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Abstract: Water sharing management is the major problem for water resources
and irrigation management decision makers. However, irrigation systems are
very complex and interconnected, posing significant difficulties in managing
irrigation economically and environmentally. Therefore, it is imperative that
innovative modelling approaches are employed to deal with the feedback loops
inherent in these systems. Through the application of a system dynamics
approach, a Network Simulation Model (NSM) was developed. The purpose of
the NSM is to measure and identify the change in economic and environmental
outputs of various allocations and demand scenarios. The aim of this study is to
examine the use of two methods of auto calibration (single objective and
multiobjective) over a variety of climatic and hydrological conditions.
These methods have been compared and applied to three periods of calibration
and validation using seven performance criteria. Results indicate that
multiobjective method yields better identifiable parameters and an improved
model structure
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1 Introduction

A Network Simulation Model (NSM) (Elmahdi et al., 2004) has been developed using a
system dynamics approach as an appropriate tool to analyse irrigation demand
management strategies. This model is designed to operate on a monthly basis to assist
managers in analysing the system’s behaviour under various management scenarios.
It also demonstrates the effect of climate variability between cropping seasons.
The model gives priority to environmental demand as the main constraint at
end-of-system flow and then attempts to satisfy the biophysical crop demand. The major
drive for understanding the link between irrigation demand and environmental demand is
to measure and identify the change in economic output and environmental impacts of
various allocations and demands from irrigation on improved seasonality of flows.
The NSM incorporates a wide range of complexities likely to be encountered in water
resource management: surface and ground water sources, water trading between sources,
system constraint such as maximum ground water pumping rates, environmental flows
and channel capacity.

Many studies point out a clear difference between model verification, calibration and
validation processes (Mihram, 1972; Schlesinger et al., 1974; Stedinger and Taylor,
1982). According to Schlesinger et al. (1974) verification is defined as “The certification
that the model is implemented on the computer in a manner that truly depicts the
idealized model”. Stedinger and Taylor (1982) described the idealised model as a group
or series of mathematical equations and logical relations which are used to represent the
real system. In contrast, calibration is the process of selecting the ‘best’ parameters to
populate a model, assuming that the model is correct. Finally, Schlesinger et al. (1974)
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describe the model validation as “quality of match of simulated and real data with some
interpretation of the appropriateness of the data for validation purposes”. Also, Stedinger
and Taylor (1982) stated that validation tests used to indicate a simulation model
reasonably represent a real system.

Many years ago, the calibration processes were implemented using a trial and error
approach to estimate model parameters. However, Madsen et al. (2002) assert this
approach can be very inefficient, depending on how many free parameters the model
has and their interrelations. Furthermore, Madsen et al. (2002) claimed that manual
calibration may not follow a logical process because of the complexity in identifying and
quantifying model performance. Thus, a great deal of research has been devoted to
developing autocalibration tools that are able to overcome the complexity and time
issues. In the last decade, the model calibration process has received many advantages by
using computer system technology such as flexibility and better fit between model
measurements and real system data. This robust fit could be achieved by using a good
optimisation tool which has become available such as PEST (parameter estimation
optimisation software), a non-linear parameter estimation and optimisation package.
Moreover, one of the main advantages gained from these optimisation tools is its
capability to understand the uncertainty of the optimisation outcomes, which helps
identify the extent of uncertainty in the estimated parameters.

Doherty and Johnston (2003) stated out that the computer-based tools for
autocalibration have been developed for many hydrological models in the last decade.
In particular, many research studies have focused on development of strong optimisation
tools that would be able to better estimate the model parameters (Kuczera, 1983; Sumner
et al., 1997) and several studies have compare the relative performance of those tools
(Kuczera, 1997; Madsen et al., 2002; Thyler et al., 1999). Another aspect which is
handled by several studies is measuring the uncertainty in the parameters estimation
processes (Kennedy and O'Hagan, 2001; Kuczera and Parent, 1998) and measuring the
performance of models when they are used in conditions where there is a lack of data
(Beven, 2000; Jakeman and Hornberger, 1993). It is recommended by environmental
stakeholder groups and regulatory agencies; model validation uncertainty analysis is
considered part of the model implementation and structure (NRC, 2001).

