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Abstract. Voltage Stability Indicators (VSI) play a significant role in determining the voltage stability of the
power system. In order to forecast the voltage instability of the system using voltage stability indicators, this
paper presents an implementation of an Artificial Neural Network (ANN) based on the Levenberg–Marquardt
(LM) technique. In this context, the performance of three voltage stability indicators – the Line Voltage Sta-
bility Index (LVSI), the Line stability index (Lmn), and the Fast Voltage Stability Indicator (FVSI) are com-
pared. Based on the maximum active power loadability of load buses of the IEEE 14-bus and IEEE 118-bus
systems, these indicators are used to assess their vulnerability. The LVSI, Lmn, and FVSI indices obtained from
the Newton-Raphson method of the most severe buses of both test systems are compared with the forecasted
values by the ANN method under base load to critical loading conditions. The real and reactive power losses of
the lines associated with the most severe bus of the systems and totally real and reactive power losses of the
systems are forecasted by the MATLAB NN toolbox under wide variations in active power loading. The Static
Synchronous Compensator (STATCOM) is used to enhance the voltage of the most severe bus of the system.
The outcomes show that the methods for assessing voltage stability using ANN under the variation of the real
power demand of the critical bus is highly précised and technically feasible.
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1 Introduction

Voltage instability arises as a result of a system’s condition
varying fortuitously due to a rapid increase in load demand.
Additionally, the current power system is used extremely
close to its stability thresholds. The unexpected growth in
the electricity system’s load demand restructuring lowers
the overall system’s efficiency and dependability [1]. Volt-
age drops, power outages, and the conflict between trans-
mission and generation result in an unsteady and
vulnerable system. A few literary analyses demonstrate that
the development of physical ideas and mathematical repre-
sentations of voltage constancy has advanced steadily.
They either depend on the viability of solutions for load
flow, such as P-V and Q-V curves, quick load disconnected

flow, Continuous Power Flow (CPF) [2, 3], or on other
methods, such as modal analysis [4], best voltage security
analysis, power transfer, singularity, or traffic control.
The numerous operating variables of the system under var-
ied conditions affect the node’s susceptibility. Any single
variable might not be sufficient to determine voltage stabil-
ity at a given network node. To prevent any serious sys-
temic problems, the interdependence of these variables
must be discussed in all courses. Voltage stability indices
(VSIs) are derived in order to identify voltage stability mar-
gins, maximum load, weak lines, and weak bus in the net-
work. VSIs are defined for a line or bus and are classified
based on considerations, critical values, regional or univer-
sal stability investigation, and network modeling [5]. Sensi-
tivity is examined in some articles by estimating the
system’s eigenvalues or using a proximity indicator [6].
The system variable quantity (Jacobian matrix) is the* Corresponding author: santoshgupta1990@gmail.com
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major criterion used to categorize these indices. The
required information can be gathered from PMUs or static
evaluation, and both offline and online modes can be
applied. Voltage collapse point characteristics serve as the
foundation for all VSIs [4]. Due to its limited nature, volt-
age collapse happens when the reactive power demand can-
not be satisfied. Devices called FACTS keep the reactive
power supply dynamic [7, 8]. They are employed in the reg-
ulation of voltage, load sharing between parallel corridors,
management of loop flows, and power flow. Recently, Arti-
ficial Neural Networks (ANN), which are ideal for a large
power system, have been on the scene to function more
rapidly and decisively. It may result in a strong reliance
between the input and the output. It can be used for secu-
rity, load forecasting, tracking transient stability assess-
ment, the flexibility of protective systems, and many
other things [9, 10].

It has already been discussed how to assess voltage sta-
bility using a variety of indicators [1, 5, 11]. Several artificial
intelligence paradigms have been linked with a voltage
instability indicator in the past Devaraj and Roselyn [12],
Subramani et al. [13] proposed the Radial Base Function
Neural Network (RBFNN) and Cascade Based Feed For-
ward Neural Network (CBFNN) approaches utilizing the
Global Voltage Stability Indicator (GVSI), while Borazjani
et al. trained the data using the Linear Programming (LP)
methodology technique [6]. A Jacobian matrix calculation is
necessary for GVSI. The voltage collapse point and the
voltage stability margin are calculated using VSIs based
on the Jacobian matrix [5]. In contrast to the parametric
voltage stability indicators, it requires more computation
time and becomes more difficult with any topological alter-
ation or system size. Therefore, parametric VSIs are prefer-
able for the examination of the stability. Devaraj and
Roselyn used RBFNN with reduced input topographies
and L index in a NN for online assessment [12], which
allowed for high accuracy and rapid calculations. Goh
et al.’s definition of line indicators [14] used all of the indi-
cator’s parametric parameters as input to create VSIs.

