
Proceedings of the International Conference on Information and Automation, December 15-17, 2006, Colombo, Sri Lanka. 1 

 
1. Abstract: The objective of this research is to model a 

cascaded hydro power generating reservoir system in order to 

get the maximum usage of the stored hydro potential to 

generate electricity. In this study, two models have been 

developed. First model to schedule the generator loads and the 

second model to, predict the water levels of the ponds. Then, 

both models have been   integrated to dynamically simulate  the 

variation of pond levels and to explore  the feasibility of 

maximizing  generation electricity under the given 

circumstances.  

 

In this research a range of   historical data available, have been 

used to investigate and to evaluate the correlation between 

inputs and outputs. As this is a multi dimensional ,non-linear 

multi input/output (MIMO) system, application of Artificial 

Neural Network (ANN) technology to model this system is 

explored by discovering a working mechanism of the system 

from the examples of past behavior. Then, by coupling the 

above two neural network models, developed for generator load 

scheduling and pond water level monitoring, system was 

dynamically simulated to explore the feasibility of maximum 

electrical power generation, while keeping the pond water 

levels stable,  within the feasible operating constraints.  

  

Key words: Cascaded hydro-power systems, Optimum model, 

Nonlinear systems modeling, Neural networks, Predicting and 

Scheduling, Electricity generation. 

I. INTRODUCTION 

Laxapana Hydro power generating scheme is a cascaded 

system that, operates under three (3) levels as shown in Fig 

1. The main two branches of the cascade starts at the upper 

most reservoirs which deliver water to the Wimalasurendra 

(PH1) and Canyon (PH2) power houses respectively; the 

first level of the cascaded system. The water discharge 

through PH1 and PH2 machines is being collected at Norton 

(pond 1) and Canyon (pond 2) and is released for electricity 

generation to the second level of the cascaded system PH3 

and PH4 power houses respectively. The above two main 

branches join at Laxapana forming pond 3, where the 

discharge of PH3 and PH4 are being collected and fed to the 

lower most power house and the third level of the cascaded 

system. The total installed capacity of power generating 

scheme is 325 MWs. At present the country’s electricity 

demand is met by a mixture of hydro and thermal. During 

the rainy season these reservoirs and ponds tend to spill, if 

the balancing and monitoring was not done properly. Hence, 

proper controlling of water levels with the power generation 

is vital to operate the power system economically.  

 

At present there is no any formal methodology used for 

scheduling generator loads and balancing/monitoring pond 

water levels at all, rather than using rule of thumb methods 

developed according to the past experience. Table 5 shows 

some characteristics of the system. As this is a cascaded 

system operating under three levels and due to complexity of 

the other parameters which affects to the characteristics of 

the system, a well defined methodology is required to 

operate the system economically. Rainfall is an uncertain 

and random factor one which influences to the 

characteristics of the system and hence to the operation of 

the system. The system is made up of subsystem with non-

linear characteristics such as ponds, reservoirs, turbines 

generators and the   system is multi-dimensional in nature. 

Input variables have cyclic patterns such as variation of 

water levels, variation of daily load pattern and weekly load 

pattern etc.  Artificial Neural Network (ANN) is a 

technology that is capable of discovering patterns in a set of 

data if such patterns exist [1] [2]. ANN is a learning system 

that tactically discovers the working mechanism; 

characteristics of a system from examples of the past 

behaviors, Thus for a complex multi-dimensional system, for 

which explanatory theories are lacking, but data regarding 

past behaviors is available, ANN is a powerful tool of 

investigation. The recent interest in the use of artificial 

neural networks in this nature of problem has a rapid growth 

where other conventional modeling techniques are not 

successful. In addition to function approximation and 

regression it has other useful capabilities [11]. However in 

this research the   attention is focused only of its non-linear 

function approximation capability as a   learning   system. 
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This paper is devoted for developing a model to simulate the 

behavior the system using ANN (Artificial Neural Network) 

technology [14].  

