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 Storage–yield–reliability (S–Y–R) relationships are beneficial in many areas of 

hydrology and water resources. With the accessibility of such a relationship, reservoir 
planning analysis can be implemented much more rapidly and at a much shorter time 

required for sequential analysis applying time series data. Current relationships have 

been developed mostly for over-year capacity without considering both reliability and 
vulnerability performance indices. Hence, the objective of this study, is to develop a 

predictive relationship for total (i.e. within-year plus over-year) storage capacity 

involving both reliability and vulnerability performance indices as for use during 
reservoir planning. The streamflow data from three Malaysian rivers was tested for 

consistency, trend, and randomness. The reservoirs were analyzed using 1000 

sequences of synthetic data having the same length as historical data involving both 
time-based reliability and vulnerability performance indices by modified SPA. The 

model was then calibrated based on the mean of 1000 simulation results. 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 total storage capacity. In conclusion, it is promising 

given that this is the first equation to model total storage capacity involving both 
reliability and vulnerability measures in Malaysia as best of the authors’ knowledge. 
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INTRODUCTION 

 

Surface water reservoirs are the man-made mechanism constructed on a stream on purpose to control the 

streamflow to satisfy the demand at a specified level of performance. The saved water in the reservoir will be 

delivered for different purposes during the time of shortage. Reservoir capacity planning is usually based on a 

single historical streamflow record. This approach assumes that the historical record will be repeated in future 

whereas the historical record is a sample of such streamflow sequences that may occur in the future [1, 2]. 

Therefore, the single estimate of storage capacity, to overcome a given demand, is a random variable [3,4]. In 

this study, a large number (1000) of synthetic streamflow sequences having the similar historical statistical 

parameters were used to determine the storage capacity of Malaysian reservoir systems. 

The ability of existing and proposedwater resource systems to operate satisfactorily under the wide range of 

probable future hydrologic situations and demandsis a necessary system characteristic [5,6]. The probable 

performance of water resource systems is frequently evaluated and measuredby performance criteria that are 

based on the specific aspects of an unsatisfactory operation during drought periods [7]. An unsatisfactory 

operation is often termed as a failure, which is defined as the inability of a reservoir system to provide the target 

demand during a given period [8]. These performance indices should be beneficial in the selection of reservoir 

system capacities, operating policies, configurations, and targets [9,10, 11]. Hashimoto et al. (1982) introduced 

this concept and presented performance indices to measure the effectiveness of reservoir operations [6, 9]. The 

performance criteria were reliability (how often the system fails) and vulnerability (how severe the 

consequences of the failure may be). For instance, reliability of 98% means that the reservoir can satisfy the 

design demand entirely, during 98% of its operational period and vulnerability of 30% indicates that reservoir 
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may not be capable of fulfilling up to 30% of its target demand during failure period. In this study, the reliability 

and vulnerability performance measures are considered in reservoir system analysis. 

The storage-yield analysis of reservoir systems could be divided into two general categories. The first group 

is probability matrix approach and is based on direct modeling of reservoir’s volume [12]. The second group is 

the critical period method that consists of simulation and optimization approaches [2]. Among the mentioned 

methods, only simulation approaches have enough flexibility to involve both reliability and vulnerability indices 

in the storage-yield analysis [5,13]. Hence, in this study modified Sequent Peak Algorithm (SPA) is employed 

which is capable of involving both reliability and vulnerability metrics in the storage-yield analysis of reservoir 

systems [10]. 

Storage–yield–reliability (S–Y–R) relationships are beneficial in many areas of hydrology and water 

resources. With the accessibility of such a relationship, reservoir planning analysis can be implemented much 

more rapidly and at a much shorter time required for sequential analysis applying time series data. They are 

beneficial during preliminary analysis where complete sequential analysis is not necessary [14,15, 16].  

