Artificial Neural Network-Based Voltage
Stability Online Monitoring Approach
for Distributed Generation Integrated

Distribution System

Sharman Sundarajoo* and Dur Muhammad Soomro

Faculty of Electrical and Electronic Engineering, Universiti Tun Hussein Onn
Malaysia, 86400 Parit Raja, Batu Pahat, Johor, Malaysia

E-mail: sharmansundarajoo @ gmail.com

*Corresponding Author

Received 05 December 2022; Accepted 05 July 2023;
Publication 26 August 2023

Abstract

Due to the growth of electric power demand and the intricacy of modern
distribution system structure, the voltage stability issue is evolving as a
critical problem in distribution grids. Therefore, it is imperative to investigate
the corrective measures. In this paper, artificial neural network (ANN) based
voltage stability online monitoring approach for distribution systems with
distribution generators (DGs) is proposed. The proposed technique employs
a local voltage stability index known as the stability index (SI) to identify the
weak bus information, which is more effective compared to the conventional
load margin techniques. Furthermore, the nonlinear relationship of the distri-
bution grid control status and the resultant SI is mapped using ANN. From
the installed distribution-level phasor measurement units (PMUs), the state
parameters of buses can be obtained, and the resultant values of SI can be
estimated. This approach can significantly enhance the computational speed
of SI and evaluate the voltage stability measurement of distribution network
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in real-time, which assist the operator of the network in order to determine the
operational condition and execute actions quickly. The proposed approach is
applied on the modified IEEE 33 and IEEE 69-bus system with DGs. It is
found that the computation time needed for assessment of voltage stability
by CPF method is 16.2500 s and 21.8872 s whilst the computation time
needed for the proposed method for the same assessment is 0.0677 s and
0.0749 s respectively for modified IEEE 33 and IEEE 69-bus system. This
demonstrates that the proposed method has high accuracy and efficacy.

Keywords: Artificial neural network, distributed generation, distribution
system, voltage stability index, phasor measurement unit, voltage stability
assessment.

1 Introduction

Incessantly, contemporary distribution systems experience ever-increasing
power demand. On a daily basis, the distribution systems are forced to
encounter peculiar change from a low to high power demand [1]. Distribution
network suffers voltage collapse under some serious loading circumstances.
The voltage stability issue grows to be more severe with the introduction
of distributed generation (DG) in distribution level [2]. Thus, an effective
and precise on-line voltage stability monitoring method is very crucial to
avoid major blackouts. Notably, a robust, precise, and fast voltage stability
online monitoring approach is one of the pivotal decisions. Currently, the
continuation power flow (CPF) [3] based approaches are extensively used for
the voltage stability assessment. However, techniques that incorporate CPF
cannot be employed for online implementation due to the intricacy of the
CPF computation. Furthermore, the load margin assessment approach based
on CPF is a sort of overall assessment, which is incompetent to predict the
unstable buses in the distribution system [4, 5]. To solve this issue, the authors
in [6] suggested a centralized voltage control approach based on sensitivity
analysis for active distribution systems. However, the sensitivity analysis
employs a voltage stability index known as Thevenin-based load impedance
margin (TLIM) that also involves several complex calculations and deriva-
tions, which makes the entire procedure to be inefficient. Hence, a number of
researchers proposed voltage stability monitoring approaches using real-time
information from PMU [7-11]. In [12], artificial neural network (ANN) and
data from PMU are used to foresee the range of load margin of the network.
ANNs are shown to have great approximation ability in a very accurate and
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acceptable degree in [13]. However, this approach is still incapable to find
the weak buses in the system to provide useful information to the network
operators for voltage collapse prevention.

