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Abstract

This paper presents an application of artificial neural network for determination of ready reserve power required under generator outage
and increased load conditions in a power system. Gas turbines or hydro plants are used as rapid reserve units. A single-layer ANN known as
functional link network has been utilized for RR power determination. Training and test instances have been generated using a stochastic
deterministic technique [IEEE Trans. Power Syst. 13 (1998) 649]. RRs have been obtained for a standard IEEE test system and compared
with those obtained by other existing methods.
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1. Introduction

Generator outage/or load increase may cause voltage
instability and security problems in a power system. It is an
important issue that under such conditions, sufficient
operational reserve must be compensated by mechanical
inertia, thermal inertia, load management, voltage
reduction, assistance from inter connected systems, pre-
scheduling thermal plant held on a hot stand by and rapid
start units such as gas turbines and hydro plants. Reserves
from mechanical and thermal inertia are active from a few
seconds to a few minutes. Operating reserve due to voltage
reduction causes supply degradation [1]. The intentional
reduction in voltage of a bus by under load tap changing
transformers (ULTC) causes a decrease in load demand due
to voltage-dependent load characteristics is termed
as operating reserve due to voltage reduction. But
voltage reduction of a load bus causes degradation in
quality of supply.

Gas turbine and hydro plants are considered as a reliable
part of operational reserve and called as ready reserve (RR)
units [2]. Operating reserve including RR of a generation
system is evaluated probabilistically by evaluating risk of

insufficient generation, which may occur due to failure of a
generating unit. Some time is required before rapid reserve
units can be placed into service to replace the capacity of
outage. Operating reserve (spinning reserve (SR) plus rapid
reserve) amount is decided such that risk associated due to
time delay of unit is within limits. Tolerable risk, for
operating reserve evaluation is based on probabilistic
indices. Once the index is selected, the value of index
should be less than the threshold value. Such risk level
targets are achieved by appropriate scheduling of the
operating reserve. Risk level is normally decided by
cumulative probabilities that the capacity losses at the end
of the delay period needed for starting up and loading
additional reserve units equal or exceed various given
amounts [2]. Outage replacement rate (ORR) instead of
unavailability is generally used for constructing outage
probability table. Security function was proposed by Patton
[3] for evaluating the operating reserve. Security function,
in fact, is a risk index, which is the summation of generation
state probabilities (time-dependent) and probability that the
state constitutes a system failure at time t. State probabilities
are evaluated using Markov modeling. Risk as obtained
using security function should be less than the maximum
tolerable insecurity level (MTIL). Accounting load uncer-
tainties operating reserve methodology was developed by
Kothari and Arya [4]. Randomly varying load in each
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subinterval is assumed normally distributed for determi-
nation of security level.

Probability of continuous power supply to consumers
varies due to the stochastic nature of power system
operation. It includes random nature of load, generation
capacity outage, generation in hydro plants due to
availability of water storage. It is important to reduce the
outage time and to determine RR power. It will then be
possible to have risk and security level within limits. If SR
power gets exhausted without solving the problem of
balancing the demand, energizing of rapid reserve power is
essential. Halilcevic [5] has presented two approaches; one
for online usage and the other for planning purposes. These
approaches are based on stochastic deterministic (SD) and
simulation techniques, respectively. These approaches
determine the RR power after exhaustion of SR power.
Gubina and Halilcevic [6] have defined the desired RR
power for the power system characterized by a linear
relation of unsatisfied demand a (MW/Outage) and the
system load, D (pu). This procedure uses the simple linear
regression. However, such linear interrelation between a
and D has been proven to be inaccurate. This is the reason
that other tools for assessment of RR are required. This
requires a transformation approximating and generalizing
the non-linear relationship as is utilized in functional link
network (FLN). In view of the above discussion, functional
mapping has been used to simulate the non-linear
relationship. FLN is a single-layer network, which is trained
by d-rule. Training sets have been generated using SD
approach.

The remainder of this paper is organized as follows.
Section 2 briefly summarizes the SD technique, which has
been used to generate training instances for ANN. Section 3
presents the basis of development of FLN. Remaining
parts present the implementation and results for calculating
the RR.

2. Stochastic deterministic approach for obtaining ready
reserve [5]

Hydrothermal scheduling method [11] has led to the
desired optimal scheduling of hydro and thermal plants
within a 24-h period. On the basis of the results of such a
scheduling, one gets the value of SR for each of the discrete
time intervals. The procedure takes into account the
stochastic nature of the load shift and generation possibi-
lities in run hydro plants. This enables one to evaluate RR
with a high degree of confidence because it takes into
consideration the greatest positive shifts of load and greatest
negative shift of generation in run hydro plants. When
talking about the discrete value of demand for each hour of
considered period DðkÞ; the greatest shifts are defined by the
upper limit of positive confidence interval for mean of Dð k

Whereas the greatest shifts relating to the discrete
generation in the run hydro plants for each hour of

the considered period, PHiðkÞ; are defined by the lower limit
of the confidence interval for mean of P\^. The three-sigma
rule that provides the 99.7% confidence interval for the
mean of D® and P\J is used to estimate the upper limit for
DðkÞ and lower limit for P^. It is based on the normal
distribution of load uncertainties.