In this context, the main step in autocalibration is defining the objective function
which represents the model objective. Based on this body of research, it can be
concluded that the most effective automatic algorithm is the global population-evolution
(is a selection from a given domain which yields either the highest value or lowest value
(depending on the objective), when a specific function is applied), compared to multistart
local search and pure local search methods. Mostly, the automatic calibration routines
used a single objective function to compare the observed and the simulated results
for example, the sum of squared errors. However, a single objective function is not
necessarily appropriate to capture most of the main characteristics of the system
(i.e. hydrograph) which is applied by the hydrologist to quantify the performance of the
calibrated model. The main advantage of applying multiobjectives calibration is its
solution overcomes the uniqueness parameters problem. Thus, in this paper, single and
multiobjective automated calibration methods are applied and analysis is undertaken to
determine which is the best. Specifically, a single objective measure (i.e. the Sum of
Square Error (SSE)) and a multiobjective measure are used to calibrate NSM and results
are compared under different time cases.
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2 Parameter identification and data

Once the NSM has been structured and formulated; the second step is the estimation of a
suitable parameter set, that is, the actual calibration process of the model parameters.
The parameters of the model structure are adjusted until the observed system output and
the model output show acceptable levels of consistency. NSM has divided the
Murrumbidgee River into five reaches. Each reach has inflow and outflow measured by
gauge stations (Figure 1) and uses the water balance Equation (1) to determine
intermediate results.
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where O/In,,, is the outflow from river reach which will be inflow for the following
reach, In,,_is the inflow for each river’s reach. For the first reach, representing the dams’
release, a simple water balance has been used to calculate (dam’s inflow) inflow and
outflow of the two main dams (Burruinjuck and Blowering dam) of the Murrumbidgee
River. The simple water balance compares the measured change in dam storage level
with the measured outflow and computes the difference as total inflow (Equation (2)).

Dam inflow = dam storage level current | —dam storage level former,, @)

+outflow

If it is negative (—ve) it means that losses have exceeded gains for example, evaporation
and infiltration are greater than total catchment inflow. The advantage of the water
balance is that it picks up all sources and types of inflows and losses, whereas an inflow
gauge would only measure inflow from a particular stream. Real dam inflows are
complex distributed systems and out of the scope of this study, but a simple water
balance equation captures the essential elements in this case.

Figure 1 The river reach schematic
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In,, is the sum of tributary inflow for each reach and calculated by Equation (3).
The first part of reach from the dam’s wall to Gundagai has four tributaries and
another three tributaries between Gundagai and Wagga Wagga, whereas the second
reach, Wagga Wagga to Narrandera has only one tributary. The monthly flow data for
these tributaries is extracted from PINNEENA 8- river operation database produced
by DIPNR (2004).
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In,, =Y InT, 3)

where InT, is i tributaries gauge inflows. The O, is the total diversion from each reach
which is calculated based on the cropping pattern of the irrigation areas in each river
reach and O, is the total evaporation loss from each reach calculated as in

Equation (4).

Og,,, = Ry xR xEvapx F 4)

Evap
where R, is the top surface reach width, R, is reach length, Evap is the evaporation data
and F,, is the evaporation factor. The evaporation data is calculated by compiling
pan-evaporation data collected from the National Weather Service (NWS) and SILO
meteorology for the land (evaporation stations). Each river reach evaporation data is
calculated as average of the nearest evaporation stations. While the top reach width data
calculated through cross section analysis with rating table at each inflow and outflow
stations point along the Murrumbidgee River by taking the average width at inlet and
outlet of the reach to represent the top reach width which depends on stream flow-stage
analysis to determine the stage of the river section. While O _ is the seepage losses
calculated by Equation (5).

Seep

0,

Seep Ryp X R, % FSeep xN Days )
where R,, is the reach wetted perimeter width, the main assumption is that the river
channels are trapezoid. According to Ven te Chow (1959), natural channels are usually
irregular and altering from trapezoid to parabola. Using PINNEENA-8-database
DIPNAR (2004) to generate a cross-section analysis of the Murrumbidgee River at
different inlet and outlet of each reach to extract wetted perimeter value and take the
average for each month-based on flow-stage analysis. While, R, is reach length; F is
the average seepage factor mm/d and N, is the number of days.

