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Abstract: Modeling the duration of the critical period (CP) and hence the precise mode of behavior of a
reservoir  system  prior to analysis is advantageous because then the input data interval can be selected to
match the requirement. In this sense, over-year systems (CP>1 year) can be adequately analyzed using annual
time-series data, whereas for within-year systems (CP<1 year), only the critical 12 months in the data record are
needed to be considered. The current standard demand parameter method for prediction of the behavior of
reservoirs is based only on demand and coefficient of variation of annual flows. However, performance
measures such as reliability and vulnerability are also important in the behavior of reservoir systems. In this
study, the Johor, Melaka and Muar catchments were selected as the case study. The reservoirs were analyzed
using a Monte Carlo simulation technique by modified SPA. The critical period prediction model was then
developed based on the simulation results involving both reliability and vulnerability indices. Subsequently,
the performance of the model was observed by comparing the model’s results with simulation outcomes for
study systems. It was found that the performance of the model was very good in reproducing the critical period.
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INTRODUCTION performance of water resource systems is frequently

Surface water reservoirs are the man-made mechanism based on the specific aspects of an unsatisfactory
constructed on a stream on purpose to control the operation during drought periods [8]. An unsatisfactory
streamflow to satisfy the demand at a specified level of operation is often termed as a failure, which is defined as
performance. The saved water in the reservoir will be the inability of a reservoir system to provide the target
delivered for different purposes during the time of demand during a given period [9]. These performance
shortage. Reservoir capacity planning is usually  based indices should be beneficial in the selection of reservoir
on a  single  historical streamflow record. This approach system capacities, operating policies, configurations and
assumes that the historical record will be repeated in targets [10- 12]. Hashimoto et al. [6] introduced this
future whereas the historical record is a sample of such concept and presented performance indices to measure
streamflow sequences that may occur in the future [1, 2]. the effectiveness of reservoir operations. The
Therefore, the single estimate of storage capacity, to performance criteria were involved reliability (i.e. how
overcome  a  given  demand,  is  a  random variable [3, 4]. often the system fails) and vulnerability (i.e. how severe
In this study, a large number (1000) of synthetic the consequences of the failure may be). For instance,
streamflow sequences having the similar historical reliability of 98% means that the reservoir can satisfy the
statistical parameters were used to determine the critical design demand entirely, during 98% of its operational
period of Malaysian reservoir systems. period and vulnerability of 30% indicates that reservoir

The ability of existing and proposed water resource may not be capable of fulfilling up to 30% of its target
systems to operate satisfactorily under the wide range of demand during failure period. In this study, the reliability
probable future hydrologic situations and demands is a and vulnerability performance measures are considered in
necessary system characteristic [5-7]. The probable reservoir system analysis.

evaluated and measured by performance criteria that are
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The storage-yield analysis of reservoir systems could reservoir’s  behavior  would  be  within-year  and if m < 1
be divided into two general categories. The first group is its behavior would be over-year. A transitional state
probability matrix approach and is based on direct between these two kinds of behaviors happens when m=1
modeling of reservoir’s volume [13]. The second group is [17, 18].
the critical period method that consists of simulation and Standard parameter method (Equation (1)) for
optimization approaches [2]. Among the mentioned determining the behavior type of reservoir systems is
methods, only simulation approaches have enough based on the demand and coefficient of variation of
flexibility  to  involve both reliability and vulnerability annual flows. However, performance indices which are
indices in the storage-yield analysis [5, 14]. Hence, in this also very important in the behavior type of reservoir
study modified Sequent Peak Algorithm (SPA) is systems are not considered in Equation (1) [5, 15]. The
employed which is capable of involving both reliability performance indices that are used in this study are
and vulnerability metrics in the storage-yield analysis of reliability (i.e. how often the system fails) and
reservoir systems [11]. vulnerability (i.e. how severe the consequences of the