However, the relationship between surface water reservoir capacity, demand, and reliability is complex and 

nonlinear, which complicates any effort to develop it theoretically. Approximate relationships have been 

developed when the reservoir exhibits over-year behavior [17]. An over-year system is one which saves water 

for satisfying demand over several years and, therefore, takes a long time to refill or empty and for such a 

system Vogel and McMahon (1996) presented that if the annual runoff data have a gamma distribution function, 

the over-year capacity can be evaluated applying [14,16,18]: 
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Where KO is over-year capacity as ratio of mean annual flow (MAF); D is demand as ratio of MAF; CV is 

coefficient of variation of annual flow; zfis standardized normal variateof fprobability (decimal) of non-

exceedance; (1−f) is annual time-based reliability;zg is equivalent standardized gamma variate; and γ is skew 

coefficient of annual flow. 

Within-year systems are small reservoirs built to satisfy seasonal differences between the demand and 

inflow; they, therefore, refill or empty at least once in any year. Hence, within-year systems’ behavior is not 

only determined by annual runoff and demand situations but also by the seasonal and monthly variations in 

runoff and demand. The large number of variables that influence within-year behavior makes any effort at 

generalizing it much more complicated than for over-year behavior, which is why a few relationships have been 

developed for within-year behavior. The sum of the over-year and within-year capacities is the total capacity. 

The total capacity is applicable for both within-year and over-year systems [13].  

Another existing equation to adjust over-year capacity to the total capacity calibrated based on historical 

data is as follows [14,16]: 

 

KoDCK VT 025.16.0322.0222.0 
         

(4) 

 

Where KT and KO are total and over-year storage capacity, respectively expressed as a ratio of Mean Annual 

Flow (MAF); D is demand expressed as a ratio of MAF and CV is coefficient of variation of annual flow.  

Regarding currentstorage-yield relationships, Equation (1) is restricted to over-year storage capacity and 

does not involve vulnerability measure in estimating storage capacity. Additionally, this equation is only 

appropriate for reservoirs that their annual streamflow data have gamma distribution function. In the same way, 

Equation (4) is an adjustment relationship calibrated based on historical data rather than a direct model to 

evaluate total storage capacity and does not include reliability and vulnerability performance indicators. 

However, both reliability and vulnerability indices are effective in storage capacity of reservoir systems in 

Malaysia [19]. Hence, in this study according to Monte Carlo simulation experiments a new regression equation 

will be developed to model the total capacity of three reservoirs in Malaysia applying both reliability and 

vulnerability measures and also annual streamflow characteristics. 

Finally as contributions of this subject to knowledge, this regression equation offers a solution of a Storage-

Yield-Performance measure (SYP) relationship for systems having both within-year and over-year behaviors in 

Malaysia. The model is based on a Monte-Carlo simulation approach rather than current methods applying 

historical data. This equation also considers reliability and vulnerability performance measures that are essential 
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for the economic planning of the reservoirs. Consequently, it is encouraging given that this is the first equation 

to model total storage capacity involving both reliability and vulnerability measures in Malaysia based on a 

Monte-Carlo simulation technique. 

 

MATERIALS AND METHODS 

 

Catchment and Data: 

This study is carried out on three rivers of Johor, Melaka, and Muar at the Southern part of Peninsular 

Malaysia. The catchments of Johor, Melaka, and Muar receive the mean annual rainfall of 1778, 2000 and 2400 

mm, respectively. They usually enjoy a year-round tropical rainforest equatorial climate that is warm, humid 

and sunny. The monthly streamflow data from the catchments are applied to simulate the total (i.e. within-year 

plus over-year) storage capacity.The main characteristics of the sites are presented in Table 1 [19]. 