To sum up, two parameters have been defined and selected for calibration process.
These two parameters are F, and F  evaporation factor and seepage rate, respectively
and allowed to search for the global optimal solution using Powell’s optimiser (will be
described in briefly later) to calculate the objective functions. Once the model parameters
are chosen, the optimiser will try to find the values for those parameters that achieve the

objective function that means making the model fit the data as closely as possible.

3 Calibration methods

3.1 Vensim™ Powell’s optimiser (system dynamics)

To do an optimisation under VENSIM™, a set of parameters must be specified to search
over and create a payoff that determines how good an individual simulation is.
The payoff for a model can be defined in terms of a comparison of model variables with
actual data. Moreover, optimisation is controlled by optimisation domain or control
which define the max and min range for each parameter. VENSIM™ optimiser is based
on modified Powell theory. Powell theory is considered one of the main techniques that
try to find the minimum or maximum of a function of several variables and could be
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defined as multidimensional unconstrained optimisation which does not require
derivative evaluation (Chapra and Canale, 2002; Powell, 1964a,b). According to Chapra
and Canale (2002), one of the best methods and algorithms that capitalised on the idea of
pattern directions to find optimum values efficiently is named Powell’s method.
Basically, Powell’s method depends on finding points 1 and 2 by searching in the same
direction from different starting points and the line between 1 and 2 should drive to the
maximum, this line called conjugate directions.

Powell’s method can be initiated from any starting point (as discussed below).
For example, assume the search begins from point O (Figure 2) and searches in two
directions D1 and D2 until the maximum is reached at point 1 in direction D1. Next, the
search approach through D2 direction to find point 2. After that, a new direction D3 from
points 0 and 2 will form the starting point to find point 3. Then from point 3, using the
previous search direction D2 to find point 4 and so on, from point 4, to find point
5 through D3 direction. At this time, points 3 and 5 have been allocated by the same
direction D3 from different starting point. Powell theory has approved that the directions
D4 along points 3 and 5 and D3 are conjugate directions which lead directly to the
maximum (Chapra and Canale, 2002) see Figure 2.

Figure 2 Powell’s method
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In addition, the starting point or the rules used to compute search starting points under
VENSIM™, results are influenced by the domain value: the upper and lower constraints
defined into the model (i.e. min< = parameter< = max). The starting point value for the
parameter will be determined by Equation (6). A number x will be chosen automatically
generated under VENSIM™ by random method in the range [0, 1) including zero but not
including 1. Finally, Powell’s optimiser is used to solve single and multiobjective
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functions which are built into the NSM to calibrate and compare its performance by
applying different assessment model performance criteria to determine the best case
and result.

Parameter = min + X(max— min) (6)

3.2 Single objective function

Conventional autocalibration using a single objective function is prompt and objective,
while its results reproduce the behaviour of the selected objective function. The most
common single objective function in literature is the sum square error (see Equation (7))
where, O, is the observed volume at time i and S, is the simulated flow volume at time i,
N is the number of time series. Frequently, hydrologists do not accept the results from
single objective because of their interest in many other aspects of the system
performance (Boyle et al., 2000).

F=Y(0-s) @)
i=1

3.3 Multiobjective calibration

A multiobjective algorithm function is used to find the model population necessary to fit
all aspects of the hydrograph at different points along Murrumbidgee River. In this
context, four basic objective functions are considered simultaneously as follows
(see Equations (8)—(11)):

1 Overall volume error

(Se-9) ®

i

F:

2 Overall RMSE

F, = \/%[ZN:(O,. —s,)zj ©

E=%(0-5) (10)

i=1

4  Relative RMSE of all flow events

(¥ (0 —s)*)
1 0, -5,
F, = _NLE L—+S,J J (11
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All these functions are built inside the NSM as mathematical functions and are being
optimised at once (i.e. minimising all of them) assuming all of these functions have equal
priority and weight, to compare their results with the single objective function. Eight
years dataset is used for calibration by using different three-period cases. The period for
calibration is used to find the optimum value for the parameter that achieved the
objective function and the period of validation is used to assess the calibration
performance as follows:

Case A: two years for calibration and six years kept for validation and called (2-6 yrs).
Case B: three years for calibration and five years kept for validation and called (3-5 yrs).

Case C: five years for calibration and three years for validation and called (5-3 yrs).

