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Abstract— This paper proposes the load shedding method based on considering the load importance
factor, primary frequency adjustment, secondary frequency adjustment and neuron network. Consideration
the process of primary frequency control, secondary frequency control helps to reduce the amount of load
shedding power and restore the system’s frequency to the permissible range. The amount of shedding
power of each load bus is distributed based on the load importance factor. Neuron network is applied to
distribute load shedding strategies in the power system at different load levels. The experimental and
simulated results on the IEEE 37- bus system present the frequency can restore to allowed range and
reduce the damage compared to the traditional load shedding method using under frequency relay- UFLS.

Keywords— AHP, ANN, AHP algorithm, frequency control, load shedding.

I INTRODUCTION

Frequency is an importance technical parameter in
evaluating the power quality of the power system and it
has to be maintained within specified limits to ensure
stable operation of the grid. Therefore, the maintaining the
frequency in specified limits is always the goal of the
electrical system’s designer and operator. When there is a
generator failure in electrical system, the frequency will
droop. When the corrective method cannot restore the
frequency back to steady state, the load shedding is quick
and necessary method to restore the system’s frequency. In
load shedding, it is necessary to rapidly devise a
reasonable load shedding strategy in order to help the
frequency restore to permissible values quickly. Previous
researches on load shedding mainly focus on the solving
the optimization the shedding power [1-3]. In fact, the
important issue is in the bulk grid, the factors of load
shedding position and time to recover the parameters of
the system quickly and within the allowable range.
Because there are a lots information need to be processed
to find out which load needs to be shed, so that, many
algorithms have been studied and applied. In [4], an
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improved model of Artificial Adaptive Neutral Network
(AANN) is presented to enhance the reliability of the grid.
In [5], the proposed load shedding method based on the
fuzzy logic to combine the frequency and speed of
frequency change of the electrical system. In [6], by using
Particle Swarm Optimization (PSO) to support Fuzzy
system in order to plan the load shedding strategy. These
studies mainly focus on optimize the load shedding power
under established operating mode conditions of the
electrical system. However, due to the complexity of the
grid, in case of the emergency operation, these methods
have problems with amount of data, calculating time and
the processing speed of the algorithm is relatively slow or
passive load shedding after waiting for the frequency
below the threshold. As a result, it has caused delays in the
decision to load shedding. In addition, these studies only
focus on single problems; it is the application of intelligent
algorithms to solve the load shedding problem without
combining with other problems, for example, the load
shedding problem considers the load importance factor to
reduce economic losses in an overall solution to restore the
power system frequency.
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To overcome these above problems, this paper proposes
the load shedding using neuron network is capable of
quickly responding to the requirement of distributed load
shedding control when there is a generator failure occurs
causing frequency droop and load shedding must be
processed in bulk system. In each case, the amount of
shedding power is calculated taking into account the
primary frequency control and secondary frequency
control of the generator. These load shedding strategies
have been pre-designed by using Analytic Hierarchy
Process (AHP) algorithm, and rapidly help in making
decisions to control load shedding process and reduce the
economic loss.

The efficiency of the proposed method is tested on the
IEEE 37- bus 9- generator power system. The results of
the proposed method are compared with the under-
frequency load shedding method (UFLS). The process of
identifying and quickly distributing the load shedding
strategy using the neuron network combined with the pre-
designed load shedding control based on the AHP
algorithm has helped the frequency quickly restores to the
nominal values and the restoring time of the frequency is
faster than the traditional load shedding method.

1. FREQUENCY CONTROL IN POWER
SYSTEM AND AHP ALGORITHM

2.1. Arrange the shedding priority of the load units
based on the importance factor

The application of Analytic Hierarchy Process (AHP)
algorithm [7] is proposed by T.L. Saaty with the idea of
using expert knowledge to rank the objects in a system.
This algorithm arranges the priority for load shedding of
the load units through the following steps:

Step 1: Identify the Load Centre areas LC; and the load
units L;j in the power system diagram, this division of load
centers is based on the criteria that the loads are close to
each other or in the same load cluster.

Step 2: Set up a hierarchy model based on the Load
Centre areas and load units identified in Step 1.