 

Reservoir 1-Castlereigh, Reservoir 2-Moussakele, Pond1, PH1-Norton, 

Pond2, PH2-Canyon, PH3-Old Laxapana, PH4-New Laxapana, Pond3 

–Laxapana, PH5- Polpitiya 

 

Fig 1: Laxapana Cascaded hydro power generating system 

 

II. DETERMINATION OF NN ARCHITECTURE 

A   Overview of  modeling 

In this research this problem is considered as a system 

identification problem, with non-linear multi-dimensional 

inputs/outputs.  To simplify the modeling process, system is 

decomposed into two models; (1) for predicting the 

individual generator loads for existing pond water levels and 

other inputs as shown in Fig 3, (2) for predicting the 

variation of pond water levels for a given set of generator 

loads and other existing inputs as shown in Fig 4.  

 

B   General Framework for ANN model 

 

A multi-layer feedforward network consists of input layer, 

out put layer and several hidden layers. The input layer 

passes their output to the first hidden layer or (with skip 

layer connection) to direcly to output layer. Each of the 

hidden layer units takes a weighted sum of its inputs, add a 

constant (the bias) and calculates a fixed function Фh of the 

result. This is then passed to the hidden units in the next 

layer or to the out put unit(s).The fixed function is given by  

 

( ) ( ) ( )( )zzzf −+= exp1/exp                                       (1) 

 

The output units apply a threshold function Ф0  to the 

weighted sum of their inputs plus their bias. If the input are 

pi  and outputs are ak   for one hidden layer , 
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i ,j,k denotes number of input ,hidden layer and output layer 

units. Following equation gives general form of a multi layer 

neural network. 
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(1),(2),(3) denotes the layer numbers and others are usuall 

notations. 

 

III      TRAINING THE  NN 

A   Training model 1 

Following Fig 3 shows the inputs/outputs selected for 

developing the  model 1 for scheduling the generator loads.  

 

 
 

Fig 3 : General architecture of the model 1 

 

 

 
 

Fig 4 : Inputs / outputs for water level predicting model 2 
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Number of  hidden layers and the number of neuron in each 

layer was determined by trial and error. Initially, on training 

the networks the learning rate (η) was set to 0.01. Early 

stopping method [2] was used to stop the training and 

‘trainbr’ algorithm was used as the training algorithm [13]. 

A data set consisting of 1000 records were selected for 

training the NN. The best NN architecture was determined 

from results shown in Fig 5.  The lowest training, validation 

and testing errors obtained are (i.e. Training error = 2.67, 

Testing error=1.4 , Validation error = 2.01 SSE ) According 

to the results ’30-26-20-13’ gives the best performance for  

η=0.01 which is the default Learning rate of  Matlab NN 

tool box [3][9].  

 

D   Effect of  Learning rate 

Learning rate plays a vital role in back propergation training, 

the weight updating characteristics is given by the ‘delta 

rule’ as given below  by the equation [4],  

 

ptaw kiiii
)( −−=                                            (4) 

 

where η is the learning rate , ai  and ti  are the actual and 

target values correspond to the  kth component of the ith 

training vector. ∆wij  is the change in the  weight to the 

corresponds simulated output ai.  

 
 

Fig 5 : NN Architecture Vs performance 

 

Fig 6 shows the results obtained by training the ’30-26-20-

13’ model for different learning rates. When the η = 0.18, 

SSE reaches a minimum giving the best performance.  

 

B   Training model 2 

Then, the same procedure was adopted as earlier for training 

the model 2. In this case pond water level variation is a 

continued non-linear variation where as in the previous 

model the generator load variations are discrete and non-

linear. Hence, early stopping method with the ‘trainbr’ 

algorithm was used to train the network with the default 

learning rate, of η = 0.01. The training, validation testing 

errors were reasonably low. (Training SSE = 0.610544, Test 

SSE = 1.49636, Validation SSE = 0.0814324) for Canyon 

pond model.  Therefore, need of changing η did not arise in 

this case.   