4 Assessment model performance criteria

To measure the model performance for each validation test, a standard set of criteria has
been defined comprising seven numerical measures. These criteria were selected in order
to reflect the objectives of the modelling that are able to simulate river flows at multiple
sites along the Murrumbidgee River monthly. The seven selected criteria are as follows:

1 A measure of the ability to simulate the variation in the flow hydrograph for a
particular river gauging station, see Equation (12) (Nash and Sutcliffe, 1970).

Z,I-V(Of _Si)2

E=1-=""_" E-[0,1] (12)

>/ (0,-0f

where O, = observed flow at time step i, S, = simulated flow at time step i and
O, = is the mean of the observed flow. Values close to 1.0 for Nash and

Sutcliffe indicate the model is able to capture or accurately simulate the
variance of the flows in the river. Sometimes E called the coefficient of
efficiency was chosen as the likelihood measure to evaluate the accuracy of
both the magnitude and timing of predicted flows (e.g. Andersen et al., 2001;
McMichael et al., 2006; Tague et al., 2004; Vazquez and Feyen, 2003).
Andersen et al. (2001), indicate that when the value of E > (0.85, the model run
is good.

2 A measure of the deviation between simulated and observed flow (Henriksen
et al., 2003) by Root Mean Square (RMS), see Equation (13):

N

RMS:% > (S,-0,) RMS=[0,%] (13)

i

where O, = observed flow at time step i, S, = simulated flow at time step i and
N = is the total number of time steps.

3 A measure of the ability to simulate the average flow for a particular river
gauging station. Sometimes it called Water Balance Error (difference between
average simulated and average observed flow normalised by average observed
flow), see Equation (14) (Henriksen et al., 2003; Madsen et al., 2002).
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x 100% error in water balance (14)

where O, = is the mean of the observed flow and S, = is the mean of the simulated

flow.

%3Bias is a measure of the bias in the validation results from the observed flow
(Hogue et al., 2005).

Z,I-V(Si —O[.)

> "o,

i i
i

%Bias = x 100

where O, = observed flow at time step i, S, = simulated flow at time step i and N = is
the total number of time steps.

A measure of the ability to simulate low flow conditions for a particular river
gauging station (Henriksen et al., 2003; Wood, 1974).

r.-3[0200]

; 0’

where O, = observed flow at time step i, S, = simulated flow at time step i and
N = is the total number of time steps. The low flow measure could be
normalised by the minimum environmental flow requirement which is 6000
Ml/month for the Murrumbidgee water sharing plan 2004.

F,

Low

F,

Low-norm
min-env

where F = the minimum environmental flow.:

min-env

Correlation coefficient: correlation was calculated for all river gauge stations in
both cases (single and multiobjective calibration) to demonstrate the correlation
between validated flow and observed flow.

> (0,-0)(s,-5)
Y (0,-0) X (5. -5)

where O, = observed flow at time step i, S, = simulated flow at time step i,
O, = is the mean of the observed flow and S, = is the mean of the

R=

simulated flow.

Median percentage: a measure of the ability to simulate the median monthly
flow for a particular river gauging station, or it is a percentage error to simulate
the median monthly flow. where O__. is the median observed flow and

S .. 1is the validated median flow

median

median

)

_ median median

median x100
(0]

median
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The performance/goodness of the model performance during calibration and validation
periods is evaluated according to these performance criteria. These criteria are not of
the fail/pass type, but assess the performance of the model under the two calibration
methods and three time cases. It is hard to judge which case is the best as every criteria
has its value and range. Thus, there is need to use scoring and ranking system that
facilitates the evaluation procedure method of model performance. Using the ranking
system used by Lorup et al. (1998) and Henriksen et al. (2003) for E, Fbal
and correlation, other rankings are suggested for %Bias, FL and RMS/median-based
on the previous ranked system, see Table 1. This ranking system could be used
to calculate the overall score and acceptable case. Aggregation score system is used.
The model performance results in a score of 1-5 points for each validation test
for example, correlation value for one single gauge station according to the classification
in the five intervals. For example, one of the five gauging stations with a correlation
performance equal to excellent is given five points, and very good correlation gives four
points and so on.

