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1. Introduction 

Stochastic streamflow models have been widely applied in several decades to forecast the hydrological activities 

[1]-[3]. The synthesizing of streamflow series becomes significant information in preparing a proper plan of flood 

mitigation, irrigation, reservoirs management, and hydropower generation [4]. The models were derived using discrete 

time scale by sampling the continuous process y(t) at discrete points in time or by integrating the continuous time series 

over successive time interval [5]. The stochastic streamflow models were classified into 2 groups known as 

disaggregation and aggregation models based on the extraction data input. The disaggregation model refers to the 

ability model to disaggregate the inflow series in term of annual to season, month to daily, daily to hour, and station to 

sub-stations. Meanwhile the aggregation model is the direct model where the generated inflow series depends on the 

historical record such as annual to annual and season to season to avoid the application of coefficient into the model.  

The first stochastic streamflow model was introduced by Thomas and Fiering in year 1962 known as Thomas-Fiering 

model or PAR(1). It uses Markovian nature with periodic parameters in term of mean, standard deviations and the lag-

Abstract: Pedu-Muda reservoirs responsible to supply sufficient water capacity during paddy cultivation period 

twice a year. Thus, improper management and operation of the reservoirs creating the scarcity issue of water 

availability especially during dry season. Synthetic streamflow being as a main role in predicting the capability and 

sustainability of these reservoirs to cope the demand. This study evaluated the performances of stochastic 

streamflow model to produce the synthetic streamflow generation. Two comparable models; Valencia Schaake 

(VS) and Thomas Fiering (TF) represented for disaggregation and aggregation models, respectively. Each model 

was analyzed for 100 times of simulation to generate the long-term synthetic streamflow. There were 3 basis of the 

statistical analyses consist of lag one correlation, mean, mean absolute error (MAE), and standard deviation (St.D) 

of annual and monthly levels for both models were evaluated to compare the model performances. The results 

revealed the generated streamflow series by VS models had better performances to the historical streamflow record 

than the TF model in term of annual and monthly excepted on Feb, Aug, Sept, and Oct with less correlation values. 

The errors of these months between historical and generated correlation values are in the range of 0.14 to 0.20. 

However, both models can preserve a good agreement to the mean even the range of monthly streamflow were 

overestimated/underestimated by VS and TF models respectively. The average annual generated streamflow is 

predicted to reduce 0.7% (by VS) and 2.4% (by TF) from the historical record.  
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one backward to form a regression model [6]. The application of Thomas-Fiering model is extensively used because the 

model requires limited samples and potentially to simplify the parameter estimation [7]. The model preserves the non-

stationary of generated streamflow in term of mean, variance, and covariance at lag one [8]. Then, several types of 

classical model were developed to solve the hydrological problems in term of accuracy such as autoregression moving 

average (ARMA), periodic (PARMA) or contemporaneous (CARMA), autoregressive integrated moving average 

(ARIMA), shifting mean (SM), and gamma autoregression model (GAR). However, the aggregation models only can 

preserve the relevant statistic characteristic at the same level of aggregation. For example, the monthly synthetic 

streamflow could preserve the mean, standard deviation, skewness, and correlation to the historical monthly record but 

not in the annual synthetic streamflow. 

The disaggregation models were developed to solve the complexity of the hydrological process in the spatial and 

temporal space. There are Valencia Schaake [9], Mejia-Rousselle [10] and Lane [11]. These models were applied in 

several reasons and purposes. [12] in their study were disaggregated the daily rainfall into hourly rainfall data due to 

insufficient data record. The stochastic results are expected to accurate and reliable if the region was dominated by 

consistence of the hydro climatic processes. [13] were practiced disaggregation model to disaggregate the daily rainfall 

series into regional hourly rainfall to trace the storm pattern. [3] revealed the Valencia Schaake model preserved high 

correlation coefficient and small error about 0.98 and 15% respectively.    