Critical Period (CP) is defined as a time when a full failure may be). Therefore, in this study after estimating
reservoir goes empty without spilling in the intervening CP by applying a Monte Carlo simulation approach for the
period [5, 15], however it differs from the North American reservoir systems in Johor, Melaka and Muar catchments,
definition which describes critical period as a time that is a new regression equation is developed to predict CP
required for a full reservoir to become empty and then full employing both reliability and vulnerability performance
again [16]. In this study, the first definition of critical indices and also standard demand parameter.
period is adopted and its North American equivalent is
known as critical drawdown period [14]. MATERIALS AND METHODS

CP is applied to determine two important behavior
types of reservoir systems. The behavior that is related to Catchments and Data: This study is carried out on three
having  a  critical  period less than one year is called rivers of Johor, Melaka and Muar at the Southern part of
within-year and the behavior that is involved with critical Peninsular Malaysia. The catchments of Johor, Melaka
period more than one year is termed over-year. These and Muar  receive  the  mean  annual  rainfall  of 1778,
behaviors play a special role in understanding some 2000  and  2400 mm, respectively. They usually have a
important characteristics of reservoir systems such as year-round tropical rainforest equatorial climate that is
storage capacity, reliability, vulnerability, resiliency and warm, humid and sunny. The monthly streamflow data
sustainability [5, 15]. Moreover, it can be used to from  the catchments  are  applied  to simulate the total
distinguish the appropriate interval of input streamflow (i.e. within-year plus over-year) storage capacity and
data (monthly or annual) that is required prior to critical period. The main characteristics of the sites are
performing the reservoir system analysis. For example, if presented in Table 1.
reservoir shows within-year behavior it is required to use Statistical data analysis is implemented to make sure
twelve critical monthly flows in the analysis whereas if that the streamflow data possess appropriate statistical
reservoir exhibits over-year behavior using annual characteristics  to  be  used in the time series analysis.
streamflow will suffice. However, if the reservoir exhibits That involves double mass curve diagram that confirms
the combination of both within-year and over-year data for consistency and homogeneity [19-21]. The data
behaviors applying the whole monthly streamflow data in are also subjected to trend and “run-test” procedures to
the analysis would be necessary. ensure that they are stationary and the outcome of a

A well-known criterion that is used to determine the random and natural process [4, 20]. The most suitable
behavior of reservoir systems is standardized demand probability distribution function of data is determined by
parameter (m) that is defined as follows: applying Probability Plot Correlation Coefficient (PPCC)

(1) as Pearson type III for both monthly and annual

where   is  the  demand  as the percentage of river’s annual flows is shown as an example of statistical tests in
Mean Annual Flow (MAF), C  denotes coefficient of Figure (1), for the study sites. As can be observed inV

variation of annual flow that is defined as standard Figure (1), the double mass curves show an acceptable
deviation  of  annual  flows  divided  by Mean Annual degree of consistency, with no noticeable variation in the
Flow (MAF). According to this approach if m > 1 the slope for any of the sites.

test [19, 22]. Hence, the probability function is identified

streamflow data. The double mass curve diagram for
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Table 1: Characteristics of the study catchments
Annual flow statistics
---------------------------------------------------------------------
Mean
-------------------------

Site Reiver Gauging station Record length (years) Catchment Area (km ) (mm) (×10  m ) Cv Skewness2 6 3 *

1 Johor Rantau Panjang 48 (1965-2012) 1130 951 1075 0.30 0.52 0.39
2 Melaka Pantai Belimbing 51 (1962-2012 350 531 186 0.40 0.48 0.16
3 Muar Buluh Kasap 47 (1966-2012) 3130 434 1359 0.48 2.03 0.18