Table 1 Ranking and scoring system

Points  Rank E F,, Correlation ~ %Bias ~ RMS/ FL
category median

5 Excellent >0.85 <5 >0.85 <5 1-10 0.0-0.01

4 Very good  0.65-0.85 5-10 0.65-0.85 5-10 10-20 0.01-0.02

3 Good 0.5-0.65 1020  0.5-0.65 10-20  20-30 0.02-0.1
(average)

2 Poor 0.2-0.5 20-40 0.2-0.5 20-40  30-50 0.1-0.15

1 Very poor  <0.2 >40 <0.2 >40 >50 0.15-1

5 Calibration and validation results

In this section, the calibrated results are compared visually and quantitatively with the
observed and simulated results. The calibration procedure can be summarised as follows
for the second case (3-5 yrs):

e NSM simulate the discharge of several gauging stations along the
Murrumbidgee River for three water years (June 1993—June, 1996).

e the simulated results are compared with real data (observed) for each river reach
points inflow and outflow (gauge points)

e calibrate the three years’ results by applying two methods single objective
(minimising the SSE between the data (observed) and simulated results) and
multiobjective functions simultaneously

e the same steps have been repeated with 2—6 years and 5-3 years.

Moreover, Schlesinger et al. (1974) indicate that model validation concerns the quality of
match of simulated and real data with some interpretation of the appropriateness of the
data for validation purposes. As mentioned above, two parameters were used for
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calibration (evaporation factor and seepage rate) by Powell’s methods search for their
optimum values within its range (minimum value and maximum value) defined based on
literature review and data from the local authorities, see Table 2.

Table 2 The parameters and its range

Parameter Initial Minimum Maximum Source Calibration
name value range range results value
Evaporation 0.7 0.5 1 FAO 56 (Richard 0.52
factor et al., 1998)
Seepage rate 6 mm/day 2 mm/day 8 mm/day MDBC (2004-2005) 2.1

and Willem et al.

(2005)
Channel loss 20% 15% 30% CIA Environmental 18.5

Report 2000-2005

Briefly, applying the value of the parameter obtained from the calibration process to
simulate the model for the validation period, the validation period is changed with each
case such as case 3-5 yrs it means five years; the model run for validation is compared
with real qualitative and quantitative data. Table 3 shows the correlation and E-values
results at different gauge stations under the two calibration methods (SO = single
objective calibration and MO = multiobjectives calibration method). It is very clear the
correlation increased by moving upstream in both calibration methods without any
difference. While the wvalidation results with multiobjective method show better
correlation than the single objective method, there is a slight difference between both
methods at Darlington Point and Hay gauge stations. This could be attributed to high
diversion which impacts the discharge flow at these stations and this is captured by
multiobjective methods.

Table 3 Correlation and E-value for both calibration and validation results under both
calibration methods

Gauge MO-cal SO-cal MO-val SO-val
stations Correlation E- Correlation E- Correlation E- Correlation E-value
value value value
Balranald  0.73 0.31 0.73 0.34 0.69 0.55 0.69 0.56
Hay 0.82 0.63 0.82 0.63 0.91 0.69 0.89 0.73
Darl Pt 0.93 0.77 0.93 0.78 0.94 0.73 0.93 0.76
Narrendera 0.94 0.69 0.94 0.69 0.95 0.72 0.95 0.72
Wagga 0.95 0.76 0.95 0.76 0.97 0.86 0.97 0.86
Wagga

Note: MO-cal: multiobjective calibrated; SO-cal: single objective calibrated;
MO-val: multiobjective validated and SO-val: single objective validated results.

Based on the ranking system described above and correlation results, the model could be
ranked as excellent for all gauge stations except for the last gauge downstream;
it is ranked very good performance 0.69 in both methods. Moreover, the E values result
is aligned with correlation results with some minor differences. The model shows high
E value upstream which is decreased by going further downstream. But the overall
average of the model E value 0.71 and 0.73 validation results for multiobjective and



392 A. Elmahdi, H. Malano and T. Etchells

single objective methods, respectively. According to Henriksen et al. (2003) the model
under E values in both cases could be categorised as very good performance. It is clear
each performance criterion shows different results and is not necessary true, high
correlation and consistent visually usually lead to high performance model. Thus, this
study is using different performance criteria to test and evaluate the NSM model after
calibration. In general, the upper reaches show good results in most assessment criteria
comparing to the lower reaches with massive irrigation diversion.