To solve the abovementioned issues, a number of new local voltage stabil-
ity indices were intended to achieve voltage stability monitoring in real-time,
for example, the fast voltage stability index (FVSI), simplified voltage stabil-
ity index (SVSI), and line voltage stability index (LVSI) [14-20]. As reported
in [21], the local indices can be computed using stability monitoring and
reference tuning device known as (SMARTDevice). The SMARTDevice
utilizes local information to measure the voltage stability of a bus. Then, the
SMARTDevice transmits the outcome of the local index to the management
center for an overall judgment [22, 23]. Accordingly, the SMARTDevice can
use the information from index of buses in the system in order to detect
the sensitive nodes in the system. Nevertheless, the local indices also have
their shortcomings. For instance, when the local indices consider that the
corresponding parameters are stable during sequential measurement infor-
mation frames, this does not correspond to the real condition in network
processes. Thus, parameter drift induced by time-changing working terms
and inaccuracy in the measurement information has started to be established
as critical attributes [24]. Furthermore, occurrence of lag and disturbance in
the gathered data will badly influence the precision of the assessment. Hence,
the authors in [25] suggested different types of Kalman’s filter techniques
in order to resolve the aforesaid limitations. However, the Kalman filters
have a tendency to expand the time taken for assessment and it may produce
distorted data.

From the above-reviewed literature, it can be seen that a substantial
number of works have been developed on the voltage stability monitoring
of transmission networks, however, only a few works have been developed
on the voltage stability monitoring of radial distribution systems. The authors
in [26] have suggested a feed-forward technique to assess the condition and
determine the stability index for every bus in a radial distribution system.
However, the feed-forward-based approach also involves several complex
calculations to assess the stability condition of a radial distribution network,
which makes the entire procedure to be inefficient. In [27], a voltage sta-
bility monitoring method for distribution system utilizing a nodal model is
proposed. The proposed model uses an index based on impedance matching
theorem obtained to assess the margin of voltage stability to detect the
sensitive buses in the system. However, this technique is not appropriate for
online application of monitoring voltage stability of distribution networks due
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to the need for iterative calculations which results in long calculation time.
Also, the methods in [26, 27] do not permit for varying loading proportions of
the different buses in the radial distribution system which would significantly
influence the voltage collapse point.

In this paper, the stability index (SI) introduced in [1] is chosen as the
voltage stability index (VSI) for online monitoring of voltage stability. This
VSI is appropriate for distribution network applications. Additionally, SI
can assess the voltage stability precisely and immediately using the local
measurements by the distribution-level phasor measurement unit (D-PMU).
This work employed ANN to determine the SI to enhance the SI to be more
appropriate for online voltage stability monitoring in distribution networks.
This approach can reduce the computational time taken and increase the
precision of SI. Thus, it is appropriate for online monitoring of voltage
stability.

The key contributions of this article are as follows:

* The SI-based online monitoring of voltage stability technique intro-
duced in this work can detect vulnerable regions and sensitive buses
in distribution system. Furthermore, modern distribution systems con-
nected with DGs can also be monitored according to this aspect.

* The ANN-based approach resolves the parameter drift issue in contrast
to the SI computed using the conventional computation procedure.
Moreover, the SI can be determined quickly using ANN.

The rest of this article is structured in the following way: A brief descrip-
tion of SI is given in Section 2. In Section 3, the ANN-based online voltage
stability monitoring approach is described. The approach of ANN model
is presented in Section 4. Next, Section 5 depicts the case studies in this
work. Section 6 concludes this paper with key conclusions of the presented
ANN-based approach.

2 Stability Index

Generally, the radial distribution network is known as a nonlinear system.
As reported in [1], ST is a local VSI for assessing the stability degree of radial
distribution systems and thus suitable response can be imposed in case the SI
signifies a low stability level. SI was derived based on the quadratic voltage
equation at sending node, receiving node, and at receiving branch’s power.
When the value of the SI at a bus is minimum, the bus is identified to be most
vulnerable to voltage collapse. For steady control of the radial distribution
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systems, the relationship is as follows:
SI(m2) >0, form2=23,...,NB (D

where m2 is the receiving end bus, SI(m2) is VSI of bus, and NB is total
nodes. The voltage of every bus and the branch currents are known after the
power flow analysis, hence the P(m2) and Q(m2) for m2 = 2,3,..., NB
could be simply computed by:

P(m2) —jQ(m2) = V*(m2)I1(jj) 2)

where total real power supplied through bus m2 is represented by P(m2),
the total reactive power delivered by bus m2 is represented as Q(m?2), the
voltage of bus m?2 is signified by V' (m2), and current of branch jj is denoted
as 1(jj).