 
Table 1: Characteristics of the study catchments 

Site River Gauging Station 

Record length 
Catchment Annual flow statistics 

Area Mean 

CV Skewness ρ* 
(years) (Km2) (mm) 

(106  
m3) 

1 Johor RantauPanjang 48 (1965-2012) 951 1130 1075 0.30 0.52 0.39 

2 Melaka PantaiBelimbing 51 (1962-2012) 350 531 186 0.40 0.48 0.16 

3 Muar BuluhKasap 47 (1966-2012) 3130 434 1359 0.48 2.03 0.18 

*ρ : Serial correlation (lag-1) 
 

Preliminary data analysis are implemented to make sure that the streamflow data possess appropriate 

statistical characteristics to be used in the time series analysis. That involves double mass curve diagram that 

confirms data for consistency and homogeneity [20]. The data are also subjected to trend and “run-test” 

procedures to ensure that they are stationary and the outcome of a random and natural process [4,20]. The most 

suitable probability distribution function of data is determined applying Probability Plot Correlation Coefficient 

(PPCC) test [19,21]. The probability function was found as Pearson type III for both monthly and annual 

streamflow data. The fitness of the Pearson type III distribution function to the historical annual streamflow data 

is illustrated in Figure 1. 

 

 

 
 

Fig. 1: Fitness of Pearson III distribution function to the historical annual streamflow data of study catchments 

 

Synthetic streamflow data generation: 

Use of synthetic data record in water resource studies allows for the testing of alternative designs and 

policies against the range of sequences that are likely to occur in the future [13,2,22]. Therefore, stochastic 

techniques for generating streamflow data that are broadly applied in developed countries are employed in this 

study rather than methods based on historical data [5,3]. Data generation models for within-year and over-year 
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reservoir system analysis must preserve the essential statistical characteristics of historical streamflow data at 

both annual and monthly levels. Hence, the combination of Auto Regressive Lag one (AR (1)) to generate 

annual flows and Valencia and Schaake (V-S) to disaggregate annual flows to monthly flows are applied in this 

study rather than using a single model to generate monthly flows directly like Thomas-Fiering[23,24]. The AR 

(1) model can be expressed by the following equation: 

)1()( 2

1   szqqqq iii
                                                                                                                   

(5) 

 

Where qi+1 and qi are the annual flows for the (i+1)th and ith years, respectively; q is the mean annual flows; zi 

is the standardized normal random variable; s is standard deviation of annual flows and ρ is lag-1 serial 

correlation of annual flows.  

In Equation (5) the annual streamflow data are first standardized and then normalized, so q = 0 and s = 1. 

The selected probability distribution function of annual flows is Pearson type III. Hence, to transform the 

standardized data to normalized form, Wilson-Hilferty transformation is applied [2]. The normalized annual data 

are then disaggregated into monthly flows using V-S matrix model [19, 1,23]. However, the generated data are 

still standardized and normalized. Therefore, they are transformed to Pearson III probability distribution using 

Wilson-Hilferty transformation and subsequently they are also converted from standardized form to ordinary 

monthly streamflow data. Finally, the synthetic streamflow data are generated employing combination of AR(1) 

and V-S models in 1000 sequences, each sequence equal in length to the historical data. 

 

Storage-Yield-Performance Analysis of Reservoir Systems: 

Storage-yield-performance analysis of reservoir systems was carried out using the modified Sequent Peak 

Algorithm (SPA) [25,26,10]. This technique can identify the storage capacity uniquely for streamflow data 

record and it can design for any time-based reliability as well as any vulnerability to specify the desired shortfall 

during the failure periods [6,11,27]. Eight monthly time-based reliabilities from 90% to 100% (90%, 93%, 95%, 

96%, 97%, 98%, 99%, and 100%) were applied in the analysis of reservoir systems. Moreover, seven annual 

demand ratios were also implemented between 0.2 and 0.8 of mean annual flow (MAF) with an increment of 0.1 

MAF. The need to restrict the range of the annual demand for the analysis was based on the evidence from a 

preliminarily analysis, which showed that generally for demands below 0.2 MAF no storage is required and 

natural river flow can satisfy the demand. On the other hand, demands above 0.8 MAF were mostly too high for 

the modified SPA to produce a unique value for the storage capacity.  

