karst hydrological modeling have not been systematically reported. 

Recently, Hosseini and Ataie-Ashtiani (2017) revealed the role of water exchange flux 

between two continua of conduits and matrix by comparison of two conceptual models, one 

considered single porosity and the other dual porosity approach. Following their study, the 

aim of this work is to develop a simple conceptual rainfall–runoff model for the estimation of 

groundwater balance components including the influences of intermediate flow storage, 

memory effect of different karst flow systems, and time-variant RA. The proposed model is 

divided into three sub-models to simulate the daily spring discharge: soil moisture balance 

(SMB), epikarst balance (EPB), and groundwater balance (GWB) as described in details in 

the following section. The SMB and EPB sub-models are expressed as the mass conservation 

equation to compute the variation of moisture storages in the soil cover and epikarst, 
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respectively. The GWB sub-model computes ordinates of discharge hydrograph through three 

parallel linear reservoirs for base-flow, intermediate, and quick-flows. Three antecedent 

recharge indexes are defined to deal with the dependency of these karst flow systems to the 

previous infiltrated water. In addition, the effect of invariable, two (winter and summer), four 

(seasonal), and monthly variation RA through the hydrological year are investigated on the 

efficiency of the proposed model. Finally, a density-based global sensitivity analysis has been 

carried out to assess the sensitivity of model output to the input parameters.  

 

2. Materials and Methods 

2.1. Model Development  

The model used in this study for the estimation of groundwater balance is a modified lumped 

model similar to reservoirs models used in earlier works in karst systems (e.g. Rimmer and 

Hartmann, 2012, Zeljkovic and Kadic 2015). This model consists of three sub-models, shown 

in Figure 1, including 1) soil moisture balance model (SMB), 2) epikarst balance model 

(EPB), and 3) groundwater balance model (GWB) to obtain the complete form of karst 

aquifer budget. Two sub-models of SMB and EPB consider the hydrological functioning, 

storage and production of soil cover of karst formations and also epikarst components which 

have been applied and tested in karst aquifers. The modifications are conducted in the sub-

model GWB by considering three parallel linear reservoirs to simulate base-flow (flow in the 

low-permeable matrix), intermediate-flow (well integrated karstified fissures), and quick-

flow (flow in the conduit network) of total spring discharge which incorporates the memory 

length of each component to the input recharge separately in the sub-model structure.    

It is assumed that the source of recharge to the upper karst formations is a direct infiltration 

from precipitation (autogenic recharge). The SMB model expresses the mass conservation 

equation between the variables of total precipitation on the karst surface �	[�	
�], actual 
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evapotranspiration �		[�	
�], variation of moisture storages in the soil ��� ��⁄ [�	
�], and 

recharge to the underlying layers ��	[�	
�] during time step ∆� (Zeljkovic and Kadic, 2015):  

����� = ���� − �	��� − �����																																																																																																													�1� 
According to the Palmer (1965), the moisture loss from the soil cover is equal to �	 	[�	
�] 
which is function of precipitation �	[�	
�], soil moisture storage ��	[�], maximum capacity 

of soil to store the infiltrated water ���	[�], and potential evapotranspiration �	�	[�	
�] 
(Hartmann et al., 2015; Hosseini and Ataie-Ashtiani, 2017): 

�	��� =
��
�
� �	����																																												!"					����� + ���� × ∆� ≥ ���
�	���� ×

�����∆� + ����
���∆�

																!"					����� + ���� × ∆� < ��� ' 																											�2� 

The term of �	� can be calculated from climatic data using the empirical methods such as 

Hargreaves-Samani (HS) equation (Hargreaves and Allen 2003), which provides a good 

estimation in arid and semi-arid regions of southern Iran and outperforms to other methods 

(Sepaskhah and Razzaghi 2009). The original form of HS equation is as follows: 

�	� = 0.408 × �	 × �	�-. + 17.78� × �	�0 − 	�1.�2.3 × �																																								�3� 
where �	� is in mm day-1, 	�0 , 	�1., and 	�-. are the mean daily maximum temperature, 

mean daily minimum temperature, and mean daily temperature in ◦C, respectively; and � is 

the exteraterrestrial radiation (MJ m-2 day-1). � depends on the Julian day number and the 

latitude of study area and can be computed as described by Allen et al. (1998). The 

coefficient of 0.408 is for converting MJ m-2 day-1 into mm day-1, and �	 is empirical 

coefficient which originally considered as 0.162 for interior regions (Hargreaves and Samani 

1982). Sepaskhah and Razzaghi (2009) modified the Hargreaves-Samani equation for semi-

arid region of southern Iran as follows:  

�	� = 0.0026× �	�-. + 17.78� × �	�0 − 	�1.�2.3 × � 																																																				�4� 
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Equation (1) represents a linear differential equation (LDE) which can be solved numerically 

in each time step ∆� with considering the maximum water storage in the soil layer as the 

initial value. Dependency of water stored at time � to precipitation and evapotranspiration in 

the previous times are related to thickness of soil cover, type of water infiltration (diffuse or 

concentrated) and also velocity of water through the soil layer (permeability). If the lag time 

of infiltrated water through the top soil is greater than the time step ∆�, the equation (1) can 

be solved numerically using multi-step methods, such as Adams-Moulton method (AM) 

(Atkinson et al., 2009). For example, solving the equation (1) using a two-step AM method 

can be formulated as 

���
�
�� ����� = ���� − ∆�� +

12 × ∆�6"��� + ��� − ∆�� − �	�� − ∆�� − ���� − ∆��7												
"��� = ���� − ∆�� + 32	× ∆�6��� − ∆�� − �	�� − ∆�� − ���� − ∆��7 −																					

																				12 × ∆�	6��� − 2∆�� − �	�� − 2∆�� − ���� − 2∆��7																					

' 				�5� 

Equation (5) means that the precipitations of two previous time steps are contribute to the 

water stored in the soil at the current time step. For aquifers with longer lag time, higher 

order AM method (e.g. fourth order) can be considered. When the lag time is smaller than ∆�, 
equation (1) can be solved numerically using forward Euler's method as  

 ����� = ���� − ∆�� + [��� − ∆�� − �	�� − ∆�� − ���� − ∆��] × ∆�																																					�6� 
When the stored moisture in the soil layer reaches to its maximum capacity (����� = ���), 
the soil is saturated and the excess infiltrated water recharges to the epikarst as	�����[�	
�]. 
In the other word, the output of the SMB model is considered as the input of the EPB model 

(Figure 1-a). In the second sub-model, the variation of water stored in the epikarst �-91���[�] 
depends on the maximum capacity of epikarst to store water ��-91 	[�], moisture loss from 

epikarst production storage �-91���	[�	
�], and seepage or overflow from epikarst to 

underlying karst formations �-91���	[�	
�]. Seepage from epikarst occurs when the water 
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stored in this part exceeds its maximum capacity (i.e. �-91��� > ��-91� through the following 

mass balance equation: 