Then, the SI could be expressed as:

SI(m2) = |V (m1)|* — 4.0{P(m2)z(jj) — Q(m2)r(jj)}*
— 4.0{P(m2)r(jj) + Q(m2)z(jj) |V (m1)| 3)

where V' (m1) is bus m1 voltage, r(jj) is branch jj resistance, and z(jj)
is branch jj reactance. However, in this work, there is no need for power
flow analysis in order to obtain the voltage of bus V(m2) and current
parameters /(jj). Instead, with known voltage of bus V' (m2) and current
parameters /(jj) obtained from D-PMU, the SI can be found quickly using
the straightforward equation of Equation (2). By doing so, the time needed
to obtain the value of SI is greatly reduced which makes the SI suitable for
online application. The SI value varies from 0 — 1, and ST = 0 exemplifies
the critical point where the voltage collapse is anticipated.

Although the SI value can be obtained effortlessly by using the real-time
gathered bus data from D-PMU, and the speed of computation fulfills the
online needs, the practical implementation of this technology in distribution
systems connected with DGs is lacking. As shown in Equation (3), when
the state of network has no difference or slight difference, the parameter
drifting, and time-changing issues still will affect the correctness of this
approach. In addition, penetration of renewable energy sources (RESs) in dis-
tribution systems will increase the significance of these challenges. Moreover,
this approach cannot precisely create a systematic mathematical correlation
among the corresponding parameters and control actions [24]. Also, the
nonlinearity of the system is heavy when the network is near to the emergency
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state, which will cause parameter drift easily. Thus, even though this type
of technique is appropriate for monitoring in real-time, it is challenging
for achieving organized preventive management optimization. To solve the
aforementioned events and issues, this paper proposed an ANN-based online
voltage stability monitoring approach, which employed ANN method to
predict SI.

3 ANN-Based Online Voltage Stability Monitoring
Approach

In this paper, authors have employed the multilayer perceptron (MLP) model.
MLP is the most commonly utilized ANN [28, 29]. This type of neural
network model is also recognized as the feed forward neural network [30].
For the learning algorithm, the authors have used the back propagation (BP)
algorithm. The model of neural network is exhibited in Figure 1.

Several mathematical equations of the BP algorithm are presented below.
Equation (4) shows the system’s input vector.

X = (21,29, .., @4 ...,xp) 7" 4)
The hidden layer output vector can be expressed as:
Y:(yl,ygj...,yj,...,ym)T 5)
The one force system output is expressed by Equation (6):
O=o0 (6)
The one desired force system output is presented in the equation below:
D=d (7)

The perceptron indicates the initial weight and bias randomly and the
connection weight matrix among the layer of input and layer of hidden is as
follows:

Wi = [wji] (8)

The weight among the layer of hidden layer and layer of output is as stated
in Equation (9):

Wy = (w1, we, ..., wj,..., wy) 9)
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Likewise, the bias is expressed as:
By = (b1,b2,...,bj, ... by)T (10)
By =bo (11)
The perceptron output can be exemplified as:
O=W3Y — By (12)
Meanwhile, the hidden layer output can be written as:
Y = f(W1iX — B1) (13)

The BP algorithm is based on the gradient descent approach. This
approach minimizes the error between the output of the system output and
output desired [31]. Note that, for system training of BP algorithm, the loss
function is its objective.

E = Z(D - 0)? (14)

Hence, changing the bias and weight parameters of the system in a
manner that reduces the error is an important measure. It is worth noting
that in BP procedure, this is the gradient descent approach and chain partial
differential rule of matrix. Equations (15) and (16) present the difference in
bias and weight amongst the layer of hidden and layer of output, whilst 7 is
the system learning rate coefficient.

OF

AWz = —ngm = —n(D - o)y” (15)
OF

Correspondingly, the difference of bias and weight amongst the layer of
input and layer of hidden can be taken as:
oF T T
AWi=—-ner=—W3 (D-0)0Y o (I -Y)X 17)
oW
The Hadamard product is signified by ©, while the ones matrix with the
similar sizes as Y is denoted by 1.

)

AB]_ = *7]6731

= gWi(D-0)oYo(I-Y) (18)
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Figure 1 Model of ANN.

Lastly, the bias and weight are changed and modified utilizing the
Equations (19) to (22).