The monthly demands were assumed to be equal during all the months (i.e. assumed annual demand divided 

by 12). For all reservoirs, the 5% to 30% with an increment of 5% supply deficits during failure periods were 

examined in the storage-yield-performance analysis. For each study site, 1000 sequences of the synthetic 

monthly flows having the same length as the historical record were generated according to the previous 

section[5]. Subsequently, the reservoir systems storage-yield-analysis was carried out using modified SPA 

algorithm for the aforementioned time-based reliability and vulnerabilityindices and demands and 1000 

sequences of storage capacity were obtained for every case. Finally, the mean of the 1000 samples of storage 

capacity for every case is taken as the most appropriate estimate. 

 

Developing Storage-Yield-Performance Indices Regression Relationship: 

There are effective parameters that play a significant role in total storage capacity of reservoir systems. 

These parameters can be obtained by correlation matrix methods [25,16]. The parameters include standardized 

demand parameter, performance indices, thecoefficient of variation and skewness of annual flows. Standardized 

demand parameter (parameter m) can be obtained by following equation [28,18]: 

VC

D
m




1

              

(6) 

Where D is demand expressed as a ratio of Mean Annual Flow (MAF) and CV is the coefficient of variation of 

annual flows. 

Parameterm is the most important parameter in the critical period and by implication storage capacity. 

Therefore, a two-stage approach was adopted: first regression equations were developed for the storage capacity 

using only m as the independent variable [25]. The hypothesized regression models contained two parameters 

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 vulnerabilities and reliability indices. Secondly, the parameters 

of the regression models in the first stage were then used as dependent variables in further regression models, 

with the time-based reliability, vulnerability, coefficient of variation and skewness of annual flows being the 

independent variables. 
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RESULTS AND DISCUSSIONS 

 

Generated Sequences of Storage Capacities: 

 

The box plots notation developed by Tukey is applied to illustrate the empirical dispersion of storage 

capacities [29,30]. To generalize the results storage capacity is normalized by dividing to Mean Annual Flow 

(MAF). Figure 2 shows the empirical boxplots of the normalized storage capacity of study sites for different 

reliability indices and vulnerabilities in demand of 70% of MAF.  The boxplots depict maximum, minimum, 25, 

50 and 75 percentiles of generated storage capacities. The boxplots imply that both reliability and vulnerability 

are effective in storage capacity of reservoir systems i.e. with increasing reliability or decreasing vulnerability 

storage capacity increases. 

 

 

 
Fig. 2: Empirical box plots of storage capacity of study sites for different reliabilities and vulnerabilities in 

demand of 70% of mean annual flow 

 

Storage-Yield-Performance Indices Regression Relationship: 

Current storage-yield relationship, Equation (1), is limited to over-year storage capacity and does not 

include vulnerability index in estimating storage capacity. In the same way, Equation (4) is not an independent 

relationship to evaluate the total capacity and does not involve reliability and vulnerability performance indices. 

Nevertheless, according to simulation results presented in Section 1 both reliability and vulnerability indices are 

effective in storage capacity of reservoir systems in Malaysia. Hence, a new regression equation is developed to 

model the total capacity of study reservoirs applying both reliability and vulnerability measures and also 

coefficient of variation and skewness of annual flows. For the study systems, the total sample size is 1008 made 

up of 3 (sites) × 6 (vulnerabilities) × 7 (demand ratios) × 8 (time-based reliability indices). 

 

Regression equation between normalized storage capacity and parameter m: 

The initial regression model was formulated as: 

mB

N eA
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Where SNis normalizedstorage capacity; SC is storage capacity; MAF is Mean Annual Flow and m is 

standardized demand parameter (Equation (6)); e is exponential function; Coefficients of A and B are the 

variables that depend on reliability and vulnerability indices.  