��-91�� = ����� − �-91��� − �-91���																																																																																																				�7� 
The moisture loss from the epikarst production storage, �-91��� can be considered as a 

function of saturation degree of this layer by the fraction of "-91 at time step ∆�: 
 

�-91��� = "-91 × �-91���∆� 																																																																																																																							�8� 
Similar to SMB sub-model, applying the two-step AM and forward Euler's methods for 

epikarst system with memory effect (i.e. the mean response time of infiltrated water into 

epikarst) greater and lower than ∆�, respectively, the LDE of equation (5) can be solved 

numerically as follows: 

���
�
�� �-91��� = �-91�� − ∆�� +

12 × ∆� ;<��� + ���� − ∆�� − �-91�� − ∆�� − �-91�� − ∆��=								
<��� = �-91�� − ∆�� + 32 	× ∆� ;���� − ∆�� − �-91�� − ∆�� − �-91�� − ∆��= −																					
																				12 × ∆�	 ;���� − 2∆�� − �-91�� − 2∆�� − �-91�� − 2∆��=																																	 �9�												

' 

�-91��� = �-91�� − ∆�� + ?���� − ∆�� − �-91�� − ∆�� − �-91�� − ∆��@ × ∆�																							�10�  
After epikarst balance model, the seepage or overflow from epikarst, i.e. �-91��� which is 

also considered as the effective precipitation to groundwater (�-AA) is the input for third sub-

model or groundwater balance model (GWB). The sub-model of GWB transforms the 

effective precipitation (�-AA) to discharge hydrograph through exchanging flow between 

three parallel linear reservoirs. The recharge to underlying karst formations by the �-AA��� or 

�-91��� is divided into the low-permeable network of pores and narrow fissures as base-flow, 

intermediate system of well-integrated karstified fissures as intermediate-flow, and conduit 

network as quick-flow, respectively through three separation factors "B, "1� and "C (which 
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"B + "1� + "C = 1). The base-flow reservoir has a long response time and recession after 

rainy season, whereas the quick-flow reservoir shows rapid infiltration during rainfall events. 

Each reservoir of base-flow, intermediate-flow, and quick-flow transforms its groundwater 

storage �B 	[�], �1�	[�], and �C 	[�]	to exchangeable discharge EB[�	
�], E1�[�	
�]	and 

EC[�	
�] between the reservoirs through the corresponding reservoir constants of �B 	[	], 
�1� 	[	], and �C 	[	]: 
EB = �B�B 												,														E1� = �1��1� 												,																EB =

�C�C 																																																					�11� 
where the constants of  �B 	[	], �1� 	[	],	and �C [	] are the drainage speed of each reservoirs 

and define as reciprocal to recession coefficients of FB 	[	
�], F1� 	[	
�],	and FC 	[	
�] 
respectively. Changes in the reservoir storages �B , �1� , and �C  can be related to their input 

recharge and discharge by continuity equation (Singh, 1988) using following LDEs: 

��B�� = "B × �-AA��� − EB → �EBFB�� = "B × �-AA��� − EB																																																				�12 − 1� 
��1��� = "1� × �-AA��� − E1� → �E1�F1��� = "1� × �-AA��� − E1� 																																								�12 − 2� 
��B�� = "B × �-AA��� − EB → �EBFC�� = "B × �-AA��� − EB																																																					�12 − 3� 
Using the analytical solution of above LDEs and applying the initial conditions (� = 0, E =
E2) provide the following specific solutions for estimation of ordinates of discharge from 

different karst formations HB 	[�I	
�], H1�[�I	
�]	, and HC 	[�I	
�]: 
HB��� = HB�� − ∆�� ×	J
KLM + "B × �-AA��� × N���∆� × �1 − J
KLM�																													�13 − 1� 
H1���� = H1��� − ∆�� ×	J
KOPM + "1� × �-AA��� × N���∆� × �1 − J
KOPM�																			�13 − 2� 
HC��� = HC�� − ∆�� ×	J
KQM + "C × �-AA��� × N���	∆� × �1 − J
KQM�																													�13 − 3� 
H�9R1.S��� = HB��� + H1���� + HC���																																																																																		�13 − 4� 
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where  H�9R1.S���[�	
I] is the total discharge of karst system in each time step �, E2B, E21�, 

and E2C  are discharges at the beginning of recession curves of three components; N���[�T] is 

effective RA of karst aquifer with time variations (Figure 1-b). The concept of "effective 

recharge area" in this study denotes to the area of conduits network, the intermediate system 

of fractures, and the fissures matrix that contribute to spring discharge through exchanging 

water between the corresponding reservoirs. Since the conduits networks and intermediate 

system of fractures are embedded within the fissure matrix, the variations of area of these 

components during time were taken into account by N���. Whereas the proposed model 

considered the variation in recharge area connected to spring outlet, the catchment boundaries 

(i.e. surface recharge area) was assumed constant during the hydrological year. Based on this 

assumption, the areas of infiltrated water through the top soil and also epikarst are constant 

during the hydrological year and equal to the catchment area. The influences of time-variant 

catchment boundaries are considered in the previous studies in daily scale (Hartmann et al. 

2013) or monthly scale (Jukic and Denic-Jukic 2009) as calibration parameters. Considering 

daily variant RA in the equation (13) will dramatically increase the model dimensions and 

therefore run time and computation cost of the model. In this study, the influences of monthly 

(N���, �=1, 2,…, 12), seasonally (N���, �=1, 2, 3, 4), two (N���, �=1, 2), and invariable RA are 

investigated in terms of the efficiency of the proposed model. Discretizing the RA in time 

allows this variable to be treated as time-independent during each interval and also to account 

for the internal changes of groundwater level in that time period. Moreover, it gives a better 

representation of characteristics of the karst spring functioning during the hydrological year 

and increases the applicability of the water balance equation (Jukic and Denic-Jukic 2009). 

Equations (13-1) to (13-4) are valid under the assumption that the response time (or memory 

length) of water infiltrated into groundwater is less than the time step ∆� (which is usually 1 

day). However, different parts of a karst system including conduit network, intermediate 
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system, and low permeable fissures indicate a wide range of water pore pressure transfer 

times (e.g. Fiorillo et al., 2009). This leads to the discharge components of HB, H1�, and HC 

being connected to the antecedent cumulative recharged flows. To incorporate the impact of 

memory effect of flow in low permeable fissures, intermediate system of well integrated 

karstified fissures, and conduit network parts, three indices of antecedent recharges, 

UN�B 	[�], UN�1� 	[�]and UN�C	[�]	are defined:  

UN�B�!� = V �-AA�! − W��						
XYZ�1,[L�

\]^_
																																																																																									�14 − 1� 

UN�1��!� = V �-AA�! − WT�
XYZ�1,[OP�

\`^_
																																																																																											 �14 − 2� 

UN�C�!� = V �-AA�! − WI�
XYZ61,[Q7

\a^_
																																																																																															 �14 − 3� 

where bB	[−], b1� 	[−], and bC[−] are dependency length of the base-flow, intermediate-flow, 

and quick-flow in the current time step to the antecedent recharges (i.e. memory length). It is 

evident that due to variability of permeability in different parts of karst system, bC < b1� <
bB. Jukic and Denic-Jukic (2006) approximated the memory effect and dependency length of 

the quick-flow component to the aquifer recharge with the exponential function of Maillet 

(1905) in a nonlinear kernel function to develop instantaneous unit hydrograph of a bare 

Dinaric karst aquifer in Croatia.  