 

 
 

Fig 6: Performance for different learning rates 

 

 

IV   SIMULATION RESULTS 

 

A    Model 1 Performance 

There are 13 generator units in the system. In order to 

reduce the number of outputs and to improve the accuracy, 

loads of the Old Laxapana (PH3) generator  out puts 5 to 9, 

consisting of total capacity of 50 MW have been summed up 

and taken as one output for evaluating the performance. The 

results presented in Table 1 shows the correlation between 

actual and simulated outputs obtained by feeding  the test 

data . 

TABLE 2 

TYPICAL THERMAL UNIT COSTS 

Pond model CORELATION COEFFICIENT ( R ) 

Canyon 0.983 

Norton 0.973 

Laxapana 0.997 
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B     Model 2 Performance 

A set of test data was fed into each of the pond models and 

performance was evaluated. The regression analysis results 

in Table 2 shows  the correlation between actual water level 

variation and the simulated variation.  

 

C.   Maximizing Power Generation 

            

To examine the feasibility of increasing electrical power 

generation we intergrated the NN model 1 and 2 as shown in 

Fig 7  Initial water levels of the ponds with other input fed 

into the model 1. Then, outputs of model 1 (generator loads) 

were fed into model 2. This process was carried out 

iteratively for a specified time period of 120 hours (240 

number of records ) with a sampling period of 30 minutes. 

The dynamic simulatin results obtained is shown in Fig 8. 

After that, Pt 

                   

=

=
13

1k
kt Lp

                                          (5) 

 was increased by several steps while keeping all other inputs 

same and the system behavior was dynamically simulated 

using the integrated model. Corresponding water level 

variations of the ponds were recorded. Fig 9, and 10 show 

the water level variations corresponding to 16% increase and 

20 % increase respectively. 16% increase is the maximum 

possible increase for the considered duration while keeping 

pond water levels stable. (within minimum operating level 

MOL and spill level ) 

  

Canyon pond
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Laxapana 
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initial pond levels
at  t

Loads at t
Generator

pond

 
Fig 7 : Integrated Model for dynamic simulation  

 

V    DISCUSSION 

 

It can be seen from Fig 9, that when the value of Pt  (i.e. 

total load is increased by 20 % Canyon pond level reaches to 

the spill level and becomes unstable. So that water level of   

Canyon pond has become the limiting factor for power 

generation during this period. Hence, the maximum feasible 

generation increase is  by 16 % while keeping the ponds 

stable. It is shown in Fig 10.   

 

When the total Load Pt is increased by a fraction ,all 

individual generator loads contributes to that increase. 

Hence, for a known load pattern we can find out best 

possible loading  schedule for individual generator units 

which would help operate the system economically.    

 

The percentage   excess   energy   ΔΕ, generated due to 16% 

increase  is given by   the area between lowest and middle 

curves in Fig 11 , which is equal to , 

 

( ) ( ) ( ) 100)./)..((
00max

max
xTtTtTt pppE  −=

                                                                                           

(6) 

where ,  Pmax      -  power generated with maximum increase,   

P0       - power  generated according to past performances 

ΔΕMa  - excess energy generated due to increased generation  

T        - Sampling period (30 minutes) 

 

Obtaining the normal and   power corresponding to  

increased generation from the excel sheet ,  890 x 0.5 x 50  

and  767 x0.5 x 50  respectively . 

 

Percentage energy increase,    ΔE  = [ ( 890 – 767 ) / 767 ]  x 

100  =  16.0  %   

 

From the above result it can be noted that, when the value of 

Pt is increased, the actual generated energy also increases by 

the same percentage. In this case the maximum possible 

increase is   16 %.   