Wa(t+1) = Wa(t) + AW, (19)
By(t +1) = By(t) + AB; (20)
Wi(t+1) = Wi(t) + AW, Q1)
Bi(t+1) = By(t) + AW, (22)

The process goes on up until the maximum iteration or until the error is
under the set error value.

ANN comprises input layer, hidden layer, and output layer as illustrated
in Figure 1. The neurons in every single layer are indicated by circles in
Figure 1. The weight connection is characterized by the arrows between
two neurons. The total input layer and total output layer of ANN are set as
one, however, the total neuron in the layers is identified based on the input
and output characteristics. Furthermore, the total hidden layers are not fixed,
but it must be set corresponding to the needs of practical use through tests.
Normally, the higher the number of hidden layers, the greater the ability of
nonlinear fitting of ANN, but the hidden layer increment will trigger the ANN
to encounter the overfitting issue. As a result, it is vital to select an appropriate
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hidden layer number in the neural network structure. In the meantime, the
input neurons in every layer are every neuron’s output in preceding layer,
apart from the input layer. Accordingly, each neuron in ANN signifies a
mathematical connection, known as forward propagation algorithm [32]. The
neural network output can be acquired utilizing the forward propagation
algorithm. Then, the error of the output obtained can be fed back to the neural
network model utilizing the back-propagation algorithm. By doing so, the
parameters of the model can be enhanced to achieve more precise outcome
of the forecast.

Hence, in this paper, a voltage stability online monitoring approach
for DG integrated distribution system is proposed based on the notion of
ANN discussed above. Using D-PMU in the network, distribution system
information is acquired by the proposed technique, and the SI is computed.
Then, the ANN is trained by utilizing the distribution network information
and the computed SI values. In real time, the voltage stability can be assessed
by the trained ANN. Accordingly, the power distribution network operators
can obtain the real-time voltage stability of distribution system in online to
avoid voltage collapse or instability using this ANN structure. Note that, to
achieve the online monitoring method, it is assumed that the D-PMUs have
been installed in the distribution system and the suggested technique only
utilizes the information gathered by the D-PMUs and the approach of ANN
model is designed.

4 Approach of ANN Model
4.1 ANN Design

For the intended approach, it is essential to create an ANN structure which
the inputs are distribution grid information, and the output is SI value.
According to the Section 3 of this article, the total neurons in layer of input
are equal to total inputs, and total neurons in output layer are equivalent to
the total outputs. Thus, the total input layer neurons will be identified through
experiments. Meanwhile, the total output layer neuron is set as one, whereas
total layers of hidden and neurons number in it were identified through an
experiment as single layer of hidden with thirty-eight total neurons. In this
research, the tansig function is adopted to be the input activation function
whilst linear function (purelin) is adopted as the output activation function. It
is worth to mention that the approach proposed in this article used MATLAB
software. The maximum number of epochs set to train the model is 150
epochs. In the case study below, the procedure is presented thoroughly.
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4.2 Training Process of ANN

Based on VSI as the voltage stability indicator, the entire procedure of
constructing the ANN is demonstrated in Figure 2. The key training process
of the ANN are as follows:

(1) Many instances with distinct loading points are generated at random.
Then, the randomly generated cases are verified using load flow analysis
to confirm that only the appropriate instances go into the following
stage. In order to manage the DGs effectively during the load flow
computations, the load flow technique discussed in [33] is used. In order
to produce enough samples of training data for the ANN model training
process, this work utilizes 1000 instances which are created at random.

(2) For computing the SI values of sensitive buses as the VSI, the SI
algorithm is applied. Consequently, the SI values are obtained, and this
serves as the output target of model of ANN to be trained.

(3) Next, to perform training process of the ANN model, the inputs and
target datasets are fed into the ANN.

The trained ANN model can be utilized to forecast the VSI for unseen
cases by the ANN in the process of ANN model testing.

4.3 Training Data Generation

A substantial number of load flow analyses with various loading points should
be produced at random to acquire an adequate amount of data sets for training.
Then, for the samples, the operating parameters of the buses are gathered.
Next, to compute the values of SI, the bus voltage and current parameters are
fed into Equation (2). Accordingly, the bus data and SI values are utilized
as the input and target of ANN, respectively. It is crucial to use continuous
power flow technique to determine the highest loading point (critical point)
of the distribution network and guarantee that the loading points in every
scenario are below than the critical point. This is done to confirm that each
case has load flow solution.