Finally, the modified form of  equation (13) to estimate the !th ordinates of spring discharge is 

as follows: 

H�9R1.S�!� = HB�� − 1� ×	J
KLM + "B × N���∆� × �1 − J
KLM� × UN�B�!� + 

H1��� − 1� ×	J
KOPM + "1� × N���∆� × �1− J
KOPM� × UN�1��!� + 
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																							HC�� − 1� ×	J
KQM + "C × N���	∆� × �1 − J
KQM� × UN�C�!�																													�15� 
With time step being 1 day. It should be mentioned that under the conditions of ignoring 

intermediate-flow component (i.e. second part in R.H.S of equation 14), and non-dependency 

of base-flow and quick-flow components to the antecedent recharges (bC = bB=1), the 

equation (15) will reduce to one developed by the Jukic and Denic-Jukic (2006), Rimmer and 

Hartmann (2012), Hartmann et al. (2013), and Zeljkovic and Kadic (2015) and Hosseini and 

Ataie-Ashtiani (2017).  

 

2.2. Model Calibration 

The model inputs are time series of daily rainfall (�), daily actual evapotranspiration (�	), 

and also recession coefficients of three flow components FB , F1� , FC . The corresponding 

model output is simulated ordinates of daily spring discharge (H�9R1.S). Parameters of the 

model are adjusted during the calibration phase. A summary of all model parameters and their 

range for the calibration according to previous studies (e.g. Hartmann et al. 2013; Zeljkovic 

and Kadic 2015; Hosseini and Ataie-Ashtiani 2017) are listed in Table (1). Considering the 

monthly variation of effective RA (N), the developed model has 21 parameter for adjustment 

(��� , ��-91 , "-91, "B, "1�, "C, bB, b1�, bC	and 12 parameters for N���). The parameters of the 

proposed model reduced to 10 when a constant RA is considered throughout the hydrological 

year. Three recession coefficients of FB, F1� ,	and FC can be directly estimated from the 

decomposition of base-flow, intermediate-flow, and quick-flow recession curves according to 

Forkasiewicz and Paloc (1967) and Kovacs and Perrochet (2008). The parameter ranges of bB, 

b1�, and bC can be estimated by CCF between time series of observed base-flow, 

intermediate-flow, and quick-flow ordinates with cumulative precipitation � data. Since the 

estimation of �-AA depends on the parameters which need to be calibrated, thus linear cross-
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correlation function (CCF), cd��e� between the discharge ordinates with cumulative � data 

(up to 365 days) and also autocorrelation function (ACF) of spring discharge (cdd�e�) are 

used for estimation of initial range of these parameters (Fiorillo and Doglioni 2010): 

cd��e� = fg�	�H, ��hd × h� 																																																																																																																									�16� 
where fg�	�H, �� is the covariance between the spring discharge time series H, and the 

rainfall time series �, computed at time lag e. hd and h� are the standard deviations of the 

time series. CCF function between � and H practically indicates asymmetric shape around 

the origin (i.e. e=0). In such condition, cross-spectral function (CSF) presents remarkable 

information for the duration of different flow components (i.e. memory effect) and how the 

karst system attenuates the input signal (i.e. �) in different frequencies (Biddiscombe et al. 

1985). In this regard, the cross-gain function (��d) gives notable results (Padilla and Pulido-

Bosch 1995): 

��d�"� = F�d�"�
iΓ��"�																																																																																																																															�17� 

where F�d�"� is cross-amplitude between series of � and H for the frequency " (i.e. 

"=1/period (day)), and Γ��"� is spectral density function of the series � for the frequency ". 

According to Padilla and Pulido-Bosch (1995) and Laroque et al. (1998), the f values (or 

periods) correspond to ��d=1 and 0.4 are equivalent to the frequencies (or durations) of base-

flow and quick-flow compartments.    

It should be mentioned that the CCF and ��d give an initial estimation for the range of mean 

travel time of flow through the main infiltration pathways in three karst flow systems (i.e. 

summation of	bB, b1�, and bC) which need to adjusted during the calibration mode. For 

calibration of the proposed model, the modified Kling-Gupta efficiency ��� (Gupta et al., 
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2009) is used as objective (fitness) function of the optimization problem to adjust the 

parameters   

��� = i�c − 1�T + �l − 1�T + �m − 1�T − 1				,				l = H��1�H�nB� ,				m =
H��1�H�nB� 																							�18� 

where c is the correlation coefficient between simulations and observations ordinates of 

spring discharge, H��1�, H�nB�  and H��1�, H�nB�  are the standard deviations and means of 

simulated and observed ordinates of discharge, respectively. The ratios of l and m represents 

the variability and the bias term, respectively. The fitness function of KGE needs to be 

minimized with an ideal value at -1. ��� is identified as a strong performance criterion for 

calibration of hydrological models (Wohling et al., 2013). A genetic algorithm (GA) with real 

coding (Goldberg, 1989) is implemented to determine optimal sets of the parameters (so 

called decision variables) of the developed model with minimizing ��� as the fitness 

function and the range of parameters given in Table (1) as the constraints. All computations 

needed for model development are programmed in MATLAB environment (Release #14). A 

warm-up period of three years of initial data is considered for the calibration phase to reduce 

the effects of initial values of the parameters on the model performance.  

 

2.3. Global Sensitivity Analysis of the Proposed Model 

Density based sensitivity indices (DSI) have become progressively widespread in Global 

Sensitivity Analysis (GSA) applications across different hydrological modeling fields (e.g. 