The calibration of Equation (7) for every combination of reliability and vulnerability used 7 data points that 

relates to demands of 20% to 80% of Mean Annual Flows with an increment of 10% MAF which generally 

covers the required demand range during planning stage. The resulting regression models are shown in Figure 3. 

It should be noted that the Figure 3 relates to the time-based reliability of 98% and Vulnerability of 30%; 

however, the fits for other vulnerability and reliability indices are similarly excellent although. In general, the 

exponential regression fits are excellent, with the R
2
 ranging between 0.9886–1.0000. Table 2 contains the 

typical estimates of the regression coefficients A and B together with the R
2
 for the combinations of analyzed 

vulnerability and reliability indices. 

 

 

 
Fig. 3: Fitted exponential regression model for normalized storage capacity as a function of m for reliability of 

98% and vulnerability of 30% at study sites 

 
Table 2: Typical coefficients of A and B alongwith corresponding R2 for different reliabilityand vulnerabilityindices at study sites 

    Johor   Melaka   Muar 

Vu Re   A B R2   A B R2   A B R2 

0.00 1.00   3.05 -1.68 0.9969   3.35 -1.76 0.9909   3.57 -2.58 0.9912 

0.10 

0.99   3.06 -1.75 0.9984   3.35 -1.81 0.9909   3.62 -2.68 0.9926 

0.98   2.80 -1.72 0.9993   3.24 -1.83 0.9925   3.45 -2.68 0.9936 

0.97   2.62 -1.70 0.9992   3.08 -1.81 0.9934   3.23 -2.65 0.9929 

0.96   2.45 -1.68 0.9989   2.93 -1.79 0.9933   3.06 -2.61 0.9919 

0.95   2.32 -1.65 0.9985   2.79 -1.76 0.9927   2.93 -2.59 0.9912 

0.93   2.14 -1.62 0.9979   2.63 -1.73 0.9914   2.71 -2.54 0.9899 

0.90   1.99 -1.59 0.9971   2.49 -1.70 0.9895   2.46 -2.47 0.9886 

0.20 

0.99   3.11 -1.82 0.9986   3.36 -1.86 0.9907   3.64 -2.76 0.9929 

0.98   2.65 -1.78 1.0000   3.20 -1.90 0.9933   3.41 -2.78 0.9946 

0.97   2.33 -1.74 0.9996   2.91 -1.88 0.9953   3.08 -2.74 0.9950 

0.96   2.04 -1.69 0.9989   2.64 -1.84 0.9955   2.79 -2.69 0.9944 

0.95   1.82 -1.65 0.9984   2.40 -1.79 0.9948   2.59 -2.65 0.9938 

0.93   1.55 -1.58 0.9980   2.11 -1.72 0.9925   2.23 -2.56 0.9924 

0.90   1.31 -1.51 0.9975   1.31 -1.51 0.9975   1.87 -2.44 0.9906 

0.30 

0.99   3.21 -1.89 0.9980   3.37 -1.91 0.9904   3.61 -2.80 0.9927 

0.98   2.61 -1.85 0.9999   3.20 -1.99 0.9930   3.39 -2.85 0.9940 

0.97   2.19 -1.80 0.9990   2.83 -1.96 0.9962   3.03 -2.83 0.9955 

0.96   1.80 -1.73 0.9974   2.47 -1.91 0.9972   2.69 -2.79 0.9960 

0.95   1.52 -1.67 0.9964   2.14 -1.84 0.9967   2.44 -2.74 0.9961 

0.93   1.19 -1.57 0.9962   1.76 -1.74 0.9943   2.01 -2.64 0.9957 

0.90   0.91 -1.46 0.9973   1.45 -1.63 0.9899   1.56 -2.48 0.9950 

SN = 2.6130 e-1.8546m

R² = 0.9999
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Vu=Vulnerability; Re=Reliability 
 

Regression equations for A and B: 