Therefore, the main aim of this study is to evaluate the performance between Valencia Schaake model with the 

Thomas-Fiering model in generating the synthetic streamflow over 100 times simulations. The Valencia Schaake and 

Thomas-Fiering models were selected as represented the disaggregation and aggregation techniques respectively. The 

comparison of synthetic streamflow generation is very important in preparing the reliable reservoir management for the 

long-term planning. 

 

1.1 Study Area 

The study focused on the Pedu and Muda river, Kedah which contributed to the Pedu-Muda reservoirs, 

northwestern part of peninsular Malaysia. The reservoirs responsible to irrigate sufficient water demand for Muda 

Irrigation Scheme area, the largest paddy cultivation under Muda Agriculture Development Authority (MADA, 

Kedah). The combination systems between Pedu reservoir and Muda reservoir had been built because the Muda 

Reservoir has large catchment area with low storage capacity which requires water supply from Pedu Reservoir that 

having large storage capacity with small catchment. To enhance the water ability, Muda reservoir storage reacts as a 

back-up to the Pedu reservoir storage especially during dry season through to the Saiong Tunnel.  

These reservoirs were built at the upstream of Pedu River and Muda River in 80km to the east of paddy field. In 

general, the monthly pattern of streamflow exhibits the curve where the quantity starts decrease in February, then 

escalates in November and December. At Pedu-Muda reservoir, the monthly streamflow data is based on the Pedu-

Muda net inflow in year 1972 to 2000. The flow entering Pedu-Muda reservoir during these years are in the range of 

190 to 400cumecs/year. The net inflow is practicing in this study because the flow of Muda reservoir will enter 

automatically to the Pedu reservoir through to the Saiong Tunnel without any controlling/management. All the data 

were provided by Muda Agriculture Development Authority (MADA, Malaysia). Fig. 1 illustrates the location of Pedu-

Muda reservoir. 

 

 

Fig. 1 - Location of Pedu-Muda reservoirs  
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2. Synthetic Streamflow Series using Valencia Shaake 

A sequence flow of reservoir was generated by using spatial disaggregation technique known as Valencia Schaake 

model (VS). It was selected because the model has an ability to divide the annual flow into finer scale time series (in 

month) within year based on cross-correlation concept. The undemanding data series, easier understand and simple 

application make VS model becomes well-liked method in recent years ago. Besides, the model can generate unlimited 

stochastic flow by using limited historical flow time series. The potentials of VS model with other available 

disaggregation techniques were proved by [13], [14]. The basic form of VS is: 

 

t t tY AQ B   (1) 

 

where:  

tY = a seasonal flow value which sum to 
tQ  

tQ = annual of flow value of year tth 

Meanwhile, t refers to the m x 1 matrix of independent standard normal deviates, A and B are referred to the parameter 

matrices with dimensions of m x 1 and m x m respectively by methods of moment (MOM) with m refers to the 12 

months in a year. The parameter matrices of A and B were estimated by the following equations: 

 
1

0 0( ) ( )A M YQ M Q  (2) 

 
1

0 0 0 0( ) ( ) ( ) ( )TBB M Y M YQ M Q M QY   (3) 

 

Three steps involve in VS model; analyze, fit and generate. First step, the flow time series will be analyzed using 

basic statistical parameters to observe the properties of historical flow in general. These are mean, standard deviation, 

coefficient of variation, and skewness. The streamflow data series is tested for normality using normal probability 

paper and normality test. Four types of transformations agent were engaged in this analysis there are logarithmic, 

gamma, power, and box cox to normalize the data series. The normality result is presented in skewness and filliben test 

at 10% of significance level.   

In the second step is a fit stage. Fitting refers to the model selection where in this analysis the water flow time 

series will use VS model to disaggregate the inflow data series from annual to monthly. The model uses coefficient 

value to disaggregate the data using temporal disaggregation. It classifies as indirect modeling because the annual data 

of site study can depend on annual data at another site and the seasonal data is correspond from the annual data. The 

method of moment (MOM) is used to estimate the model parameters. In the fitting stage, the performances of the 

method are tested based on the mean, standard deviation and correlation of the generated results with the observed data. 