Step 3: Set up judgment matrix LC; and L; showing the
importance factor of load centers and the importance factor
among loads in the Load Centre together. The values of
the components in the judgment matrix reflect the
operational experience of the operating expert on the
importance of the relationship between the pair of factors
presented in equation (1), (2).
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Where: m is the number of the Load Centre; n is the
number of loads in a Load Centre; Wpi/Wp; describe the
relative importance of the i load compared to the ji load;
Wki/Wg; describe the relative importance of the in Load
Centre compared to the jw Load Centre. The value
Wil Wpj; Wii/W,; can be obtained from the experience of
experts or system operators through the use of the 9-
scaling method.

If both loads A and B are equally important, then the
scaling factor will be “1”.

If load A is a bit more important than load B, then the
scaling factor of A to B will be “2”.

If load A is slightly more important than load B, then the
scaling factor of A to B will be “3”.

If load A is relatively more important than load B, then the
scaling factor of A to B will be “4”.

If load A is more important than load B, then the scaling
factor of A to B will be “5”.

If load A is relatively more important than load B, then the
scaling factor of A to B will be “6”.

If load A is much more important than load B, then the
scaling factor of A to B will be “7”.

If load A is extremely relatively important compared to
load B, then the scaling factor of A to B will be “8”.

If load A is extremely important compared to load B, then
the scaling factor of A to B will be “9”.

Step 4: Calculate the importance factor of the Load
Centre areas together and the importance factor of the load
units in the same load area on the basis of set up a
judgment matrix. According to AHP principles, the
importance factor of the load can be calculated through the
calculation of the maximal eigenvalue and the
corresponding eigenvector of the judgment matrix. The
calculation steps using the root method are as follows:

- Multiply all elements of each row in the judgment
matrix

M; =11 X;, =L, ...mj=1,...n (3)
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- Calculate the nth root of Mi
W =z/M,, i=1,...,n ()
- Once done, obtain the following vector:

*

wWo=[w W, W T ®)

w- i=l,...,n (6)

- The eigenvector of the judgment matrix A, that is:
W =W, W,,.... W, (7

Step 5: Calculate the importance factor of the load
units for the whole system.

The importance factor of the load Wj; for the whole
system can be calculated from the equation (8).

Wij =W,y X WLj Lj eLC; (8)

Where: LjeLC; it means the L; load is located in the
LCi Load Center.

2.2. Primary and secondary frequency control

The process of frequency adjustment in the event of
generator outage in the electrical system consists of stages:
the primary frequency control, the secondary frequency
control. If after adjusting the secondary frequency control,
the frequency has not yet been restored to the permissible
value, it is required to load shedding to restore the
frequency to the permissible value.

The process of the primary and secondary frequency
control was shown in Figure 1.
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Fig. 1: The relationship between frequency deviation and
output power deviation.
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2.3. The Artificial Neural Network training algorithms
(ANN)

There are 4 recommended ANN training algorithms in the
identification problem: Lenvenberg-Marquardt, Bayesian,
Scaled Conjugate Gradient and Resillient
Backpropagation. In this paper, the 4 above algorithms are
used to train ANN network to compare with each other and
choose the most optimal algorithm.

Lenvenberg - Marquardt (trainlm) training algorithm:
Trainlm is an ANN network training function that updates
the weights and threshold values according to the
Levenberg-Marquardt optimization algorithm. Trainlm is
the fastest backpropagation algorithm compared to other
algorithms and is of great choice [8].

Bayesian (trainbr) training algorithm: Trainbr is an ANN
training function that allows updating weight and threshold
values. It minimizes the combination of squaring and
weighting errors, and then determines the correct
combination to create a good generality neural network.
This process is known as Bayes rule [9].

Scaled Conjugate Gradient (trainscg) training algorithm:
Trainscg is an ANN network training function, which
updates the weights and threshold values according to the
federation method [10].

The training algorithm Resillient backpropagation
(trainrp): Trainrp is an ANN network training function that
updates the weights and threshold values according to the
backpropagation algorithm [11].

2.4. The proposed method

When there is a generator outage in the power system, the
SCADA system will collect data of the power system
parameters. In the case that after the primary frequency
control and secondary frequency control are performed but
the frequency has not yet recovered to its allowable value,
this data will be included in the data set to train the
Artificial Neural Network (ANN). In this case, the
minimum amount of shedding capacity is calculated. Then,
the distribution of load shedding power at the load buses is
done based on AHP algorithm. Here, the AHP algorithm
supports in calculating the load importance coefficient.
Loads with a small importance factor will be given priority
to shedding large amounts of capacity and vice versa.