Fig. 1: Double Mass Curves for Annual Flows of the Study Sites

Synthetic Streamflow Data Generation: Use of synthetic model to generate monthly flows directly like Thomas-
data record in water resource studies allows for the Fiering [24, 25]. The AR(1) model can be expressed by the
testing of alternative designs and policies against the following equation:
range  of sequences that are likely to occur in the future
[2, 14, 23]. Therefore, stochastic techniques for generating (2)
streamflow data that are broadly applied in developed
countries are employed in this study rather than methods where q and q  are the annual flows for the (i+1)  and i
based on historical data [3, 5]. Data generation models for  years, respectively;  is the mean annual flows; z  is the
within-year and over-year reservoir system analysis must standardized normal random variable; s is standard
preserve the essential statistical characteristics of deviation of annual flows and  is lag-1 serial correlation
historical streamflow data at both annual and monthly of annual flows.
levels. Hence, the combination of Auto-Regressive Lag In Equation (2) the annual streamflow data are first
one (AR(1)) to generate annual flows and Valencia and standardized  and  then normalized, so  = 0 and s = 1.
Schaake (V-S) to disaggregate annual flows to monthly The selected probability distribution function of annual
flows are applied in this study rather than using a single flows is Pearson type III. Hence, to transform the

i+1 i
th

th
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standardized data to the normalized form, Wilson-Hilferty Developing Multiple Regression Relationship for
transformation is applied [2]. The normalized annual data Critical Period: There are effective parameters that play
are then disaggregated into monthly flows using V-S a significant role in the critical period of reservoir systems.
matrix model [1, 19, 24]. However, the generated data are These parameters can be obtained by correlation matrix
still standardized and normalized. Therefore, they are methods [15, 28]. The parameters include standardized
transformed to Pearson III probability distribution using demand parameter, performance indices and the
Wilson-Hilferty transformation and subsequently they are coefficient of variation and skewness of annual flows.
also converted from standardized form to ordinary Standardized demand parameter (parameter m) can be
monthly streamflow data. Finally, the synthetic streamflow obtained by employing Equation (1).
data are generated employing the combination of AR(1) Parameter m is the most important parameter in
and V-S models in 1000 sequences, each sequence equal estimating the critical period of reservoir systems [15].
in length to the historical data. Therefore, a two-stage approach was adopted: first

regression equation was developed for the critical period
Storage-Yield-Performance Analysis of Reservoir using only m as the independent variable as follows: 
Systems: Storage-yield-performance analysis of reservoir
systems was carried out using the modified Sequent Peak CP = A × m (3)
Algorithm (SPA) [11, 15, 26]. This technique can identify
the  storage capacity uniquely for streamflow data record where CP is the critical period in years and m is the
and it can design for any time-based reliability as well as standardized demand parameter (Equation (1)). The
any vulnerability to specify the desired shortfall during hypothesized regression model contained two parameters
the failure periods [6, 12, 27]. Eight monthly time-based (i.e. A and B) that were estimated using smaller subsets of
reliabilities from 90% to 100% (90%, 93%, 95%, 96%, 97%, the original data points, where each subset corresponds
98%, 99% and 100%) were applied in the analysis of to runs of the SPA for each of the possible combinations
reservoir systems. Moreover, seven annual demand ratios of vulnerabilities and reliability indices. Secondly, the
were also implemented between 0.2 and 0.8 of mean parameters of the regression models in the first stage were
annual flow (MAF) with an increment of 0.1 MAF. The then used as dependent variables in further regression
need to restrict the range of the annual demand for the models, with the time-based reliability, vulnerability,
analysis was based on the evidence from a preliminary coefficient of variation and skewness of annual flows
analysis, which showed that generally for demands below being the independent variables as follows:
0.2 MAF no storage is required and natural river flow can
satisfy the demand. On the other hand, demands above  =  +  R  +  V +  C +  S (4)
0.8 MAF were mostly too high for the modified SPA to
produce a unique value for the storage capacity and where  is the dependent variable (i.e. A or B), R  is the
critical period. time-based reliability, V is the vulnerability and , , ,