Liu et al. 2006, Pappenberger et al. 2008, Peeters et al. 2014, Rajabi et al. 2015). In the DSI 

approach proposed by the Pianosi and Wagener (2015) which named PAWN, the model 

output distribution is characterized by data sample Cumulative Distribution Function (CDF) 

rather than its PDF. Practically in the PAWN indices, the sensitivity to input o1 is measured 

by the distance between the empirical unconditional CDF of output p, qrs�p� that is obtained 
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when all inputs vary simultaneously, and the empirical conditional CDF, qrs|0O�p� that are 

obtained when varying all inputs but o1  is fixed at a nominal value, through the Kolmogorov-

Smirnov statistic, �hu  (Kolmogorov 1933): 

 

�hu	�o1� = max	p yqrs�p� − qrs|0O�p�y																																																																																																		�19� 
The empirical unconditional CDF of variable p, qrs�p� is approximated using z{ output 

estimations obtained by sampling the entire input feasibility region. The conditional CDF p, 

qrs|0O�p� is approximated using z|  output estimations obtained by sampling the non-fixed 

inputs only, while the value of o1 is held fixed. As statistics �h depends on the value at which 

o1 is fixed, the index 	r1 considers the maximum values of �hu  over all possible values of o1 
(Saltelli et al. 2008): 

	r1 = max	xi = x~i�1�, x~i�2�, … , x~i�n�y�hu�o1�y																																																																																																			�20� 
where x~Y���, x~Y�T�,… , x~Y�Z� are randomly sampled values for the fixed input o1. The lower value of 

	r1, (	r1 ∈ [0,1]) indicates the lower influence of the corresponding o1 on p. The total number 

of model evaluations necessary to compute the sensitivity indices 	r1 for all the z9R� inputs 

is z{ + � × z| × z9R� . The proper values for �, z{ and z|  can be selected by trial-and-

error to follow regularity properties of CDFs (continuity, monotonicity, relative smoothness). 

The indices 	r1 is global, model independent, robust, quantitative, dimensionless, with no need 

for parameter tuning, no computing costs for computing the CDF, easy to implement and 

facilitates the application of bootstrapping and convergence analysis, and is unconditional on 

any assumed input value (Pianosi et al. 2015). In this study, the sensitivity index (	r1) of the 

daily spring discharge (H�9R1.S) to ten input parameters	��� , ��-91 , "-91, "B, "1�, "C, bB, b1�, 

bC	and N are calculated using Eqs. (19) and (20) for two dry (June to September) and wet 
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seasons (October to May), separately. The index 	r1 is helpful tool to investigate the relative 

influence of model parameters over the predictive accuracy to support model calibration and 

simplification, as well to understand the dominant factors which control the model precision. 

  

3. Study Area and Data Sets 

The performance of the developed model is studied in the karstic Sasan aquifer located at the 

Kazeroun region in south-west of Iran, 51◦ 35' E longitude, 29◦ 47' N latitude (Figure 2). 

Sasan spring is the biggest karstic spring of this region which emerged from the Dashtak 

aquifer at an elevation of 814 m a.s.l.. This spring is the main water supply of the cities of 

Kazeroun and Bushehr located on the coast of the Persian Gulf. The famous and popular 

location for tourist visits is Shapour cave and it is located in the catchment area of this spring. 

Geologically the study area is a part of Simply Folded Zagros zone which consists of long, 

linear, asymmetrical folds in which anticlines are well exposed and separated by broad 

valleys (Miliaresis 2001). 

Dye-tracing studies revealed that the RAs of these springs are located in adjacent anticlines 

and reach the Dashtak anticline via its northwestern plunge apex (Milanović and Aghili 1993, 

Karst Research Center of Iran, 2002) as shown in Figure (2). The Shapour River traverses the 

Dashtak anticline near the north-eastern plunge apex, developing a deep valley, namely the 

Chugan Valley, resulting in the flow of this river over the impervious Pabdeh-Gurpi 

Formations and acts as a local base level. Therefore, hydraulic connectivity of the Asmari-

Jahrum Formations (consists of limestone and dolomite) with a thickness of 1000 m in the 

northern and southern limbs and is disrupted by the high elevation of the Pabdeh-Gurpi 

Formations (consists of marl and shale) with a thickness of 1140 m beneath the crest of the 

anticline, except in the northwestern plunge apex area (Ashjari and Raeisi 2006) (Figure 2). 

Sasan Spring emerges near the end of the Chugan Valley, a few meters above the Shapour 
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River water level. Stratigraphic columns in the study area are well described in Alavi (2004) 

and McQuarrie (2004).  

The hydrogeological characteristics of the karstic aquifer have been formed during a long 

evolutionary process, as a consequence of very dynamic new tectonic activity in the Zagros 

geotectonic unit (Milanović and Aghili, 1993). Based on a previous study (Hosseini and 

Ataie-Ashtiani, 2017) the karst system of the studied aquifer has a deep phreatic zone, partly 

or totally confined underneath impermeable sediments, and largely karstified during previous 

karstification phases. 

According to Figure (3-a), the mean daily discharge of Sasan spring is 2.26 �I/� (71.3 

million cubic meters per year). In the catchment of the springs, precipitation is the only 

recharge source for this karstic aquifer. The mean annual precipitation (MAP) recorded by 

the meteorological station in the Kazeroun is 597.5 mm, whereas the maximum and 

minimum precipitation occur in January (143.7 mm) and June (0.65 mm) respectively. The 

maximum and minimum monthly discharges recorded in the outlet of springs are 3.93 �I/� 
(in March) and 1.41 �I/� (in October). The spatial heterogeneity of the precipitation (�) and 

actual evapotranspiration (�	) over the surface RA was neglected due to lack of local 

weather stations. Therefore, these variables have been considered as lumped through the 

catchment area.   

Continuous long-term daily meteorological data (1985 to 2012) were available from a 

meteorological station in the catchment (Qaemieh station), and corresponding daily discharge 

data for the spring outlet were given from the Iranian Water Resources Management 

Company (Figure 4). No gap was observed in these data, but time series of � and H data 

indicate a significant decreasing trend due to climate change after 1998 as shown in Figure 

(3-b). 
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At the spring outlet, a limnigraph (water-level recorder) records the water level values and 

daily discharge data is obtained through the scale-discharge relationship. Recession curves of 

three springs indicate successive exponential decreasing limbs with various slopes suggesting 

that karst systems of each aquifer consist of multiple reservoirs, all contributing to the 

discharge of the spring. Time series analysis of daily rainfall (�) and discharge (H) (Figure 4) 

shows that on average a lag time of 43 days (between 6-85 days) is observed between the 

time of maximum precipitation and maximum discharge. These lag times may be considered 

as the earliest estimation of the memory effect of whole karst formations (including top soil, 

epikarst, and systems of fast, intermediate, and base flow) to the surface recharge. Fifteen 

recession curves (thick curves in Figure 4) are used and decomposed to estimate the three 

recession coefficients of FB, F1� ,	and FC.  

