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Combination of Generator Capability
Curve Constraint and Statistic-Fuzzy Load
Clustering Algorithm to improve NN-OPF
performance

The inclusion of statistic-fuzzy Load clustering method in algorithm of NN-OPF is intended to
make the NN-OPF robust in load changing at a certain load range. Whereas, The inclusion of
Generator Capability Curve (GCC) as a constraint in NN-OPF is to ensure cheap and safe
operation of generators. NN-OPF is built with reference to a Particle Swarm Optimization
Optimal Power Flow (PSO-OPF). There are three stages in Designing NN-OPF. The first stage
is design of PSO-OPF with generator capability curve constraint. The second stage is load
clustering using statistic-fuzzy method. The third stage is training NN-OPF using constructive
back propagation method. In training process of Neural Network (NN), the nearness index of
load curve ( FWik ) resulting from statistic-fuzzy method, and total load (active power, reactive
power), are used as input. The pattern of generator scheduling resulting from PSO-OPF is used
as outputs. In this paper, the Java-Bali power system is used as sample system to verify the
validity of this method. The simulation results using MATLAB software have shown that the
proposed method has good performance. The proposed method is possible to apply in on-line
system in normal condition, especially in representing non linear generation operation limit
near steady state stability limit and under excitation operation area.

Keywords: Generator Capability Curve, Particle Swarm Optimization, Neural Network, Optimal
Power Flow, Statistic-Fuzzy.

1. INTRODUCTION
The optimal power flow has been growing since a few decades ago, many methods have
been developed such as the merit order, linear programming [1] Lagrange and combination
of them [2]. In other hand artificial intelligence (AI) has been widely adopted to improve
the performance of optimal power flow. The most popular intelligence optimization
technique already applied were genetic algorithm, fuzzy, simulated annealing, expert
system, neural network, PSO and the hybrid of them [3-13]. Among of these, PSO and its
Improving is the one received greatest attention caused by its capability in avoiding local
optimal solutions [8]. Only view papers give attention in developing proper or more
realistic constraint to the optimal power flow problem. As an example, Onate Yumbla et.al
used security constraint in optimal power flow [14], and Zwe-Lee et.al considered
generator constraint in solving economic dispatch problem[15]. As a consequence, such
tight constraint will result a pessimistic solution. Actually the optimum value of the
objective function –in this case system operation cost– can still be reduced if we can
alleviate the constraint especially generator security constraint. So far researchers used
rectangular constraint (Pmin/Pmax and Qmin/Qmax) to limit the generator output inside the
secure operating condition [4, 11, 16].
We had developed realistic generator capability curve based on neural network and the
security check algorithm that be used as enhanced constraint optimal power flow based on
PSO. The algorithm is very simple and flexible especially for representing non linear
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generation operation limit near steady state stability limit and under excitation operation
area, that method is able to get a combination of generation cheaper and safe, but the
process is quite old [17]. We also had developed optimal power flow based on NN (NNOPF) which is built based on OPF-IPSO with developed load clustering. On that paper the
load clustering is expressed based on load index [20]. Load index is calculated from simple
equation. So when there are many loads curve pattern the load index sometimes cannot
represent the load clustering accurately. For example: Load index curve A is near load
index curve B, load index curve B is near load index curve C and load index curve C is near
load index curve D, it is cannot guarantee that curve A is stay in one cluster with curve D,
because of that sometimes the error exceed of limit, but the speed of optimization process is
fast [20].
This research is aimed to developed optimal power flow based on NN (NN-OPF). In
order to NN-OPF can be robust in changing of load on a certain range, we use statisticfuzzy methods to clustering load based on load curve pattern. The load must be declared in
per unit [18]. In NN-OPF case the load curve pattern is used to represent losses in the
system. The same total load with the different load curve pattern will result the different
pattern of generation, because the value of losses is different.
To speed up the training process of NN the methods used is constructive back
propagation (CBP) which has advantage in determining the number of neuron in the hidden
layer automatically [19]. The numbers of inputs used in training process are 2, while
numbers of outputs are 8 (number of generator). The reference used in training process is
the OPF-PSO with a constraint generator capability curve [17]. The target at the end of the
training process is NN-OPF capable to work as OPF-PSO with a faster response. NN-OPF
is expected to perform the generation optimization faster so that it can be applied to the
system online in normal operation especially in representing non linear generation
operation limit near steady state stability limit and under excitation operation area. The
simulation is conducted at 500 kV Java-Bali Power System.
2. METHODOLOGY
Design of NN-OPF consists of three stages. The first stage is design of OPF-PSO with
realistic generator capability curve constraint, the second stage is load clustering using
statistic-fuzzy methods, and the third stage is NN-OPF training to get NN model using
constructive back propagation.
2.1 Design OPF-PSO using Generator Capability Curve Constraint
To design OPF-PSO, there are three stages to be done. The first step is developing NN
model for generator capability curve, the second step is developing security check
algorithm and the third step is to perform optimization with PSO. These stages have been
described in detail in the reference [17], starting from the NN model used, the stages in
making a realistic generator capability curve based on NN, and an algorithm to use the NN
model as a constraint OPF. The difference is only in the data used in the simulation. In the
previous discussion we use 7(seven generator) but in this discussion we used 8 (eight)
generator. PSO model used in this paper is same as model used in reference [17].
2.2 Load Clustering using statistic-fuzzy methods
The load clustering is based on the surface of the load curve that is the pattern of the
nominal load values at all buses. Fig. 1 describes the meaning of load curve surface.
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Figure 1: Example of Three Load Curve Surfaces in MW.