In this research, the loading level coefficient denoted by k is utilized
to achieve the loading proportion of distribution system. The k value is
controlled between 0 and k4., where the highest loading point is denoted by
kmaz- Thus, the procedure to generate the training data is described below:

(1) 1000 values of k are randomly generated to acquire 1000 power flow
scenarios with distinct loading points, and these values of k are evenly
distributed.
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Create various instances with different
loading levels randomly

v

Confirm the practicability of initial loading
levels by conventional load flow analysis

v

Implement the Sl algorithm to obtain Si

H

Obtain the target Input samples for
samples for ANN ANN

|
v
ANN model training

v

Trained ANN model

Figure 2 Training procedure of ANN model.

(2) Then, the data of 1000 random scenarios are put into the SI algorithm in
order to obtain 1000 samples of data for training.

(3) Lastly, the voltage magnitude, real power, reactive power, and phase
angle of every node in the system are stored as the inputs of ANN, and
the corresponding computed value of SI is stored as the target output
of ANN.

4.4 Performance Evaluations of ANN

In this research paper, the performance of the testing data is assessed
using two performance parameters, namely root mean square error (RMSE)
as stated in Equation (23), and maximum error (ME) as expressed in
Equation (24):

N
1 2
RMSE = | + ;1 (zi — o) (23)

ME = maz|z; — x| (24)
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where the target value of SI acquired through the SI algorithm is represented
by xg, the value of SI forecasted through the ANN model is represented by
x;, and the total samples utilized for training the network is denoted by NV.

5 Case Study

Simulations are performed on the IEEE 33-bus radial distribution system
with four DGs and IEEE 69-bus radial distribution system with three DGs
to assess the efficacy of the proposed approach in monitoring the status of
voltage stability online for distribution networks connected with DG units.

5.1 Case 1: IEEE 33-bus Distribution Network

At first, the approach proposed is demonstrated on the IEEE 33-bus system
to validate its accuracy. Figure 3 presents the one-line representation of
IEEE 33-node radial distribution network integrated with four DGs. The
network contains 32 branches and 33 buses. Node 1 is connected to the main
substation and the network includes 32 loads. The total power requirement
of the network is 3.72 MW and 2.29 MVar [34]. Original state with base
loading level of the IEEE 33-bus network is taken from [35]. Meanwhile, the
total supply limit of the four DGs is 1.83 MW, and the four DGs considered
are two photovoltaic (PV) generators (DG1 and DG3) whilst the remaining
two are constant generators [36]. Note that, every DG is modeled as a
synchronous generator. The power ratings of each DG unit connected to
IEEE 33-node network are given in Table 1. Following this test, the proposed
approach will be examined on a larger radial distribution network in DGs
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Figure 3 IEEE 33-bus network one-line diagram.
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Table 1 DG specifications for IEEE 33 bus network

DG Name Bus Type Rating of Active Power (MW)
DG 1 4 PV generator 0.03
DG2 7 Constant generator 0.80
DG 3 25 PV generator 0.60
DG 4 30  Constant generator 0.40

Table 2SI values of IEEE 33-node network with DGs

k Bus SI Bus SI

1.0 2 1.0000 18  0.7666
3 0.9927 19  0.9927
4 0.9611 20 0.9906
5 0.9441 21 0.9765
6 09278 22 09737
7 0.8848 23 09611
8 0.8760 24  0.9540
9 0.8590 25 0.9418
10 0.8373 26  0.8848
11 08176 27  0.8799
12 0.8147 28 0.8736
13 0.8097 29  0.8438
14 0.7895 30 0.8233
15  0.7821 31 0.8160
16 07776 32 0.8023
17  0.7731 33 0.7992

presence to confirm its effectiveness and applicability in small and large
radial distribution systems.

5.1.1 Implementation of Sl algorithm

In this paper, by applying the local VSI, that is the SI, we can determine
the stability status of the entire radial distribution network using the local
information knowledge.

Using MATLAB software, the SI algorithm is created based on the SI
discussed in this paper. Then, the values of SI for every PQ bus in IEEE
33-node radial distribution system at the unchanging loading point of (k = 1)
are calculated. Consequently, the values of SI of each PQ bus in the network
are presented in Table 2.