For the final step, the historical flow series are generated to unlimited time series without require calibration and 

validation process.  

 

3. Synthetic Streamflow Series using Thomas Fiering  

Thomas-Fiering (TF) model is a classical method that uses to generate synthetic flows time series based on the 

linear regression equation. It is also known as periodic lag-1 autoregressive model or noted as PAR(1). The equation 

for the next month seems like depending on the backward monthly flow volume. For example, flow in February is 

relates with the flow in January and continue for the next month. The equation of TF model was showed as follows: 

 
1

2 2
1 1 11 ( ) (1 )t t t t t t ttQ Q b Q Q s I r        (4) 

 

where: 

1tQ  and tQ = synthetic mean flows for month 1t  and t  

1t
Q

 and t
Q = observed mean monthly flows for month 1t  and t  

tb = observed regression coefficient of tQ  on 1tQ   

1ts  = observed standard deviation of flow for month 1t   

1tI   = value of random deviate at 1t   ( 1tI   has zero mean and unit variance) 

tr  = observed correlation coefficient between 1tQ  and tQ  

It was classified as aggregation model because the formation of annual flow obtained from the summation of monthly 

or seasonal flow. By applying this model, the generated data flow is direct formation like month to month, season to 
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season, and annual to annual. Moreover, the generated data is only focusing on that particular station without able to 

subdivide or disaggregate.  

 

3.1   Performance Evaluations 

To evaluate the performances of the model, the correlation at lag-1, mean absolute error (MAE) and standard 

deviation (St.D) were computed based on historical and generated streamflow record over 100 times simulations. The 

function of correlation at lag-1 is to measure the association between the monthly coefficient and the seasonal 

characteristics. MAE is to measure the accuracy of continuous variables through the average of errors between the two 

sets of data. It is relatively simple mathematic equation that widely use in forecasting analysis. The consideration of 

average error makes the reading is representing the whole disparity of two data sets. Meanwhile, St.D is to measure the 

widespread and distribution of a data estimation. It can show the range of variation from the observed mean value for 

the entire data. Smaller value of St.D indicates the majority of estimation data are very close to the mean of the 

estimation data set. The formulas of these mathematical statistics were presented in Table 1. 

 

Table 1 - List of statistical analyses 

Name Formula Description Eq. 

Correlation at lag-k 
 

,

, 2

0, 0,

k t

k t

t t

m
r

m m k


   
,k tm = sample variance at month t (5) 

MAE 
1

( )esti histiX X
n

  
estiX = estimated of streamflow at i month 

histiX = historical streamflow at i month 
(6) 

St.D 21
( )est estX X

n
  

estiX = estimated of streamflow at i month 

estX = estimated of mean streamflow at i month 
(7) 

 

4. Results and Discussions 

Pedu-Muda reservoir inflow series were generated using VS and TF models. These models belong to the family of 

disaggregation and aggregation model respectively. During the analysis, the data set was transformed for normality by 

using transformation agent; power agent during month of Sept, Oct, and Nov and logarithmic agent during month of 

Jan, Feb, Mar, Apr, May, Jun, Jul, Aug, and Dec. Table 2 shows the performance of transformation agent for each 

month. The purpose is to normalize the distribution of data set to minimize problem in the parameter estimation. To 

analyse the generated Pedu-Muda net inflow series, the statistical characteristics of transformed and untransformed 

types were evaluated graphically. 