Based on other effective parameters in storage capacity such as reliability, vulnerability,and applying 

coefficient of variation and skewness of annual streamflow data which also affect storage–yield, a linear 

regression model of the general type: 

 

 = o + 1 Re + 2 Vu+3 CV +4 SK           (8) 

 

was hypothesized where  is the dependent variable (i.e. A or B), Re is the time-based reliability, Vuis the 

Vulnerability and o,1,2,3 and 4 are the regression coefficients; CV is coefficient of variation of annual flows;  

SK is skewness of annual flows. Equation (8) was calibrated using all of the available data points for study sites, 

i.e. 144 (3(sites) × 8 (reliability indices) × 6 (vulnerabilities)). Summary of estimates of the regression 

coefficients in Equation (8) are shown in Table 3, while Table 4 contains relevant statistics of the regression 

equations, such as the R
2
, the standard error of estimate (SEE), the F-statistic , degree of freedom (DF) and the 

probability that a high value of 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 (see 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 effective in 

regression analysis. 
 

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 

 -12.48 -17.19 1.98   1.49 10.08 1.98 

 14.42 19.85 1.98   -2.54 -17.16 1.98 

 -1.88 -8.29 1.98   -0.54 -11.74 1.98 

 4.59 8.84 1.98   -1.35 -12.78 1.98 

 -0.10 -1.80 1.98   -0.53 -47.85 1.98 

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

    A B 

R2   0.85 0.99 

SEE   0.26 0.05 

F-stat   190.9 2477.4 

DF   139 139 

FDIST   0.00 0.00 

 

Predicting Storage Capacity 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 predict the storage capacity. By joining the results of the two stages in the regression analyzes, the 

resulting regression equation for predicting the normalized Storage Capacity becomes: 

 
)53.035.154.054.249.1(

)1.059.488.142.1448.12( KVue SCVRm

KVueN eSCVRS



                         

(9) 

 

Where, SN is normalized storage capacity (i.e. total storage capacity divided by mean annual flows); m is 

standardized demand parameter (Equation 6), Re is time-based reliability between 0.9 and 1; Vuis vulnerability 

between 0 and 0.3; CV is coefficient of variation of annual flows;  SK is skewness of annual flows. 

This equation was then used to predict the Storage Capacity of the study sites, and the results are exhibited 

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 storage capacities corresponding to within-year systems. This is encouraging given that it is 

for this range of storage capacities or type of behavior that no documented expressions exist for the prediction of 

the storage capacity involving both reliability and vulnerability indices. The R
2
 obtained over the complete 

range of the Storage Capacity prediction is high, being 0.9856 for study systems. 
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Fig. 4: Performance ofprediction equation for storage capacity at study systems 

 

Conclusion: 

A regression model has been developed to model total storage capacity for use during reservoir planning in 

the Sothern part of Peninsular Malaysia. This regression model offers an interim solution of a Storage-Yield-

Performance measure (SYP) relationship for systems having both within-year and over-year behaviors. The 

basis of the data for calibrating the regression model was the SYP analysis of 1000 sequences of synthetic data 

from three Malaysian rivers using the modified SPA. The regression model was then calibrated applying the 

mean of 1000 sequences of storage capacities for every site. The streams cover a range of annual flow 

variability from 0.30 to 0.48 and a range of annual flow skewness from 0.48 to 2.03; hence the regression 

models might be applicable in other similar hydrological regions of Malaysia having an annual coefficient of 

variation and skewness within this range. Moreover, the model is calibrated for demands from 20% to 80% of 

Mean Annual Flow; time-based reliability indices from 90% to 100% and the vulnerability indices between 0% 

and 30%. Therefore, this model could cover the required range of demands and performance indices during the 

planning stage. In general, the performance of the regression model for predicting the total (within-year + over-

year) capacity was very good. This is promising given there is currently no equation to predict total capacity 

involving both reliability and vulnerability measures, based on a Monte Carlo simulation in Malaysia as best of 

the authors’ knowledge. 
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