In order to compute RR, SR values within each discrete
time interval are calculated. The RR needed to compensate
at ith bus is obtained using following equation

RRi — Pgi 2 y (1)

where

RRi RR required at ith bus
output power of the outage affected generating unit
SR of generating unit p remaining in the system.

3. Development of functional link network

Single-layer ANN has been used conventionally as linear
classifier. For non-linear mapping or classification, a similar
single-layer network can be used along with a set of
enhanced input, which can be generated using a polynomial
pre-processor. Assume that a function fðxÞ can be
approximated using McLaurin's series as follows:

f(X) f ð0ÞX2=!2 þf000ð0ÞX3=!3 (2)

The above approximation will give better accuracy if higher
order terms are incorporated in expression (2). If one wants
to map a function fðXÞ; then the input set will consist
[l,X,X2,X3,X4,...]. This set, in fact, is known as enhanced
set of single input X. If there are two basic input variables

Input node output layer

Fig. 1. Functional link network for m outputs.
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then enhanced input can be written as
[l,Xi,X2,X

2,Xf,XiX2,...]. Partial derivatives can be
assumed to be as weights, which can be obtained using d-
training rule. In fact, the above series expansion provides a
mathematical basis for FLN. Such a single-layer network
was developed by Pao in 1989 [7]. Such a single-layer
network with two independent variables and m output is
shown in Fig. 1. It has been observed that introduction of
higher order terms alleviate the difficulties of low learning,
poor scaling and low storage capacity [8,9]. The network
shown in Fig. 1 can be trained using d-rule in the following
steps.

Step 1. Select initial low random numbers as all weights
W:
Step 2. Select a training instance from training pairs.
Step 3. Generate enhanced input sets.
Step 4. Calculate outputs Y1; Y2; Y3,...Ym as follows

j=h-m (3)

where Xi is one element of enhanced input set.
Step 5. Obtained error dj as follows: dj = ðTj 2 YjÞ;

where Tj is target value as specified in training instance.
Step 6. Adjust the weight according to the following rule:

Step 7. Repeat steps (3)-(6) for all training pairs.
Step 8. If converged stop, otherwise repeat from Step 2.
The convergence criterion is E = Pj ðTj 2 YjÞ2 # e
(tolerance).

Further, the possibility of reducing the network is
investigated [10]. Enhanced input with least weight can be
eliminated. In fact, weight training is initially obtained by
incorporating higher order enhanced terms. The network is
trained using the d-rule as explained. Enhanced input term
with smallest weight is neglected. After this, the reduced
network is retrained. This process of reducing the network
size further can be repeated.

4. Implementation of functional link network for ready
reserve evaluation

It is identified from SD technique and relation (1) that RR
power is a function of following variables.

(a) Nominal power of the failed generators ðPgÞ and
(b) current load of the outage affected power system ðDÞ:

In fact the above two variables are used as input values in
the standard SD approach for assessment of needed RR
power. Training instances are generated using SD tech-
nique. The structure of enhanced input vector is as follows

Fig. 2. Reliability test system.

Since output is only one, that is RR power, only one
output neuron is required along with the above-mentioned
enhanced input variables. In fact, for each enhanced input
set I, there is one RR obtained with the help of trained FLN.
One can start with large enhanced input set, which can
further be reduced using weight elimination technique as
explained in the previous section.

5. Results and discussions

An FLN has been trained to get RR power for a standard
reliability test system. System data are taken from Ref. [1].
System configuration is shown in Fig. 2. The data relating to
generation units, unit type, maximum output, generating bus
bar are given in Table 1. Unit No. 8-11 are planned to

Table 1
Reliability test system data [1]

/ = I, D2,P .D, PID2,...]