The catchment area of Sasan spring is previously determined through the following equation 

(Bonacci et al. 2006) and verified by some tracer tests by Ashjari and Raeisi (2006): 

fN = �1000 × � × U� 																																																																																																																										�21� 
where fN is the average annual hydrological catchment area of the spring (km

2
), � is the total 

annual discharge of the spring during hydrological year (m
3
), � is the annual precipitation 

(mm yr
-1

), and U�  is average annual effective infiltration coefficients (0< U� < 1).  Equation 

(21) is valid in conditions of no allogeneic stream input and the variation of storage over time 

is insignificant. Ashjari and Raeisi (2006) estimated the recharge coefficient U� 	as 0.37 which 

results in a hydrological catchment area of 332 km
2
.    

 

4. Results and Discussions 

4.1. Cross Correlation Analysis of Rainfall and Discharge Data 

To estimate the memory length of karst flow systems, analysis of CCF and CSF between the 

spring discharge with precipitation data on the catchment (cd��e�) and autocorrelation of 
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spring discharge (cdd�e�) are computed and the obtained results are shown in Figure (5). The 

slow decrease of the autocorrelation coefficient,	cdd�e�, suggests that there are high memory 

effects (up to 90 days) in this karst system which is in the ranges of lag times data between 

the time of maximum precipitation and maximum discharge shown in Figure (3).  

The cross-correlation function (CCF) of Figure (5-a) has a mild slope and shows two peaks 

where the first occurs with a lag of 18 days (related to fast flow component) and the second 

with a lag of 58 days (related to base flow component). The evidence of existing different 

flow components could be seen in the gain function of Figure (5-b), as a strong attenuation of 

correlations occurs in the frequencies less than 0.015 and 0.04 (equivalent to periods 67 and 

25 days). The coefficients of function ��d  can be considered insignificant for frequencies 

greater than 0.25 (periods less than 4 days) which indicates the karst system remarkably 

attenuates the infiltrated � series for such frequencies. The frequencies corresponding to 

values ��d=1 and 0.4 are 0.016 and 0.05, respectively. These values respectively indicate the 

durations of base-flow and quick-flow in the karst aquifer according to Padilla and Pulido-

Bosch (1995). The intermediate-flow has a frequency between 0.016 to 0.05.  

The significant dependency of long time intervals of rainfall appears to be the main 

component affecting the spring hydrograph, i.e. base-flow, whereas short time intervals are 

related to quick-flow. This dynamic behavior of the karst system was also reported by 

Fiorillo and Doglioni (2010) for Caposele and Torano kart springs in southern Italy and by 

Stevanovic et al. (2016) for six karst springs in south eastern Dinarides, Slovenia. These 

analyses contributed to providing an overview of the time required for infiltrated rainfall to 

the flow through the karst aquifer.  

 

4.2. Analysis of Recession Curves 
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Three recession coefficients of FB, F1� ,	and FC are obtained from the decomposition of base-

flow, intermediate-flow, and quick-flow recession curves and entered directly into the model 

structure for calibration and validation phases of corresponding periods. For this purpose, 15 

identified recession curves from observed spring data for the period 1986-2005 are used and 

the results are summarized in Table (2). Average recession period is 274 days which is 

characteristic of a slow draining aquifer. This is a long period in comparison to some other 

studies (e.g. Padilla et al. 1994, Fiorillo and Doglioni 2010) but they are similar to ones 

reported by El-Hakim and Bakalowicz (2007) for Zarka karst systems in Lebanon. Average 

value of recession curves, FB, F1�, and FC  are obtained 0.0033 day
-1

, 0.031 day
-1

, and 0.181 

day-1, respectively based on analysis of 15 recession curves. These values lead to reservoir 

storage 303.0 days, 32.3 days, and 5.5 days, respectively for slow, intermediate, and quick-

flow systems. The storage constants for the slow and quick systems were smaller than other 

studies such as; Hartmann et al. (2012) but are similar to Fleury et al. (2009), Geyer et al. 

(2008), Rimmer and Salingar (2006), and Zeljkovic and Kadic (2015). High storage volumes 

and very slow system dynamics of the base-flow are most probably explains why the spring 

never fell dry. 

 

4.3. Calibration and Validation of the Proposed Model 

Using the available daily rainfall, temperature, and spring discharge data from 1985 to 2005 

and using the KGE (Equation 16) as the objective function, the proposed model is calibrated 

using the genetic algorithm (GA) in a predefined, physically plausible calibration range 

considering previous studies (as listed in Table 1). The proposed model is calibrated and 

validated under four scenarios of time-variant RA as invariable, two (winter and summer), 

four (seasonal), and twelve (monthly) through the hydrological year. The first three years of 

data are used as a warm up period to account for uncertainties in initial conditions. The 
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numbers of generations required for the GA to converge are obtained 52, 136, 470, and 477 

(by averaging the three times of algorithm run) respectively for invariable, two (winter and 

summer), four (seasonal), and twelve (monthly) RA scenarios. In the four cases, the GA 

settings including population size, crossover rate, and mutation probability are considered to 

be 20, 0.8, and 0.1, respectively. The proposed model with monthly RA achieves minimum 

��� value at the end of calibration period (-0.83), while invariable RA leads to ���=-0.52. 

This indicates a better fit of the monthly-variant model to estimate the spring discharge (the 

optimum value of ��� is -1). 

The results of parameter adjustments of the proposed model considering the temporal 

variation of RA through the hydrological year are given in Table (3). As seen in this Table, 

considering the RA to groundwater as time-variant parameter in the proposed model 

structures affected the adjusted values of the other parameters. This shows that the RA to 

groundwater (i.e. area of exchange flow between three components of base, intermediate, and 

quick-flows) affected the dynamic behavior of all karst formations. The values of "-91 
indicate that the losses from stored water in epikarst is between 23% to 35%. Most of the 

recharged water to the groundwater (�-AA or �-91) directed to the base-flow system with 

separation factor "B equal to 0.41 to 0.51, which indicated very slow system dynamics and 

high storage volumes of the study aquifer. In the previous work (Hosseini and Ataie-Ashtiani, 

2017), a value of 0.28 is obtained for separation factor of conduit network of this aquifer by 

using dual-porosity (including only base-flow and quick-flow) model. Zeljkovic and Kadic 

(2015) reported the base-flow separation factor between 0.55 to 0.61 for Opacac karst spring 

in Croatia; Hartmann et al. (2013) calibrated the recharge fraction to conduit system as 0.63 

for a karst spring in Southern Spain; and Hartmann et al. (2012) obtained a base-flow 

separation factor 0.06 for Faria spring, Eastern Mediterranean. The memory length of base-

flow system (bB) is optimized between 59 days (for monthly variation RA scenario) to 73 
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days (for invariable RA scenario). The minimum memory effect adjusted for the quick-flow 

system between 11 to 18 days. The average values of memory length for base, intermediate 

and quick-flow systems (bB, b1�, and bC) to the recharged water from upper layer are 

optimized with averages of  63, 27, and 15 days for different scenarios for RAs. The 

calibrated values of memory lengths for quick and base flow systems when monthly variation 

RA scenario assumed in the proposed model coincide with the times correspond to the peaks 

observed in CCF analysis (Figure 5-a), and also frequencies 0.016 and 0.05 correspond to the 

��d=1 and 0.4, respectively in the cross-spectral analysis (Figure 5-b).  