Flowchart of the proposed load shedding method is shown
in Figure 2.
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Fig. 2: Flowchart of the proposed load shedding method

I11. CASE STUDIES

The proposed method is tested on the IEEE 37 bus 9-
generators electrical system [12]. The single line diagram
of the system is shown in Figure 3. The generator at Bus-
31 is considered the Slack Bus.

From the single diagram of the electrical system, build a
model of the hierarchy between the load centers and the
loads in the load center. The results of building the model
hierarchy are presented in Figure 4.

i

Load Units

Load Units

1011 12 |13 14 15| 16 19|22 23|

Next, construct judgment matrices that show the
importance of the load centers to each other and the
importance of the loads in the load center. Construction
results are presented from Table 1 to Table 5.
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Fig. 3: The IEEE 37 bus 9 generators test system

3.1 Calculate the importance factor of the load based
on the AHP algorithm

Table 1. The judgment matrix of load center LC;

Pl LC: LC: LCs LC4
LC: 11 1/3 1/1 1/1
LC 31 171 1/1 31
LCs 11 171 1/1 1/2
LC, 11 1/3 2/1 1/1

\

2530 32 34 35 36 37

Load Units Load Units

Fig. 4: AHP model for load centers and load units in IEEE 37 bus 9 generator
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Table 2. The judgment matrix of load Lj at LC;

L2 Ls L4 Ls Le L7 Ls Lo

L. | /1 | 1v1 | 11| U3 | vy2| 13| 12|1n2

Ls | /1 | 11 |31 |y |21 |1yl 21)11

Ls | /1 | 13|11 | Y2 |1yl | 1y2)|11)21

Ls | 3/1 | 11|21 | 11| U3 | 13| 11|13

Le | 2/1 | /2 | 11 |31 | 11| 11| 31|13

Ly | 31| 11|21 |31 |11 |1u1|12)11

Ls | 2/1 | L2 | 11| 11| U3 | 21| 11|12

Lo | 2/1 | 11 | 12 |31 |31 |11|21]11

Table 3. The judgment matrix of load L; at LC;

Lio Lu Li2 Lis L4
Lo 1/1 11 11 1/3 172
L 11 11 311 1/1 11
Li2 11 1/3 11 1/2 2/1
Lis 31 11 2/1 1/1 1/3
L4 2/1 11 1/2 31 1/1

Table 4. The judgment matrix of load L; at LC3

Lis L Lag L2 L2s
Lis 11 1/2 11 1/1 1/2
Lis 2/1 11 31 1/3 n
Lo 1/1 1/3 1/1 1/2 2/1
L2 1/1 31 2/1 1/1 1/3
Las 2/1 1/1 1/2 31 1/1

Table 5. The judgment matrix of load Lj at LC4

L2s Lso Ls2 L34 Lss L3s Ls7

Los 11 1 | 11 1/3 1/2 1/3 1/2

Lo 1L | vy ) 31 | 1|11 1111

L3 L | w3 |11 | u2 | 211 | 12 | 21

load and the results of calculation of the importance factor
of the load are presented in Table 6.

3.2 Minimum load-shedding calculation

Calculating the minimum load shedding capacity Pis min
ensures restoration of electricity system frequency to the
allowable value, helps to reduce the least economic
damage to electricity consumers. In a power system with n
generators, when a generator outage, the adjustment of the
primary frequency of the remaining (n-1) generator [13,
14] is made with the adjustment of the power according to
the following equation:

n-1 n-1 —P Af
Gn,i 1
ZAPPrimary control — z f_ )
i=1 i=1 Ri 0
Where, APPrimary control 1S the primary control power of the

i generator; F’G is the rated power of the i

generator; Af, = f, — f, is the frequency attenuation; f,

is the rated frequency of the power system.