and are the regression coefficients; C  is coefficient
during all the months (i.e. assumed annual demand of variation of annual flows and S is skewness of annual
divided by 12). For all reservoirs, the 5% to 30% with an flows.
increment of 5% supply deficits during failure periods Finally, by combining Equation (3) with Equation (4)
were examined in the storage-yield-performance analysis. the critical period regression relationship was developed.
For each study site, 1000 sequences of the synthetic The performance of the obtained regression relationship
monthly flows having the same length as the historical was observed by comparing the regression relationship
record were generated according to the previous section results with simulation outcomes. 
[5]. Subsequently, the reservoir systems storage-yield-
analysis was carried out using modified SPA algorithm for RESULTS AND DISCUSSION
the aforementioned time-based reliability and vulnerability
indices and demands and 1000 sequences of storage Generated Sequences of Storage Capacities: The box
capacities and critical periods were obtained for every plots notation developed by Tukey is applied to illustrate
case. Finally, the mean of the 1000 samples of the critical the  empirical  dispersion of  storage  capacities [29, 30].
period for every case is taken as the most appropriate To generalize the results storage capacity is normalized by
estimate. dividing  to  Mean  Annual  Flow  (MAF).  Figure 2 shows

B
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Fig. 2: Empirical box plots of storage capacity of study sites for different reliability and vulnerability indices in demand
of 70% of mean annual flow

Fig. 3: Fitted power regression model for the critical period as a function of m for reliability of 98% and vulnerability of
30% at the study sites
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Table 2: Typical coefficients of A and B along with the corresponding R  for different reliability and vulnerability indices at the study sites2

the empirical box plots of the normalized storage capacity to the time-based reliability of 98% and Vulnerability of
of study sites for different reliability indices and 30%; however, the fits for other vulnerability and
vulnerabilities in demand of 70% of MAF. The box plots reliability indices are similarly excellent. In general, the
depict maximum, minimum, 25, 50 and 75 percentiles of power regression fits are very good, with the R  ranging
generated storage capacities. The box plots imply that between 0.9700–0.9996. Table 2 contains the typical
both reliability and vulnerability are effective in storage estimates of the regression coefficients A and B along
capacity and by implication in the critical period of with the R  for the combinations of analyzed vulnerability
reservoir systems i.e. with increasing reliability or and reliability indices.
decreasing vulnerability storage capacity and critical
period increase. Regression Equations for A and B: Based on the other

Critical Period Regression Relationship reliability, vulnerability and applying coefficient of
Regression Equation Between Critical Period and variation and skewness of annual streamflow data which
Parameterm: The initial regression model was formulated also affect storage–yield, a linear regression model of the
according to methodology as follows:

CP = A × m (3)B

where CP is the critical period in years and m is
standardized demand parameter (Equation (1)). The
hypothesized regression model contained two parameters
(i.e. A and B) that were estimated using smaller subsets of
the original data points, where each subset corresponds
to runs of the SPA for each of the possible combinations
of vulnerability and reliability indices.

The calibration of Equation (3) for every
combination of reliability and vulnerability used 7 data
points that relates to demands of 20% to 80% of Mean
Annual Flows (MAF) with an increment of 10% MAF
which generally covers the required demand range during
the planning stage. The resulting regression models are
shown in Figure 3. It should be noted that Figure 3 relates

2

2

effective parameters in the critical period such as

general type:

 =  +  R  +  V +  C +  S  (4)o 1 e 2 u 3 V 4 K

was hypothesized according to methodology where  is
the dependent variable (i.e. A or B), R  is the time-basede

reliability, V is the vulnerability and , , , and areu o 1 2 3 4

the regression coefficients; C  is the coefficient ofV

variation of annual flows and S  is skewness of annualK

flows. Equation (4) was calibrated using all of the
available data points for the study sites, i.e. 144 (3 (sites)
× 8 (reliability indices) × 6 (vulnerabilities)). Summary of
estimates of the regression coefficients in Equation (4) are
shown in Table 3, while Table 4 contains relevant
statistics of the regression equations, such as the R , the2

standard error of estimate (SEE), the F-statistic, degree of
freedom   (DF)   and  the  probability  that  a  high value of
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Table 3: Summary of coefficient estimates, t-ratios and critical t-ratios for A and B
A B
------------------------------------------------------------------------------------- --------------------------------------------------------------------------------
Estimate t-ratio Critical t-ratio Estimate t-ratio Critical t-ratio
-0.8482 -2.84 1.98 0.1749 2.81 1.980