The model adjusted RA is equal to 261.8 e�2 for constant RA condition, whereas values of 

326.5 e�2 and 175.0 e�2 are obtained for the winter and summer, respectively. For the case 

of seasonal RA, maximum and minimum RAs are equal to 151.2	e�2 and 344.2	e�2 which 

are close to values obtained using the double RA condition. For the monthly RA condition, 

the maximum area is obtained for March and is equal to 352.3	e�2 with a two month delay 

related to the time for maximum precipitation to occur (i.e. January). Whereas the minimum 

RA is obtained for September and is equal to 125.2 e�2. Interestingly, the average RA 

obtained for time-variant catchment boundaries (226 e�2) are less than that adjusted for 

other RA scenarios (which are close together between 250-261 e�2) and all are greater than 

ones obtained by classical and dual-porosity (i.e. 174 and 185 e�2, respectively) models 

reported in the previous work (Hosseini and Ataie-Ashtiani 2017) and close to those obtained 

by tracer studies (Ashjari and Raeisi 2006). This difference is possibly due to precise the 

calculation of water balance components (e.g. �	 estimation method) and better 

quantification of the hydraulic properties of karst dynamic behavior through the present 

model. Specifically, the proposed model with monthly RA provides a better representation of 

the internal changes in groundwater level when considering the variations of exchange 
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surface area of three reservoirs corresponding to the fast, intermediate, and base-flow systems 

during hydrological year. 

   

4.4. Validation of the Proposed Model 

Using the adjusted model parameters in four scenarios of constant, double, seasonal, and 

monthly variation RA (Table 3), the efficiency of the proposed model is validated for the 

period of 1997-2005 (Figure 6). A good fit is observed between the simulated and observed 

hydrographs for time-variant RA (i.e. monthly), whereas the simulated hydrograph obtained 

by considering the constant RA during hydrological year indicates the largest deviation from 

the observed hydrograph (Figure 6-b). Three goodness of fit criteria including root mean 

squares of error (��h�), correlation coefficient (�2
), and ��� between the results of 

proposed model with different RA scenarios and corresponding observed values are 

computed and given in Figure (6-c). The maximum and minimum ��� values for validation 

period of the proposed model are obtained for monthly RA (-0.71) and constant RA (-0.39), 

respectively. The average root mean square of error (��h�) of 1.25 and 1.66 is obtained 

between the observed mean annual discharge and estimated corresponding values by the 

proposed model with monthly-variation and constant RA, respectively. The results indicate 

that considering the temporal variation of RA (or catchment boundaries) during the 

hydrological year, leads to more reliability of the proposed model in simulation of discharge 

and also water balance components based on criteria of ���, �T and ��h� (Figure 6-c). 

To investigate the effect of time-variation RA on water balance components, the average 

values of ��, ��, ��, �-91 , �-991, and �-AA estimated by the proposed model for two 

conditions of constant and monthly-variant RA during the validation period are shown in 

Figure (7). The maximum discrepancies between two cases (constant and monthly-variant 

RA) are on average related to the recharge to underlying karst formations, �-AA (199.6 and 
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217.8 mm/year, respectively), the water storage in soil, ��	(161.3 and 153.2 mm/year, 

respectively), and followed by the epikarst,	�-91  (243.0 and 232.1 mm/year, respectively). 

The minimum variability between constant and monthly-variant RA is observed for the 

component �-91 (75.1 and 72.4 mm/year, respectively).  

 

4.5. Results of Density-based Global Sensitivity Analysis  

The conditional, 	qrs�p� and unconditional, qrs|0O�p� cumulative density function (CDF) of 

the proposed model output (H�9R1.S) for 10 input parameters of ��� , ��-91 , "-91, "B, "1�, "C, 

bB, b1�, bC, and N are computed (the results are not shown). The CDFs of all parameters grow 

significantly away from their initial uniform distributions. If a parameter is sensitive, it 

would differ significantly from a uniform distribution. Using this criterion, the model output 

H�9R1.S is sensitive to the parameter N, followed by ��� , and "C.  The model output is less 

sensitive to the parameter "-91, which means that it could adapt to a wide range of values 

without changing the simulation results (H�9R1.S). These findings are consistent with those 

reported by Hartmann et al. (2015) and Hartmann et al. (2012) which indicated that the 

VarKarst model output has the maximum and minimum sensitivity to the parameter N and 

�-91 , respectively. 

The maximum distance between the conditional and unconditional CDFs of model output, 

H�9R1.S to the input parameter (�hu  statistic) are computed using the Equation (19) and the 

obtained result shows in Figure (8). In this figure, the critical values of �h statistic at a 

confidence level of 0.05 are also shown (dashed red lines). The values below the critical 

value indicate the �hu  statistic is non-significant for its parameter value. The maximum �hu  

statistic is obtained for the RA (N) especially for small values of this parameter. This reveals 

the significant influence of RA during the recession period. Previously, Hartmann et al. 
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(2015) demonstrated the importance of yearly-variant catchment area in hydrological karst 

modeling by developing VarKarst model. For the parameters "-91 and ��-91 , all values of 

the  �hu  are less than its critical values. This suggests the proposed model is not sensitive to 

the moisture loss from the epikarst production storage and the maximum storage water in 

soil portion. The model is sensitive to the parameter capacity of soil (���) but only for the 

small values of this parameter. This means that the model is not influenced by the bare karst 

formations or small thickness of top soil and epikarst. For karst systems with deep soil 

surface, the model is not sensitive to soil moisture capacity. The model is influenced by the 

base and intermediate-flow systems when the karst systems are not karstified (low values of 

these parameters) or highly karstified aquifers (high values of these parameters). The effect 

of a quick-flow system is significant only for high values of "C (i.e. highly karstified 

aquifers). The spring discharge is more affected by the lower memory length of the 

intermediate-flow system. The proposed model is sensitive to the formations with low 

(karstified conduit aquifers) and high memory length of base-flow system (less karstified 

aquifers). These findings are consistent with those reported by Hartmann et al. (2015) and 

Hartmann et al. (2012) which indicated that the VarKarst model output has the maximum 

and minimum sensitivity to the parameter N and �-91, respectively. 

According to Equation (20), the sensitivity index 	r1 is considered as the maximum values of 

�hu  over all possible values of each input parameter. This index can be useful for ranking the 

sensitivity of model output (H�9R1.S ) to the input parameters. For more comparisons, the 

sensitivity index of the spring discharge to the input parameters (	r1) has been assessed for 

two periods of dry (June to September) and wet (October to May), separately (Figure 9). 