When the generator outage, the difference between the
generation power and the load power causes the frequency
difference, in particular, to be decreased. The amount of
power of the frequency-dependent load reduces the
amount of APp [15]. The relationship between the load
power variations with frequency variation is determined by
the equation:

AP, =—Af—f. ) .D (10)

n

Where, P is the active power of the system's load, APp is
the change of load power according to frequency change,
D is the percentage characteristic of the change of load
according to the percentage change of frequency [15], D
value from 1% to 2% and experimentally determined in
the power system. For example, a value of D = 2% means
that a 1% change in frequency will cause a 2% change in
load.

Table 6. The values of the loads and the importance factor
of the load are calculated by AHP

Las 31 | 1|21 ) 11 13| 13| 11

Lss 21 | 11| v2 | 31| 11| 11| 3

L3s 31 U1 | 21 | 31 n 1/1 1/2

Ls7 2/1 1 | 172 1/1 13 | 211 n

Load | Wici | Load | Cost Wy The PLsi

cente Bust | Cmi($/ | (load | impor | (MW)
r kW) | unit) | ttanct
factor
Wi

Apply AHP algorithm presented in 2.1 section to calculate
the importance factor of the load. Parameter values of the
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LC1 0.18 L, 220 0.07 | 0.0126 | 1.59

LC1 0.18 Ls 200 0.16 | 0.0293 | 0.68

LC1 0.18 L4 280 0.10 | 0.0172 | 1.16
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LC1 0.18 Ls 200 0.10 | 0.0178 | 1.12
LC1 0.18 Le 250 0.14 | 0.0246 | 0.81
LC1 0.18 L7 300 0.16 | 0.0283 | 0.71
LC1 0.18 Ls 280 0.10 | 0.0187 | 1.07
LC1 0.18 Lo 280 0.17 | 0.0308 | 0.65
LC2 041 | Lo 245 0.07 | 0.0556 | 0.36
LC2 041 | Lu 280 0.14 | 0.0991 | 0.2
LC2 041 | L 220 0.24 | 0.0638 | 0.31
LC2 041 | L 280 0.16 | 0.0913 | 0.22
LC2 041 | Lu 220 0.22 | 0.0991 | 0.2
LC3 0.20 | Lis 280 0.15 | 0.0295 | 0.68
LC3 020 | L 220 0.23 | 0.0447 | 0.45
LC3 0.20 | Lio 245 0.16 | 0.0312 | 0.64
LC3 0.20 | Lz 220 0.23 | 0.0447 | 0.45
LC3 0.20 | L2 280 0.24 | 0.0484 | 0.41
LC4 0.21 | Lss 280 0.08 | 0.0176 | 1.13
LC4 0.21 | Lao 220 0.16 | 0.0344 | 0.58
LC4 021 | Lz 250 0.12 | 0.0252 | 0.79
LC4 0.21 | Las 300 0.13 | 0.0278 | 0.72
LC4 0.21 | Lss 245 0.19 | 0.0403 | 05
LC4 0.21 | Lss 280 0.19 | 0.0403 | 05
LC4 0.21 | Lar 300 0.13 | 0.0278 | 0.72
Total (MW) 16.64

Power balance status is presented in the following
equation:

n-1 n-1
I:)L - AI:)D = Z I:)Gi + ZAPPrimary control (11)
i=1 i=1

n-1 n-1 —P
P-) P, =AP, +y — A (12)
i=1 i=1 Ri fo
L Af =R, Af
P.-Y R :—(f—).PL.D+Z—R - (13)
i=1 0 i=1 1 0
n-1 Af 1P
P2 R =—(C(R.D+ 32 (14)
i=1 0 i=1 i

n-1 n-1 P
SetAP, =P, - Y P, and 5= PL.D+Z%
i=1 i=1
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From (14) infer: AP = Afy i (15)
f

n

In the case of the considering secondary control power, the
new power balance equation with the new frequency value
2, the equation (11) becomes:

n-1 n-:

1
I:)L - AI:)D = Z PGi + ZAPPrimary control + AF)Secondary control max (16)
i=1 i=1

Where, AP. is the maximum amount of

Secondary control max

secondary control power supplied to the power system.
AP, =P AP, a7

Secondary control max m,j Primary control, j

After performing the secondary control process but the
system frequency has not yet been restored to the
allowable value, then load shedding is required to restore
the frequency, the minimum amount of load shedding
power Py smin is calculated by the following equation:

n-1 n-1 (18)
PL - APD - PLS min — z PGi + ZAPPrimary control T APSeu:ondary control max
i=1 i=1
n-1 n-1 19
APLS min — PL - APD - Z PG‘ - ZAPPrimary control APSecondary control max ( )
i=1 i=1
n-1 Afcp P (20)