From fig.1 it can be seen that there are three load curves expressing the value of bus
power variable in MW. To get the accurate results in load clustering, before load clustering
done, power variable must be normalized based on the highest value. So it is possible there
are two curves having different nominal loads values (MW) grouped into the same cluster.
For example if the value in figure 1 is converted from MW to pu(%) based on the highest
value at each load curve, the three load curves in Figure 1 after normalized will be coincide
as at figure 2.
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Figure 2: Same Load Curve Surface in pu(%) of Three Different Load Curve in MW

Step by step process of load clustering has been described in the reference [18] and will be
adopted here with slight modifications. Equations used are as follows:
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(1)
= The nearness coefficient between the two load curve vectors (load curve i and
load curve k)
= normalized load value at bus l in surface (state) i
= normalized load value at bus l in surface (state) k

Results of load clustering process will be used as input data in the training process NNOPF. The stages should be done in order that load clustering results can be used as inputs in
the training process of NN-OPF are as follows:
Step 1
The nearness coefficient between the two load curve vectors ( Wik ) of all patterns of the
load curve is calculated using equation (4) and expressed in the matrix. The diagonal matrix
value is always 1, because load curve compare to itself, while the rows and columns in the
off diagonal matrix show nearness coefficient between two load curves.
The Wik cannot be used to cluster load curves directly. For example, curve A near curve B,
curve B near curve C, curve C near curve D, and curve D near curve E, it cannot guarantee
curve A near curve E.
Step 2
In order to Wik can used to cluster load curve, it needs to process in fuzzy system. The
process of fuzzification usually uses triangle, trapezoids, or normal curve distribution. In
this paper we used statistic equation (4) to process fuzzification. The fuzzy rule base used
in this paper is min-max system and combined with equation (5).
FWik =

n

∑ Wil Wkl

(2)
l =1
FWik = The nearness index between the two load curve vectors (load curve i and load curve
k)
Wil = The nearness coefficient between the two load curve vectors (load curve i and load
curve l)
Wkl = The nearness coefficient between the two load curve vectors (load curve k and load
curve l)
Wil and Wkl are processed in step 1, FWik calculated using equation (5) but the product of
two elements is replaced by taking the minimum one and the addition of two products by
taking the maximum one.