The current loading point of the network is indicated by k& (loading level
coefficient) as shown in Table 2. The distribution system will be nearer to
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the voltage collapse as the k value increases. As mentioned earlier, SI is
the VSI, and a lower value of SI indicates that the bus is more vulnerable.
By comparing the values of SI obtained through the unchanging loading
proportion, it can be seen that the bus with the least SI value is bus 18.
Thus, the 18th bus is identified to be the weakest bus in IEEE 33-bus radial
distribution network with the penetration of four DGs. Therefore, it can be
noted that the SI algorithm can be implemented as the VSI to determine the
weak buses in radial distribution networks incorporated with DG units.

5.1.2 Selection of ANN model inputs

It is worth mentioning that the input signals for ANN model can be of
various combinations. Hence, it is imperative to decide the finest input signal
combination for the ANN model. For this purpose, in this research, four
distinct input signal combinations that are correlated to the SI are tested. The
distinct input signal combinations are listed in Table 3.

This study produces 1000 scenarios at random using the data generation
procedure presented in Section 4.3 to discover the most superior input signal
combination. Next, 900 scenarios amongst the generated scenarios are split
into training samples and the balance of 100 scenarios are testing samples.
The most superior input signal combination will be discovered through
comparison of the performance variation among the distinct combinations
of input signal.

The precision of the SI obtained using the trained ANNs with distinct
combinations of input signals is compared in Figure 4. The plots of actual
SI against the estimated SI using ANN model for the 100 unseen testing
scenarios of the four distinct input signal combinations are displayed in
Figure 4. Note that, every dot in the plot should be positioned on the diagonal
line if the values of the actual SI are totally similar to the estimated SI. The
RMSE and ME for the 100 unseen testing scenarios are provided in Table 4.

Figure 4 and Table 4 prove that superior accuracy has been achieved by
the ANN model with signal set 4: voltage magnitude, phase angle, real power,
and reactive power. Hence, these four signals are strongly correlated to the SI.

Table 3 Distinct input signal combinations

Signal Set Signal Combinations

1 Real power and reactive power

2 Voltage magnitude and reactive power

3 Voltage magnitude and phase angle

4 Voltage magnitude, phase angle, real power, and reactive power
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Figure4 Comparison of estimation performances of SI values for different input signal sets.

Table 4 Performance of ANN with different input signal sets

Signal Set Max Error RMSE
1 0.5596 0.1409
2 0.0574 0.0210
3 0.0339 0.0166
4 0.0137 0.0048

5.2 Case 2: IEEE 69-bus Distribution Network

Principally, the proposed technique in this article deals with the voltage
stability online monitoring issue for distribution systems incorporated with
DGs. Thus, proposed methodology is examined on IEEE 69-node radial
distribution network with three DG units to exhibit that the approach pro-
posed also has great effectiveness in larger distribution network. The IEEE
69-node system is a larger radial distribution network than IEEE 33-node
radial distribution network. As the system gets larger and more complex, the
time needed to monitor the voltage stability status of the network becomes
an even more critical aspect. It is also noteworthy that voltage stability issues
usually initiate from local regions and progressively expand to other areas of
the system. Therefore, it is necessary to identify the weak buses of the system
quickly and accurately even in a large system in order to prevent voltage
collapse. The one-line representation of IEEE 69-node radial distribution
system with three DGs penetration is illustrated in Figure 5. For the IEEE
69-node system, the overall real power requirement is 3.802 MW while the
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Table 5 DG specifications for IEEE 69 bus network

DG Name Bus Type Rating of Active Power (MW)
DG 1 11 Constant generator 0.259
DG2 18  Constant generator 0.551
DG3 61 Constant generator 0.937

total reactive power demand is 2.694 MVar and original state with base
loading level is obtained from [37]. This large-scale test network contains 68
branches and 69 buses [38]. As illustrated in Figure 5, three DGs are allocated
as constant generators for this system with maximum supply of 1.747 MW
when every DG is functioning [36]. Table 5 presents the details of each DG
unit under operation for the IEEE 69-node test system.