The results are consistent with Khan et al. (2004) and Pratt (2004) results which
indicate there is need to validate flows and diversion statistics in the lower reaches
because of measurements and reporting uncertainty. By using the ranking system in
Table 1, the NSM model calibrated could be ranked between excellent for upper reaches
and poor for lower reach. Table 4 shows the results for all cases under the ranking
system.

Table 4 The average ranking system for all calibration cases
Performance E F,, Percent bias Correlation FLnorm  RMS/
indicator validation median
MO Average 2-6 yrs 3.2 2.8 22 4.4 2.8 4.2
(case A)
MO Average 3-5yrs 4 2.8 2.8 4.8 32 4
(case B)
MO Average 5-3yrs 24 24 24 4 4.4 4.4
(case C)
SO Average 26 yrs 32 2.6 2.2 44 3 4.2
(case A)
SO Average 3-5 yrs 4 2.6 2.6 4.8 34 4
(case B)
SO Average 5-3yrs 2.6 2.6 2.8 4 4.4 44
(case C)

This ranking system could be used to calculate the overall score and acceptable method
and case. Aggregation score system is used as discussed above. It is clear that the
multiobjectives calibration average results for all cases show better score compared to
single calibration method average results which show the same average correlation for all
cases. The scoring results indicate that the model calibration results are located between
good and very good rank such as correlation, E value and Fl __except for F,, and %Bias
located between poor and good, but very close to good condition. Moreover, by looking
at the scoring results for the two calibration methods, it is obvious that both almost have
the same value except for F,, and %Bias. Multiobjective methods have a higher and
better score than single objective method.

Consequently, the multiobjective method could be recommended for model
calibration and its result can be used as the best method. Furthermore, the average score
for all performance criteria under the same case 3-5 years; this analysis shows
multi objective calibration method is better than the single objective method (average
score 3.53 and 3.48, respectively). Moreover, the average score is located between good

and very good rank while multiobjective average score is close to very good and single

norm
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objective average score is close to good rank. Figure 3 describes which calibration case
under both calibration methods could be recommended and its results used.

Figure 3  Overall performance score for the validation results
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It is clear that case 3-5 years (case B) achieved the best result in both methods under
different performance criteria, which could be recommended and its results can be used.
To sum up, the overall performance for the three calibration cases and two calibration
methods indicate that the overall best result which could be used is that of multiobjective
method under case 3-5 years, where the model performance is very good with highest
overall score.

6 Conclusion

The aim of this study is to test and compare two automated calibration methods using
system dynamics approach for NSM model. This model is designed to operate on a
monthly basis and can assist managers in analysing the system’s behaviour under various
management scenarios. NSM model is calibrated and validated for eight years period by
using two calibration methods-single objective and multiobjective autocalibration
methods under three different cases called A, B and C (2-6 years, 3-5 years and
5-3 years) the first number indicates the number of years devoted for calibration and the
second number indicates the number of years devoted for validation test.

Moreover, single objective autocalibration method was represented by sum square
error while multiobjective autocalibration methods were represented by four objective
functions and calibrated simultaneously (Overall volume error, Overall RMSE, SSE and
Relative RMSE of all flow events). Furthermore, seven performance criteria have been
applied to evaluate and assess the overall performance of the validation results and
compare the two calibration methods and the three cases. A ranking and scoring system
has been used to understand the overall performance of the calibration methods.
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The results indicate that the multiobjective autocalibration method yields
better identifiable parameters and a more well posed model structure with better
performance than a single objective autocalibration method. These results are consistent
with Madsen (2000) who claimed that inclusion of multi objectives in the calibration
process provides better identifiable parameters. These could be attributed to the
conclusion of Wagener et al. (2003) who asserted, that the single objective function
ignores a great deal of information which results from the way of combination of model
residuals in one objective function, which could lead to a prejudice in the model
performance and reflect a specific feature. In addition, it could cause another problem
with parameters identification that not necessarily affects the chosen objective function.
Therefore, multiobjective functions could be successful and overcome these
shortcomings. Moreover, these performance criteria recommend 3-5 years (case B)
under multiobjective method to provide the best model performance result. This result is
aligned with the result from MDBC report 2001 about modelling guidelines, “model
calibration acceptability should be judged in relation to each of the performance
measures and criteria and dividing the dataset by 20-35% for calibration period and the
rest for validation period”.
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