Step 3
The threshold which is used to cluster patterns is 95%. Inside each cluster, the average
value of FWik all patterns will be used as reference pattern of each cluster in the next
training process of NN-OPF.
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2.3 Training Process NN-OPF
There are two data inputs used in the training process: Total Active Power / Reactive
Power load and nearness coefficient ( FWik ) obtained from the statistic-fuzzy load
clustering that calculating in the item 2.2. The output is the pattern of generation resulted by
OPF-PSO at each load curve pattern. The complete steps to do training NN-OPF is as
follows:
Step 1
Preparing the input and output data. For the active power optimization, the inputs used
are:
(1) Total active power load
(2) Nearness coefficient of load clustering ( FWik )
and the outputs are:
(1) Pattern of active power generation that is resulted by OPF-PSO

Figure 3: NN-OPF Model (single) for the active power optimization.

For reactive power optimization, the inputs used are:
(1) Total reactive power load
(2) Nearness coefficient of load clustering ( FWik )
and the outputs are:
(1) Pattern of reactive power generation that is resulted by OPF-PSO
Step 2
All input data must be normalized, so that its value is in the range 0 to 1 for active power
and -1 to 1 for reactive power, and then determining threshold function for training NN.
In this case tansig and logsig were used as activation function and constructive back
propagation as training method. The logsig is used for active power optimization because
the value of logsig is between 0 and 1. The tansig is used for reactive power optimization
because the value of tansig is between -1 and 1. The Constructive back propagation
method is used as methods in this paper because it can determine the number of neuron in
hidden layer automatically, so the process of training is relatively fast. Step by step
Constructive back propagation method has been explain detailed in reference[19]
Step 3
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After training process completed, NN is tested with other data to determine the
performance of NN-OPF. If the error between the NN-OPF and OPF-PSO meet then the
process is complete but if the error limit is not meet then back to step 1.
Actually, the load change at any time so if we only use one NN for all changes the
load, NN will be difficult to follow the performance of OPF-PSO. For that reason in
this proposed method we use some NN that working together based on the range of
total load as shown at Figure 5.

Figure 4: NN-OPF Model (single) for the active power optimization.

Figure 5: NN-OPF Model for Large Load Variation
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In this paper, for every 5% of the total load will be created one NN correspond to one
group. Minimum load used in the simulation is 25% of total load (TL), so there will be 15
single NN-OPF corresponds with 15 groups.
2.4 Mechanisms of Using NN-OPF
When the NN-OPF is ready to use, the mechanism of using NN-OPF can be seen at
Figure 6, below. Diagrams in Figure 6 can be explained step by step as follows.
Step 1
Input data must be grouped based on total load to determine the NN that will work.

Step 2
Input data must be normalized according to the normalization at the training process.

Figure 6: Mechanisms of Using NN-OPF

Step 3
Calculating Nearness index ( FWik ) input data (i) and reference data (k) using
statistic-fuzzy method to determine the cluster of load clustering.

3. SIMULATION AND ANALYSIS
3.1 Result and Analysis
The Plant used for simulation is the 500 kV Java-Bali Power System. The data of
generator characteristics and cost will be shown in table 1. While the other data shown in
appendix.
Table I: Generator Data
Unit
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Character function of Generation

Suralaya (bus 1)

Production
Cost
(Rp/KWh)
0.138

Muara Tawar (bus 8)

1.450

Cirata (bus 10)

1.000

Saguling (bus 11)

0.917

Tanjung Jati (bus 15)

0.077

Gresik (bus 17)

0.378

Paiton (bus 22)

0.030

Grati (bus 23)

1.067
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NN-OPF model is obtained from the training process with stages that have been described
in the item 2.3. The size of NN-model resulted from the training process has 3 layers in the
hidden layer with number of neuron on layer1 is 11 neurons, in layer2 is 25 neurons, and in
layer3 is 25 neurons. The activation functions used are logsig for optimizing active power
and tansig for optimizing reactive power. For each total load of 0.5 pu one group is made,
so there are 15 groups between 1pu and 0.25pu. Test presented in this paper only on the
range 1pu - 0.95 pu, while similar characteristics assumed for the other groups.
Training process uses only 2 input as representative of the input characteristics. The first
input is the total power P or total power Q, depend on the optimization which performed.
To optimize power P, the first input used is the total power P, while for the optimization of
power Q the first input used is the total power Q.
The second input is nearness index load curve that resulted by statistic-fuzzy methods.
Different load curves but same total load might resulted different total generation, because
load curve pattern is related to losses in network.
Performance comparison between the NN-OPF and OPF-PSO can be seen in table II below.
Table II shown the error between NN-OPF and OPF-PSO on operation cost 0.12 % and
power generation (MW) 0.312% which is small enough.
Table. II: Cost of Generations
NN-OPF