Amount of excess energy generated is given by,  

 

TABLE 3 

TYPICAL THERMAL UNIT COSTS 

Plant Type Small GT  GT7   Combine cycle   Barge/Asea    Diesel 

Cost 

U$cts/KWh 

 

      22        17             9.75                  6.35            6.50 

 

 

TABLE 1 

PERFORMANCE OF MODEL 1 

Generator 

No 
CORRELATION COEFFICIENT ( R ) 

1 0.978 

2 0.882 

3 0.989 

4 0.993 

5 0.938 

6 0.981 

7 0.978 

8 0.978 

9 0.995 
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Substituting the values from the excel data sheet for the 120 

hour period considered,  

 

ΔΕ Max    =  890 – 767  =   123 x 0.5 x 50 MWHrs  

              =  3075  MWhrs 

 

Now, if we consider the average value of a thermal unit cost, 

using the typical values given in the Table 3 obtained from 

SCC (system control center) CEB,  which depend on various 

thermal and hydro unit commitment   constraints.  Similarly 

unit cost  of a hydro unit also vary in a wide range 

depending on the water value variation over the time under 

different conditions as shown in Table 4. ( arrow mark 

denotes whether the storage capacity  is on the increase  or 

decrease )  

 

 

 

 

 

 

 

Hence, depending on the   relative values of   thermal and 

hydro unit costs the economic benefit varies. Consider the   

situation given in the second raw of Table 4, where the water 

levels are in the rise and the storage capacities of   

Castlereigh and Moussakele are 94% and 96 % respectively.  

Then,  assuming a average thermal unit cost of  U$cts 12.00 

considering the typical values given in Table 3 the energy 

saving would be,  

 

      = ( 3075 x 1000 ) KWHrs  x  (12.00 – 7.44)  U$cts/    

KWHr   

      =   140,220 U$  / 120 hrs 

Saving,  

      = 28,044  U$ / day   (for the period considered) 

 

VI  CONCLUSION 

 

The problem considered here is a multi-dimensional system. 

Some of the inputs to the system are random and uncertain 

factors and hence can not be mathematically formulated 

using conventional methods as explanatory theories are 

lacking for the input output   relationship.  

 

This investigation has been carried out based on the 

historical data or past examples; considering the behavior of 

the system under different conditions. Due to the 

advancement of information technology and due to 

improvement of computational and data processing   power   

has made this type of approach possible. In this study two 

neural network models   were   developed    

 

Then, above two models were integrated to dynamically 

simulate the pond level variation with different generator 

load patterns for a pre-defined period. From the above 

analysis maximum feasible   power generation   at any given 

set of inputs or a state was   calculated. According to the 

results of the calculation it was   found that,   16 %   increase 

in power generation could   be achieved while keeping the 

ponds stable under the same input conditions for the period 

considered. When evaluating the economical benefit, the 

relative unit costs of thermal and hydro have to be 

considered which depend on unit commitment constraints 

and water value respectively.  This model optimizes the 

usage of water by generating the maximum possible 

electrical power, while keeping the water levels of the three 

ponds stable. During a period where the upper main two 

reservoirs are spilling or about to spill, extracting the 

maximum possible usage of water by generating the highest 

possible electrical power would be an obvious economical 

benefit irrespective of the thermal unit cost or the prevailing 

water value. In other situations the economical   benefit    

depends on the relative prevailing water value and the 

thermal unit cost   which involves with the unit commitment 

constraints. Typical values have been used in the above 

calculation. According to that in a situation where the 

reservoir levels are at 95 % the saving is U$ 28,044  /day. 

When the water levels increase further and as the water 

value goes down the economical benefit due to increased 

generation would be higher.  
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Fig 8 : Dynamic simulation results of the integrated model 

 

 

 
 

Fig 9 : Water Level variation due to 20 % generation increase 
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Fig 10 : water level variation due to 16 %  generation increase 

 

 

 

 

 

 

 

TABLE 5 

LAXAPANA CASCADED SYSTEM CHARACTERISTICS 

Power 

House 

Capacity   

MW 

No of Gen 

units 

Turbine 

Type 

Flow 

Requirement 

m3/MW 

PH1 50 2 Francies 20 

PH2 60 2 Francies 23 

PH3 50 5 Pelton 10 

PH4 100 2 Pelton 8 

PH5 75 2 Francies 16 
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Fig 11 : Energy curves due to increased generation 

 

 

 