 

Table 2 - The transformation agent in disaggregation model 

Month 
Type of 

transformation 
Skewness 

Filliben 

value 

Test 

result 

Jan Log -0.05 0.99 Accept 

Feb Log -0.08 0.99 Accept 

Mar Log -0.17 0.98 Accept 

Apr Log 0.01 0.99 Accept 

May Log -0.07 0.99 Accept 

Jun Log -0.03 0.98 Accept 

Jul Log -0.29 0.99 Accept 

Aug Log 0.05 0.99 Accept 

Sep Power 0.35 0.99 Accept 

Oct Power 0.05 0.99 Accept 

Nov Power 0.22 0.99 Accept 

Dec Log -0.11 0.99 Accept 
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Fig. 2 reveals the stochastic average inflow produced by untransformed data was in good agreement to the 

historical average inflow in term of mean and standard deviation analyses compared to the transformed data. 

Obviously, the mean monthly inflow produced by untransformed data gave better accuracy than the transformed data. 

The inflow volume estimated by the transformed data is slightly lower than historical inflow especially in May to Oct. 

The error might occur due to the coefficient adjustment that applied in the transformation process. The annual net 

inflow produced by untransformed and transformed results are 683.5 MCM/year (-10% from historical) and 669.0 

MCM/year (-12% from historical) respectively. The highest and lowest average inflow were recorded on Nov and Feb 

respectively. Based on the standard deviation performance, the result reveals the widespread of the simulated result by 

untransformed data consistent to the historical trend in a good agreement. However, the transformed data was slightly 

underestimated the standard deviation value through a year except in Jan, Feb, Mar, and Oct.  
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Fig. 2 - Comparison of monthly mean and standard deviation of Pedu-Muda inflow 

 

Fig. 3 shows the spreading error in the form of box plot for every month produced by untransformed and transform 

simulation data. Obviously, the untransformed data produced smaller error in every month compared to the transformed 

data. Applying the untransformed data, the error of simulated value is estimated high in Aug to Jan. But, the error 

produced by transformed data was estimated higher than untransformed data according to the month. Thus, the 

untransformed data is expected to produce better simulated result compare to the transformed data due to the smaller 

wide range of monthly error. 

These statistical characteristics results confirmed that the untransformed data leading in accuracy and reliability of 

flow generation. Further, the monthly error could be minimizing with set aside the monthly coefficient factors in the 

analysis. Therefore, the untransformed data will be used to generate the synthetic streamflow of Pedu-Muda based on 

VS and TF models. 
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Fig. 3 - Error dispersion of (a) untransformed data (b) transformed data with the historical inflow record 

 
4.1 Streamflow Generation  

With applying untransformed data series, the synthetic streamflow of Pedu-Muda reservoir was generated to 100 

samples of seasonal (12month) data for each 30 years length record. To simulate the VS model, two autoregressive 

(AR) models were considered in the fitting stage of untransformed data there are AR(1) and AR(0). The Akaike 

information criterion coefficient (AICC) was used as an agent to measure the goodness of fit of the model. The smallest 

value of AICC is considered as good analysis to generate the synthetic inflow series. Therefore, the AR(0) model 

displayed a best performer that produced lower AICC value (341.0) than AR(1) is 342.1. Hence, the AR(0) model was 

selected to generate the VS model. Meanwhile, the TF model was used the periodic lag-1 autoregressive model or 

noted as PAR(1). The AICC by this analysis is 342.1. 
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To ensure the accuracy of the simulation, the generated synthetic inflow series produced by VS model and TF 

model were compared to the historical record by correlation of lag-one season to season to season shown in Fig. 4. As 

overall, the results reveal the generated monthly inflow time series using VS model was successfully preserved a good 

agreement to the historical record for the whole months excepted on Feb, Aug, Sept, and Oct with less correlation 

values. The errors of these months between historical and generated correlation values are in the range of 0.14 to 0.20. 