Results of GSA for the assumed model and used data sets indicated that the most influential 

parameters on the spring discharge for both dry and wet periods are RA (N) followed by 

intermediate flow storage ("1�) and then soil capacity (���). Greater value of 	r1 for RA 
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during dry period (i.e. 0.88) indicates the effect of exchange flow-area variability between 

three components of base, intermediate, and quick-flow systems under conditions of no 

surface recharge. The effect of soil capacity (���) and intermediate-flow ("1�) on the spring 

discharge are significantly different in the wet and dry periods where the infiltrated and deep 

recharge flow is significant. Whereas the effect of other parameters has not a significant 

difference in both wet and dry periods. But the parameters "-91 and ��-91  exert minimum 

influence on simulation of spring discharge for both dry and wet periods. The values of �hu  

over all possible values of these parameters are statistically non-significant (Figure 9). Other 

parameters (e.g. "B, "C, bB, b1�, and bC) have the same influence on the spring discharge for 

both dry and wet periods. This leads to the loss of epikarst production that can be eliminated 

in the proposed model structure.  

Over-parametrization of the proposed model especially when the RA is considered in 

monthly scale (including 21 parameters) is an issue that needs to be discussed. The principle 

of parsimony (Box and Jenkins 1976) suggests the structure of the selected hydrological 

model should be reduced to only components that describe the key process of the system. 

However, an over-parameterized model probably would be faced with challenges in model 

implementation, calibration and parameter adjusting, uncertainty analysis, and interpretation 

of their results, but a parsimonious model do not necessary guarantee that all the hydrological 

processes of the complex karst system are represented (Kuczera and Mroczkowski 1998, 

Sellami et al. 2014). Removing less-sensitive parameter (based on GSA), applying the 

appropriate calibration procedure (i.e. two-step), and reducing the dimension of the 

parameters space based on field evidence are approaches to reduce parameter uncertainties, 

saving time and cost of computation for parameter adjustment, and also increasing the 

accuracy of high dimensional models.  
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5. Conclusion 

In this study, we have developed a simple conceptual rainfall–runoff model for the estimation 

of groundwater balance components in complex karst system, including three sub-models 

SMB, EPB, and GWB. In the proposed model, three parameters have been considered to deal 

with the influences of memory length of base-flow, intermediate-flow, and quick-flow 

systems. In addition, the effect of time-variant catchment boundaries (constant, six-monthly, 

seasonal, and monthly) is also assessed to simulate the daily spring discharge by the 

developed model. Results indicated that the proposed model with monthly-variant RA 

showed an adequate agreement with daily spring discharge and also water balance 

components (especially for �� �-AA) in a case study in the south-west of Iran. However, the 

model with monthly-variant catchment boundaries leads to over-parameterization (with 21 

parameters) when comparing to other cases, but the density-based GSA indicated that the RA 

is the most influential parameter in the model structure for both dry (absence of surface 

recharge) and wet (existence of surface recharge) periods. After the RA, intermediate-flow 

and the water stored in the top soil layer (for the wet period), and quick-flow and memory 

effect of different components (for the dry period) play important roles in groundwater 

balance.  

Our study showed that when conceptualizing hydrological functioning of a complex karst 

system with reservoir models, the intermediate-flow system due to transient phenomena that 

occurs in the vicinity of the high conductivity channels. The results of GSA also indicated 

that the intermediate-flow storage in karst system plays an influential role of these parameters 

especially when large volumes of recharged water pass through this system (i.e. during the 

wet period). Whereas the parameter of moisture loss from epikarst and maximum capacity of 

soil and epikarst to store water can be omitted from the model structure since the related 

sensitivity indices are insignificant.   
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Our analysis also indicated that incorporating the memory length of base-flow, intermediate-

flow, and quick-flow systems to the antecedent recharged flows seems to be an effective 

compartment in the model setup for the simulation of spring discharge ordinates.  

It should be noted that since each karst system has its individual characteristics, the features 

included in the proposed model are examples of possible important processes that can 

improve the modeling results, whereas other field sites may require the presence of different 

processes in the model structure. The results obtained are valid for the assumed model 

structure and for the data set used in the study area, whereas another model structure would 

probably lead to other conclusions. Nevertheless, depending on the developed model to the 

low data is of its great advantage. Incorporating mass balance approach in the model setup 

limits the model efficiency for the predictions especially in circumstances different from 

those that have been observed. Neglecting of spatial heterogeneity of some influenced 

variables (e.g. precipitation, actual evapotranspiration, and thickness of soil and epikarst) 

over the RA is another simplification in the proposed model which may affect the reliability 

of the obtained results (e.g. overestimation of the catchment area).  

Finally, combining the linear reservoirs approach in addition to the water balance equation 

provides a detailed and better representation of the hydrology of complex karst systems with 

long memory and thick top soil. It is an effective tool for karst groundwater balance 

estimation and supports decision making for karst water management. 
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Nomenclatures  

A.S.L Above sea level 

N	 [�T] Effective recharge area of karst aquifer 

fg�	�H, �� Covariance between the H and � time series 

�	�	 [�	
�] Potential evapotranspiration 

�		 [�	
�] Actual evapotranspiration 

"B	 [−] Separation factor of base-flow 

"-91 	 [−] Fraction of moisture loss from the epikarst  

"1� [−]  Separation factor of intermediate-flow 

"C 	 [−] Separation factor of quick-flow 

qrs�p�  Empirical unconditional CDF of p 

qrs|0O�p� Empirical conditional CDF of p 

UN�B 	 [�] Indices of base-flow antecedent recharge 

UN�1� 	 [�] Indices of intermediate-flow antecedent recharge 

UN�C 	 [�] Indices of quick-flow antecedent recharge 

�hu  Kolmogorov-Smirnov statistic 

���	 [−] Modified Kling-Gupta efficiency 

�B 	 [	] Reservoir constants of base-flow 

�1� 	 [	] Reservoir constants of intermediate-flow 

�C 	 [	] Reservoir constants of quick-flow 

bB 	 [−] Memory length of base-flow in karst system 

b1� 	 [−] Memory length of intermediate-flow in karst system 

bC [−] Memory length of quick-flow in karst system 
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�-91 	 [�	
�] Loss from epikarst storage  