To demonstrate the efficacy of the proposed approach, top six weakest
buses in the IEEE 69-node radial distribution system have been identified,
namely bus 60, bus 61, bus 62, bus 63, bus 64, and bus 65, based on the SI
algorithm presented in Section 2.

5.2.1 Numerical results

For the training of ANN model, 1000 random scenarios are formulated for
every weak bus mentioned above using the data production procedure of
training data generation. From the 1000 scenarios, 900 scenarios are set as the
training samples whilst the balance 100 scenarios are set as the test samples.
According to the Section 5.1.2 of this paper, the input signals of ANN are the
voltage magnitude, phase angle, real power, and reactive power of each node.
Figure 6 and Table 6 display the simulation results of each weak bus in IEEE
69-node radial distribution network.
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Figure 6 Estimation performances of SI values for different nodes of IEEE 69-bus system.

Table 6 Performance of ANN with weak buses of 69-bus test system

Bus Number Max Error RMSE

60 1.6359 x 10™°  6.6719 x 107°
61 2.7686 x 107°  1.6013 x 107°
62 2.6062 x 107°  1.4191 x 107°
63 1.0517 x 10™°  5.3027 x 107°
64 2.1900 x 107°  1.1511 x 107°
65 2.5554 x 107°  1.4651 x 107°

5.2.2 Computational performance
In addition to its superior precision, the proposed approach is outstanding
in terms of computation time, which will be more noticeable in the large-
scale distribution grid. The CPU time of the proposed technique is compared
with the CPU time of the conventional CPF technique for IEEE 33-node
and IEEE 69-node radial distribution network. Simulations were performed
on MATLAB environment using a PC with an Intel Core i7-4720HQ CPU
2.60 GHz processor, and 8.00 GB RAM. Using the same computer, the
assessments were implemented. Data set of 900 training scenarios and 100
unseen test scenarios used by the approach proposed in this paper. Also, for
both networks, the 100 scenarios were calculated using CPF method. The
computation time is recorded, and Table 7 tabulates the findings.

As presented in Table 7, the time taken for training of proposed approach
for IEEE 33-bus network is 7.5015 s, whereas it needs 9.3917 s for training
six models of ANN for six different buses of IEEE 69-bus network at the same
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Table 7 Comparison of algorithms in both test networks
Test System  Training Time (s)  Testing Time (s) CPF Time (s)
33 7.5015 0.0677 16.2500
69 9.3917 0.0749 21.8872

moment. Furthermore, the voltage stability assessment of new scenarios is
instant after the ANN training is done. The time of computation to predict
the SI values for 100 test scenarios using the trained ANN is less than
0.07 s for IEEE 33-node network. Meanwhile, for IEEE 69-node network,
time of computation to predict the SI values for 100 test scenarios using
the trained ANN is lower than 0.08 s. However, the CPF method takes
16.2500 s to compute the voltage stability assessment of 100 test scenarios for
IEEE 33-bus network, whilst the CPF method requires 21.8872 s to compute
the voltage stability assessment of 100 test scenarios for the IEEE 69-node
system. From the comparison with CPF technique as demonstrated above, it
has been found that the approach proposed has a clear enhancement in terms
of the speed of computation.

6 Conclusion

In this paper, voltage stability online monitoring approach employing ANN
is proposed for distribution system connected with DG units. ANN is applied
as the machine learning technique to accomplish voltage stability online
monitoring in this approach. By using a substantial amount of essential infor-
mation, the nonlinear relationship between distribution grid control status
and resultant SI is mapped. The essential information consists of the voltage
magnitude, phase angle, real power, and reactive power acquired by D-PMUs.
The efficacy of ANN in voltage stability measurement is validated through
the simulation outcomes on IEEE 33-node and IEEE 69-node radial distri-
bution network. From the comparison between proposed approach and CPF
approach, it has been found that the proposed approach is quicker than the
CPF approach. Furthermore, the proposed approach has the ability to identify
the weak buses in the system, and this is vital to assist operator of the network
to determine operational conditions and execute actions promptly. Moreover,
the proposed method can be applied in distribution systems integrated with
DG units at different nodes of the network without any difficulty. Hence,
during emergency situations, it is feasible to shed some loads from the system
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to improve the SI values of every other stable bus in the system to prevent
voltage collapse and blackout.
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