Priority loading order

1
2
3
4
5
6
7
8
9
10
11

Unit type

Hydro
Hydro
Run-hydro
Thermal
Thermal
Thermal
Thermal
Hydro
Gas
Gas
Gas

Maximum output
(pu)

0.40
0.20
0.20
0.40
0.40
0.20
0.10
0.20
0.20
0.05
0.05

Generating
bus bar

A
A
D
B
B
C
C
A
C
B
C
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Table 2
Instances for training ANN as obtained using SD technique [5]

Generation outage capacity, P^
(pu)

0.4 (G1)1.650
0.2 (G2)
1.25 (G 1 þ G 4 þ G 5 þ G 1 0 )
0.4 (G4)
0.4 (G5)
0.2 (G6)
1.25 (G 1 þ G 4 þ G 2 þ G 3 þ G 1 0 )

Load, D
(pu)

1.65
1.65
1.85
1.85
1.75
1.85
1.35

Desired RR required RRdi

(pu)

0.18
0.00
1.18
0.38
0.28
0.18
0.68

RR

P..D

Fig. 3. FLN configuration for determination of RR for reliability test
system.

provide the RR power. In the process of evaluating the
commitment scheduling of RR generators, a series of
approximately constant power system loads ranging from
1.35 to 1.85 pu have been used using SD approach. Table 2
shows generation outage nominal power ðPgÞ; loads ðDÞ and
the desired values of RR power as obtained using SD
technique. As a starting point, the following enhanced input
set was presented to the network.

X= [l,Pg,D,PgD,P2
g,D

2]

It was observed that if we take further higher order terms
in X then convergence in training process is not obtained.
Next, a search was started whether it was possible to reduce
the above-mentioned enhanced input set X. The term with

least weight was identified and enhanced term correspond-
ing to this weight was dropped from the set X and the
network was retrained. This process of dropping the least
weight and retraining the network continued until conver-
gence is obtained. Ultimately, the following reduced set of
input to single-layer FLN was obtained.

X= [l,Pg,D,PgD]

This amounts that the following polynomial approximates
the functional simulation for RR.

RR = W
o

W2D þ W3PgD

W0; W1; W2 and W3 are weights, which have been obtained
using d-rule. Weights obtained are given as follows:

W0 = 21:714479;

W2 = 0:923853;

= 0:8326620;

= 0:062868

Specific configuration of FLN for obtaining RR is
shown in Fig. 3. Tolerance for convergence was selected
as 0.001. Various test cases for validation of the trained
FLN are shown in Table 3. This table shows RR power as
obtained using trained FLN and along with percentage
error with respect to the results obtained using SD
technique. The same table also gives RR power as
obtained using a multi-layer feed forward network as
trained using back propagation algorithm [1]. It is
observed that results obtained by FLN, back-propagation
algorithm are in agreement with those obtained using SD
technique. It is observed from Table 3 that for the outage
of generator G6 (capacity 0.20 pu) and load 1.75 pu, the
RR obtained by FLN and back propagation is 0.09 pu and
maximum percentage error is 12.5%. Further, for the
outage of generator G1 þ G5 (total capacity outage
0.80 pu) and load 1.85 pu, RR obtained using FLN is
0.75 and percentage error is zero with respect to SD
results. These test results provide sufficient justification
for FLN to be implemented for on line RR determination.
Hence, the operator could use FLN to find out whether a
generator outage requires starting of RR generators. For

Table 3
Comparison of RR as obtained using SD technique, back propagation and FLN algorithm of this paper for test cases

Outage of generator
with rated power Pg (pu)

0.8 (G1 þ G4)
0.8 (G1 þ G4)
0.1 (G7)
0.2 (G6)
1.25 (G1 þ G4 þ G5 þ G10)
0.8 (G1 þ G4)
0.8 (G1 þ G5)

System load,
D (pu)

1.65
1.55
1.75
1.75
1.55
1.75
1.85

Ready reserve required

From SD
technique [5]

0.58
0.48
0.00
0.08
0.88
0.65
0.75

Back propagation
of Ref. [1]

RR (pu)

0.57
0.47
Negative
0.09
0.89
0.64
0.74

algorithm

% Error

1.70
2.10
0.00

12.5
0.880
1.50
1.30

Using FLN algorithm of this
paper

RR (pu)

0.50
0.46
Negative
0.09
0.88
0.66
0.75

% Error

3.40
4.20
0.00

12.5
0.00
1.50
0.00
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example, for the outage of generators G1 þ G4 (capacity
outage 0.8 pu) and system load 1.65 pu and RR obtained
is 0.56 pu using (FLN) of which only 0.50 pu can be
met by rapid reserve units G8 þ G9 þ G10 þ G11 and
0.06 pu will remain missing. Some additional RR unit
may be required.

6. Conclusions

Application of supervised FLN has been developed for
RR evaluation of a power system. The RR is evaluated as a
truncated polynomial representation in terms of system load
and generator outage capacity. FLN-based RR evaluation
accounts uncertainties of power system load, capabilities of
generator plants. It is useful for the operator in the energy
management control room as well as for the power system
planning stage. This way such an approach can contribute to
adequacy and security of the system. Advantage of FLN
over back propagation network is that it is a single-layer
network. Moreover, for this specific case, only one neuron is
required and the ANN configuration is similar to Adaline
along with a polynomial preprocessor. Moreover, training of
FLN is simple.
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