�	 [�	
�] Total precipitation on the karst surface  

�-AA 	 [�	
�] Effective precipitation to groundwater  

EB	 [�	
�] Specific base-flow discharge 

E1� 	 [�	
�] Specific intermediate-flow discharge 

EC [�	
�] Specific quick-flow discharge  

H~	 [�I	
�] Average spring discharge 

HB 	 [�I	
�] Base-flow discharge 

H1� 	 [�I	
�]  Intermediate-flow discharge 

HC 	 [�I	
�] Quick-flow discharge  

H�9R1.S 	 [�I	
�] Spring discharge 

cd� 	 [−] Cross-correlation function between the discharge and precipitation  

cdd 	 [−] Autocorrelation function of spring discharge data 

��	 [�	
�] Recharge to the karst formation  

�-91 	 [�	
�] Seepage from epikarst to underlying karst formations  

h�	 [�] Standard deviations of the precipitation time series 

hd	 [�I	
�] Standard deviations of the discharge time series 

	r1 [-]  Maximum values of �hu  

�B 	 [�] Volume of base-flow storage  

�-91 	 [�] Water stored in the epikarst  

	�1� 	 [�] Volume of intermediate-flow storage 

��-91 	 [�] Maximum capacity of epikarst to store water  

��� 	 [�] Maximum capacity of soil storage  

�C 	 [�] Volume of quick-flow storage 
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�� [�] Soil moisture storage 

m	 [−] Bias of simulated discharge data  

 l	 [−] Variability of simulated discharge data   
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Figure (1): Sketch of conceptual model structure proposed for the groundwater balance estimation in karst 

aquifer (a), and concept of time-variant recharge area to spring outlet in the GWB sub-model (b).  
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Figure (2): Hydrogeologic map and regional groundwater flow and geologic cross sections of Sasan karstic 

aquifer (Hosseini and Ataie-Ashtiani, 2016). 
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Figure (3): Monthly average of spring discharge and rainfall over the spring catchment (a) and long-term trends 

of mean annual precipitation and discharge data for Sasan spring (b). 

 

  

  

Figure (4): Time series of daily spring outlet and rainfall over the spring catchment. Thick lines along the graph 

are recession curves which are considered for calculating the coefficients of FB , F1� , and FC. Numbers on the 

figure indicate the lag time (day) between the time of maximum precipitation and maximum discharge in each 

year.     
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Figure (5): Cross-correlation function between daily precipitation and discharge (cd��e�), and ACF of spring 

discharge (cdd�e�) (a), and gain function for series of � and H obtained in cross-spectral analysis (b) for the 

study aquifer.  
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Figure (7): Water balance components estimated by the proposed model during validation period obtained with 

(a) invariable recharge area, and (b) monthly recharge area.  
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Figure (8): Kolmogorov–Smirnov statistic �hu  at different conditioning values of parameters of the proposed 

model. The dashed horizontal line is the critical value of the �h statistic at confidence level of 0.05 (for all 

cases n	= 10, N� = 100, and  N� = 50). 

 

 

 

 

Figure (9): The sensitivity indices (	r1) of the proposed model output (H�9R1.S) to the input parameters for two 

periods of dry and wet. Arrows indicate the 	r1  values with significant differences in two dry and wet periods 

(using t-student distribution at F=0.05. 
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Table (1): Parameters of developed model, description, and their ranges for calibration phase.  

Parameter 

(Unit) 

Included   

Sub-

Model  

Description 

Lower 

Limit 

Upper 

Limit 

Time Variability 

��� (mm) SMB Maximum soil storage capacity  0 100 Constant 

����� (mm) EPB Maximum epikarst storage capacity  0 100 
Constant 

���� (-) 
 

EPB 

 
 Losing fraction of water stored in the epikarst 0 1 

Constant 

�� (-) GWB Recharge fraction to base flow 0 1 
Constant 

��� (-) GWB Recharge fraction to intermediate flow 0 1 
Constant 

�� (-) GWB Recharge fraction to the fast flow 0 1 
Constant 

��(-) 
GWB  Memory length of base flow  1 150 

Constant 

���	(-) GWB Memory length of intermediate flow  1 150 
Constant 

��	(-) GWB Memory length of quick flow  1 150 
Constant 

� (km
2
) GWB Effective recharge area 30 350 Constant/Variable 
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Table (2): Results of recession curve decomposition to obtain the recession coefficients of FB, F1� ,	and FC. 

Recession Period �� (day
-1

) ���(day
-1

) ��(day
-1

)  
Start Date End Date 

29-Mar-86 06-Nov-86 0.0035 0.025 0.577 

22-Feb-87 29-Oct-87 0.0021 0.0438 0.1259 

22-Feb-88 04-Oct-89 0.0021 0.0192 0.256 

31-Jan-90 21-Nov-90 0.0027 0.0303 0.1474 

28-Feb-91 20-Oct-91 0.0024 0.0164 0.1219 

15-Feb-92 04-Nov-92 0.0020 0.0972 0.2988 

26-Feb-93 31-Dec-93 0.0059 0.0214 0.1637 

13-Mar-94 27-Jul-94 0.0077 0.0075 0.0138 

17-Apr-95 05-Sep-95 0.0020 0.0132 0.1736 

12-Mar-96 31-Dec-96 0.0033 0.0188 0.1201 

01-Feb-98 04-Dec-98 0.0020 0.0972 0.2985 

21-Feb-99 29-Oct-99 0.0020 0.0376 0.2013 

16-Jan-00 31-Dec-00 0.0059 0.0085 0.1482 

03-Feb-02 02-Nov-02 0.0032 0.0209 0.0371 

02-Feb-05 24-Aug-05 0.0038 0.0077 0.0352 

Mean (day) 0.0033 0.0310 0.181 

St. Dev. (day) 0.0018 0.0288 0.1397 
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Table (3): Values of the model parameters calibrated with constant, six-monthly, seasonal, and monthly 

recharge area through hydrological year.  

Parameter (Unit) 

Calibration Step 

Invariable surface 

area 

Surface area for 

Winter and 

Summer 

Surface area for 

each season  

Surface area for 

each month  

��� (mm) 3.98 2.19 1.76 2.2 

��-91  (mm) 1.27 2.76 2.1 1.98 

"-91  (-) 0.23 0.301 0.35 0.31 

"B  (-) 0.47 0.412 0.51 0.47 

"1� (-) 0.34 0.31 0.39 0.36 

"C  (-) 0.20 0.28 0.11 0.17 

bB(-) 73 61 62 59 

b1�	(-) 26 25 30 28 

bC	(-) 17 18 11 15 

N (km
2
) 

 

 

 

 

 

261.78 

 

 

 

 

 

326.54, 175.0 

 

 

 

 

 

151.2
*
, 344.2, 

285.3, 254.6,  

 

 

 

 

 

314.2
**

, 345.2, 

352.3, 336.5, 

237.8, 225.4, 

151.6,124.6, 

125.2, 139.1, 

203.1, 249.2 

*
 These values are corresponding to season Fall, Winter, Rabbi, and Summer, respectively.    

**
 These values are corresponding to October to September months, respectively.  
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  Research Highlights  

 

• Incorporating the residence time in groundwater balance model of karst aquifer. 

• Temporal variations of karst recharge area are assessed on model efficiency. 

• Recharge area of karst formations is the most sensitive parameter in the model. 

• Intermediate flow has influential role in hydrological modeling of karst systems. 

 

 

 

 

 

 

 

 

 