The correlation value produced by TF model is predicted consistent to the VS model but with the lower correlation 

value especially in Aug and Nov. The highest errors between the historical and generated correlation value produced by 

TF model is 0.4 during Nov. Even though, the generated synthetic inflow series produced by VS and TF models are 

considered acceptable to be used in this study. 
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Fig. 4 - Comparison of monthly lag one season to season correlation using VS model and  

TF model with the historical value 

 

Table 3 shows the statistical comparison between VS and TF models in term of annual and seasonal of generated 

synthetic streamflow series. The mean absolute error (MAE) and standard deviation (St.D) were used to compare the 

model performance. The results claim the VS model preserved better generated streamflow volume for annual and 

seasonal levels than the TF model. Similarly, the MAE and St.D of seasonal streamflow is predicted lower than annual 

generated flow may affect from the historical monthly streamflow that was practiced in this study.  

 

Table 3: Statistical comparison between VS and TF models 

Statistical Analysis VS model TF Model 

Annual 

(MCM/year) 

MAE 143 146 

St.D 142 144 

Seasonal 

(MCM/year) 

MAE 2 3 

St.D 33 34 

 

Fig. 5 shows the generated 100 series of synthetic inflow based on 30years length record for both models. The 

synthetic inflow is estimated to high/low inconsistently during 100 of generation results based on the historical inflow 

pattern. The synthetic inflow series produced by VS model and TF model are predicted to produce similar trend. 

Generally, the annual flow is predicted to reduce at the end of 100years.  The minimum and maximum flows are 

estimated as 400MCM/year and 1100MCM/year respectively. The highest annual inflow is estimated to experience in 

upcoming year period of 38 and 83 achieve more than 1050MCM. The generated inflow expected to drop less 

400MCM/year at upcoming year period of 73 and 75. Even thought, the overall generated inflow series was reflected 

the historical record. This is because the formulation of synthetic inflow time series was completely depends on the 

historical inflow record as input without considers any climatic factors. Therefore, the average annual generated 

synthetic inflow is 761MCM/year (reduced 0.7% from the historical record) and 748MCM/year (reduced 2.4% from 

the historical record) for VS model and TF model respectively. 

Fig. 6 presents the range of monthly streamflow for VS and TF models compared to the historical mean 

streamflow. Generally, the streamflow pattern of Nov and Dec are experienced to receive higher average inflow 

volume meanwhile month of Feb and Mar as the lesser average inflow volume. From this figure, the average inflow 

volume that estimated by VS and TF models have good agreement to the historical record after 100times simulations. 

Month of Nov is predicted to overestimate and underestimate by VS and TF models respectively with smaller error. 

The synthetic inflow produced by VS model is also expected higher than TF model in month Jan, Feb, May, Jul, Aug, 

Nov and Dec. The higher different inflow volumes between VS and TF models are estimated in Jan, Feb, May, Aug 

and Dec with the range of 6 - 46MCM/month.  
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Fig. 5 - Generated 100 series of annual inflow using VS model and TF model 

 

 

Fig. 6 - Box plot for average generated monthly inflow using VS model and TF model 

 

5. Conclusion 

The performances of the VS and TF models in generating the synthetic streamflow time series were investigated 

and presented in this study. The comparison among these stochastic models is very necessary to ensure the reliability of 

the reservoir management planning. There were 3 statistical analyses were considered to measure the performances 

among models; monthly lag one season to season correlation, MAE, and St.D in the annual and seasonal comparison. 

The results proved the untransformed data yield the most accuracy to estimate the synthetic streamflow without require 

any transformation agent. The use of original data can control the reliability and accuracy in the analyses. The 

application of monthly coefficient factors in the analysis could raise the monthly error even the normalized data set 

produced better skewness and Filliben test value than the actual data set.  

In this study, 100 series of synthetic streamflow for Pedu-Muda reservoirs were generated by both models to obtain 

the streamflow series in the long-term. By this, it can preserve the accuracy of the findings based on average 100 times 

simulation. The statistical analyses proved the VS model produced better generated synthetic results in the annual and 

seasonal levels than the TF model with lower value of MAE and St.D. Even the generated mean monthly streamflow by 

the TF model is well to the periodical mean of historical data, but the generated synthetic streamflow was generally 

underestimated compared to the historical annual streamflow.         
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