APLS min = PL _Z PG, +

i=1 fo

PSecondary control max

i1 Py Af
PD+Y 5 Ty
LD R
Equation (15) is abbreviated according to the following
equation:

Af,
AI:)LS min AI:>L + f_ﬂ _APSecondary control max (21)
0

The case study, the generator BLT138 (Bus 53) is
disconnected from the grid. In the IEEE 37 bus 9-generator
electrical system diagram, the SLACK 345 (SLACK Bus)
is selected as the secondary frequency control generator.
The amount of the secondary control power is 10.72MW.
The primary control power values of each generator
turbine are shown in Table 7.

Table 7. Value of parameters and primary control power
of the generators

No | Gen Pomw) | Pepuy | R APP” P;‘"

1 WEBERG6 315 0315 | 0.05 0.03 7
9 5

2 | JO345#1 135 1.35 0.05 | 0.15 30

3 | JO345#2 135 1.35 | 0.05 | 0.15 30

4 :LACK34 187.28 1.8872 0.05 0.22 m
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5 | LAUF69 | 135 135 | 0.05 [ 0.15 | 30
g | BOBOY 46 046 | 0.05 0'25 10.4
7 | ROGER69 | 72 072 | 0.05 | 0.08 | 16
8 | BLT138 |0 0 |005| O 0
o | BLT6 315 0315 | 0.05 0.23 :
Total 831.78 | 8.317 0.94 | 189.
8 7 4

In this case, after the primary and the secondary frequency
control are performed, the frequency value has not been
restored to the permissible value. Therefore, the load must
be reduced to restore the frequency to the allowable value.
Applying Equation (21) calculates the minimum amount of
power load shedding to restore the frequency to the
allowable value.

Af,,

APLS min — APL +

ﬂ - AF)Seconda\ry control max
0
n-1

AP =P, - Z P, =9.5394-8.31780=1.2216

i=1

n-1
p=PR.D+ Z% =9.5394x.0.02+189.4 =189.59
i=1 N

(-0.3)

AP, =1.2216+ x189.59-0.1072 =0.1664 pu

So, the minimum load shedding capacity of P oad shedding min
is 16.64MW. This power is distributed for load nodes
according to the importance factor of the load. The
distribution table of load shedding capacity at the load bus
is presented in Table 6.

3.3 Building learning patterns and training neural

The construction of the data set is performed as follows:
PowerWorld GSO 19 software is used for off-line
simulation to collect data for neural network training to
distribute the load shedding control strategy when the
generator outage occurred. In each case, after performing
the processes of primary frequency and secondary
frequency control, the electrical system will perform load
shedding when the frequency falls below the permitted
threshold 59.7Hz. The amount of load shedding capacity is
calculated and the distribution of load shedding capacity at
the load buses is done based on AHP algorithm.

For the construction of the training data set will be
collected by changing the load from 60% to 100% of the
maximum load, and changing the location of the faulty
generator. During the simulation, the cases that have to
shedding the load are put into a data set to train the neural
network. The results were a data set consisting of 122
samples. During neural network training, the data set is
divided into 80% data for training and 20% data for
testing. Data were standardized before training.

The neural network structure consists of 3 layers: input
layer, hidden layer and output layer. The total number of
input variables is 164 variables (including: 9 APg
variables, 25 AP\ oaq Variables and 56 APgrnch Variables, 37
Afgys variables, 37 AVgys variables). The amount of load
shedding at the load buses (25 variables) are the output
signals corresponding to the case of generator outage.
ANN configuration is shown in Figure 5.

The ANN is trained with the use of Back Propagation
Neural Network (BPNN) with 4 training algorithms:
Lenvenberg-Marquardt (trainlm), Bayesian (trainbr),
Scaled Conjugate Gradient (trainscg), Resillient
Backpropagation (trainrp) to compare the effectiveness of
training methods. The results of the training accuracy and
the test accuracy of the training methods are presented in
Table 8 and Figure 6.

networks

APG —> =3 The amount of load shedding of Load 1
AP ———> ——> The amount of load shedding of Load 2
AF’Brzu:hé ANN —_— .
AfBus é é .
AV, m— ——> The amount of load shedding of Load n
W \-_—V_/

164 variables .