OPF-PSO

P(MW)

Q(MVar)

COST

P(MW)

Q(MVar)

1500.00

1012.57

74 1 898 705.2

1519.46

1145.83

753 473 072.9

1040.00

803.08

3 432 443 589.0

1040.00

586.93

3 432 443 589.0

787.27

371.89

4 723 602.4

779.82

391.93

4 678 905.3

648.00

464.48

3 565 305.9

670.51

458.12

3 689 167.3

743.31

432.26

160 299 920.6

748.42

428.88

161 475 023.8

392.71

294.73

339 180 169.7

392.21

294.94

338 740 163.4

4728.85

1177.88

1 352 013 925.0

4721.22

1417.70

1 347 965 310.0

149.99

670.98

399 294 066.6

149.71

671.01

398 695 696.8

Total Cost
: 6 433 419 284.4
Total Generation (MW) :
9990.13
Total Load (MW)
:
9768
Total Loss (MW)
:
222.13
Execution time
:
0.096131sec.

COST

Total Cost
: 6 441 160 928.5
Total Generation (MW) :
10021.35
Total Load (MW)
:
9768
Total Loss (MW)
:
253.35
Execution time
: 130.2518 sec.
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Figure 7: NN-OPF and PSO-OPF at
Suralaya Generator
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Tanjung Jati Generator
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Figure 9: NN-OPF and PSO-OPF at Cirata
Generator
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Gresik Generator

PAITON
4000

GRATI

Generator capability Curve
PSO-OPF
NN-OPF

3000

Generator capability Curve
PSO-OPF
NN-OPF

600

400
1000

Reactive Power(MVar)

Reactive Power(MVar)

2000

0
-1000
-2000
-3000
-4000

0

-200

-400
0

500

1000

1500

2000 2500 3000 3500
Active Power(MWatt)

4000

4500

5000

Figure 13: NN-OPF and PSO-OPF at
Paiton Generator
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Figure 7 -14 is the visualization of optimization results of P and Q by using the NN-OPF
and OPF-PSO expressed on generator capability curve. Fig.9, fig.11, fig.12 and fig.14
which is related to Generator Cirata, Generator Tanjungjati, Generator Gresik and
Generator Grati respectively show that the results is almost coincide for both method. For
Generator Suralaya, Generator Muaratawar and Generator Paiton (fig.7, fig.8, fig.13) there
is a slightly difference result in value of Q. Generator Saguling there is a slightly difference
result in value of P. These differences occur because of two reasons, firstly caused by the
lack of the data used in the simulation and the second is the threshold value used during the
clustering pattern of the load curve is not big enough. The error results of NN-OPF and
OPF-PSO can be minimized by increasing the threshold value and adding the data pattern
of clustering.
In Generator Cirata, Generator Saguling, Generator Tanjungjati, Generator Paiton and
generator Grati (fig.9, fig.10, fig.11, fig.12, fig.13 and fig.14) optimization results are
exactly coincide with the generator capability curve. Operation in this condition is still safe
because the generator capability curve used in this simulation already considering security
factors.
4. CONCLUSION
Optimal Power Flow based on NN (NN-OPF) with statistic-fuzzy clustering are able to
achieve operation cost same as OPF-PSO, with faster response. Few differences occurred
between two optimization method that is 0.12% in cost approximation and 0.312% in
power generation. This occurs because lack of the data taught in the NN-OPF and the
threshold in Statistics-fuzzy clustering was not big enough.
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