5.0786 11.03 1.98 -3.5002 -16.23 1.981

-2.0443 -14.21 1.98 0.2456 3.65 1.982

-4.1712 -12.69 1.98 5.1999 33.78 1.983

-0.3385 -9.80 1.98 -0.7666 -47.39 1.984

Table 4: Summary statistics of regression equations for A and B

A B

R 0.93 0.952

SEE 0.16 0.08
F-stat 430.8 658.2
DF 139 139
FDIST 0.00 0.00

Fig. 4: Performance of prediction equation for critical
period at the study systems

F-statistic occurred by chance (FDIST). On the basis of
the statistics in Table 4, the regression equations are
statistically adequate. As far as the estimates of the
regression coefficients are concerned (Table 3), their
relatively high t-ratios, i.e. the ratio of the estimate to its
standard error, is an indication that they are greater than
critical t-ratio at the usual 5% probability level that
confirms time-based reliability, vulnerability, coefficient of
variation and skewness of annual flows are statistically
significant in the regression analysis.

Predicting Critical Period with Regression Equations:
Although the summary statistics observed in the previous
section have verified how satisfactory the regression
equation is, a better and more general test of the
performance of the regression model will be how well it
predicts the length of the critical period. By combining the

results of the two stages in the regression analysis the
resulting regression equation for predicting the critical
period becomes:

CP = (– 0.85 + 5.08R  – 2.04V  – 4.17C  – 0.34S )e u V k

m(0.17–0.350Re+0.25Vu+5.20CV–0.77Sk)

(5)

where, CP is critical period in years; m is standardized
demand parameter (Equation 1), R  is time-based reliabilitye

between 0.9 and 1; V is vulnerability between 0 and 0.3;u

C  is coefficient of variation of annual flows and S  is theV K

skewness of annual flows.
This equation was then used to predict the critical

period of the study sites and the results are shown in
Figure 4. All of the 1008 data points (i.e. 3 (sites) × 6
(vulnerabilities) × 7 (demand ratios) × 8 (time-based
reliabilities)) were applied. As observed in the figure, the
performance of the regression equation is very good,
particularly at small critical periods corresponding to
within-year systems. This is encouraging given that no
documented expressions exist for the prediction of the
critical period involving both reliability and vulnerability
indices in Malaysia as best of the authors’ knowledge.
The R  obtained over the complete range of the critical2

period prediction is high, being 0.9624 for the study
systems.

CONCLUSION

A multiple regression relationship has been
developed to model the critical period (CP) for use during
reservoir planning of Johor, Melaka and Muar catchments
employing reliability and vulnerability performance
indices. This regression model offers a solution of
determining the interval of streamflow data, according to
within-year or over-year behaviors. In this sense, during
the  planning  stage  for  within-year  behavior the use of
12 critical month data is required and for over-year
behavior applying annual data will suffice. The basis of
the  data  for  calibrating  the  regression   model   was  the
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Storage–Yield–Performance Indices (SYP) analysis of 8. McMahon, T.A., A.J. Adeloye and Z. Sen-Lin, 2006.
1000 sequences of synthetic data from study Rivers Understanding   performance   measures of
employing the modified Sequent Peak Algorithm. The reservoirs.  Journal   of   Hydrology  (Amsterdam),
regression model was then calibrated applying the 324: 359-382.
average of 1000 sequences of the critical periods for 9. Vogel, R.M. and R.A. Bolognese, 1995. Storage-
different demands, reliability and vulnerability indices at reliability-resistance-yield relations for over-year
the study sites. The performance of the regression model water supply systems. Water Resources Research,
for predicting the within-year and over-year behavior was 31(3): 645-654.
generally very good. This is encouraging given that there 10. Sandoval-Solis,  S.,  D.C.   McKinney  and D.P.
is currently no equation to predict the critical period of Loucks, 2011. Sustainability Index for Water
reservoir systems including both reliability and Resources Planning and Management. Journal of
vulnerability measures, based on a Monte Carlo Water   Resources    Planning   and  Management,
simulation technique for study catchments as best of the 137: 381-390.
authors’ knowledge. 11. Adeloye, A.J., M. Montaseri and C. Garmann, 2001.
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