Input 25 variables

Fig. 5: ANN configuration
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Table 8. Training and test accuracy of Artificial Neural Network training methods

Training algorithm | Lenvenberg-Marquardt | Bayesian (trainbr) | Scaled Conjugate | Resillient Backpropagation

for ANN (trainlm) Gradient (trainrp)
(trainscg)

Training - accuracy 0 99.74 97.4 97.92

(%)

Test accuracy (%) 0 98.51 98.51 98.51

Training algorithm | Lenvenberg-Marquardt | Bayesian (trainbr) | Scaled Conjugate | Resillient Backpropagation

for ANN (trainlm) Gradient (trainrp)
(trainscg)

X: 100
X100

) ¥:9074 ) v a8t |

———— & & % = .

— : g . §

X100 x100

¥:97.82  y.97.4

e

Accuracy (%)
] ]
T

S

W0k
[ —&— Test BANNLM
—&— Train BPRNLM
S Test BPNNBR
—&—Train BPNNER
Test BPNNSCO

Train BPNNSCG
10 Test BPNNRP
Train BPNNRP

20

o & & 4 A &
0 20 40 60 B0 100 120 140 160
Variables

Fig. 6: The training and testing accuracy comparison of the ANN training algorithms

From the data results Figure 6 shows that in the case of
identifying the load shedding strategy, the training method aik
using the neural network with the Bayesian training
algorithm has the highest accuracy. In addition, as the
number of input variables increases, the accuracy increases
and reaches the highest precision value when reaching 100
variables with a training accuracy of 99.74% and test

accuracy of 98.51%. 8 s
Comparing the proposed load shedding method (ANN- _
AHP) with the load shedding method using the under- a5
frequency load shedding relay (UFLS) when done with the =4 —\—
same amount of shedding capacity is 16.64MW. Here, the - =4

method of load shedding using neural network combined
with AHP algorithm has a load shedding time of 300ms
after the generator failure occurs. The method of load
shedding using the load shedding relay UFLS has the time
of cut the load after the frequency drops below the
threshold value. The result of frequency simulation and the
economic losses associated with load shedding are
presented in Figure 7 and Table 9.

02 4 6 8 10 12 M 16 18 0

Fig. 7: The frequency of the system when applying the
traditional and the proposed load shedding method
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Table 9. Comparing economic losses of load shedding
based on AHP algorithm and UFLS

Load shedding Methods ANN-AHP UFLS
Load shedding (MW) 16.64 16.64
Recovery frequency value 597 597
(Hz)
Lowest value of frequency 5935 5931
response (Hz)
Time  of  recovery 44 44
frequency (s)
Economic damage

42457 4351.69
SPisiCrmi (x103) ($)

Figure 7 shows that the load shedding method based on
ANN - AHP algorithm and load shedding based on UFLS
have the recovered frequency value to the allowable value.
Both methods have the same set state frequency value. The
reason is that they have the same load shedding capacity.
However, the frequency response quality of the UFLS
method is lower than the AHP method.

The lowest value of frequency response of ANN-AHP
method is always higher and better than UFLS method.
The reason is that the ANN-AHP method has very fast
ANN processing times, so a decision to quickly implement
the load shedding control strategy. Meanwhile, the UFLS
method must wait for the frequency to drop below the set
threshold of the UFLS relay to impact load shedding. That
has slowed down the decision of load shedding and the
frequency response value is not better than the ANN-AHP
method.

In addition, despite having the same amount of load
shedding capacity, the method of load shedding based on
ANN-AHP has lower damage value compared to UFLS
method. This is because the AHP algorithm ranks the loads
in order of importance. Loads with low importance will be
shed with more power priority. This has contributed to
reduce damage caused by power outages.

V. CONCLUSION

The load shedding ranking and the load importance factor
calculation based on the AHP algorithm have contributed
to reducing the damage caused by load shedding. The
application of ANN network to quickly identify the load
shedding control strategy has contributed to improving the
frequency response quality of the load shedding solution.
The effectiveness of the proposed method has been

WWW.ijaems.com

demonstrated on the 9 generator 37-bus system.
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