Three-line indices were compared with Newton-Raph-
son and ANN approaches for the forecast of the voltage sta-
bility of the electrical network [15]. The voltage stability
margin was investigated using an ANN [16]. In [17], the
study suggested a PMU measurement-based method for
observing and evaluating the voltage stability margin that
uses an ANN hybrid model. The meta-parameter of ANNs
is optimized by Particle Swarm Optimization (PSO) to
increase the rate of convergence. The article [18] suggests
an Artificial Neural Network (ANN) based method for
online maintenance control of the grid-equipped Voltage
Source Converters (VSCs) with the pole-tracking feature
to address the stability problem of weedy grid-equipped
VSCs. In the study [19], a method for very short-term grid
frequency and voltage forecast was developed using Deep
Recurrent Neural Networks (DRNN) and ANNs. To lower
the computational charge of the traditional Power Flow
(PF) method, [20] introduces a brand-new planning tool
for Hopfield Neural Networks (h-HNN) based on heuristics.
The suggested strategy is an energy function-based, Jaco-
bian-free strategy that was developed using the system’s

power residuals. [21] focuses on giving a thorough overview
of the most recent Machine Learning (ML) methods used
for online voltage stability assessment. A novel unified volt-
age collapse proximity indicator based on intelligent control
and generalized approximate reasoning was proposed in [22]
as a method for determining the voltage of the system’s
weak buses. In order to rank the load buses and determine
which is the most crucial, [23] proposed a novel method for
determining each load bus’s maximum loading limit using a
modified continuous power flow method. A controller was
proposed in [24] that can lower the system parameter peak
values and uncertainties that are increased during grid
faults. The transient stability assessment methods using
Deep Reinforcement Learning (DRL) and Reinforcement
Learning (RL) are also briefly discussed in [25]. The pri-
mary reason for voltage collapse is a deficiency in the pro-
duction and support of reactive power. Rearranging the
schedule for the generation of reactive power or adding
more reactive support to the system can meet the reactive
power demand [26]. In the [27] study, contingencies are first
ranked according to their voltage stability margin, and then
the most crucial line of the IEEE 14-bus system is identified
using the line stability factor (Lqp), Fast Voltage Stability
Index (FVSI), and the Line stability index (Lmn) methods.
The Lmn [28], FVSI [29], Lqp [30], and Line Voltage Stabil-
ity Index (LVSI) [31] were investigated to assess the sever-
ity of lines.

In this study, the LVSI, Lmn, and the FVSI are com-
pared for their performance to assess the voltage stability
of the system. These indicators are used to determine how
vulnerable the IEEE 14-bus and IEEE 118-bus systems
are based on the maximum active power loadability of their
load buses. The LVSI, Lmn, and FVSI indices were com-
puted for the most severe buses of both test systems using
the Newton-Raphson approach and are compared with
the values predicted by the ANN method under base load
to critical loading circumstances. The NN methodology
could be valuable for a big electrical network if the NN con-
figuration is not overly complex, because the findings would
be quicker with better accuracy, which is the most difficult
condition for voltage stability analysis. So, since this
research talks about reducing the number of dimensions,
the simple, quick, and accurate NN method using the volt-
age stability indices is used here to predict the bus voltage
stability using only some of the input variables for train-
ing. The Static Synchronous Compensator (STATCOM)
is also employed to raise the voltage stability of the system’s
most critical bus.

2 Voltage Stability Indices (VSI)

Both the system’s static and dynamic elements have been
covered by VSI. This method, which provides the precise
dynamics of the voltage stability, is an approximation of
the dynamic modeling of the two bus systems. The weakest
bus, line, maximum allowable loadability, and distance to
the voltage collapse point can all be found using the line
indicators. There are already numerous line indications dis-
cussed in a variety of literary works. In this context, a
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successful application is shown together with a performance
comparison of three indicators, namely the line stability fac-
tor (LQP), the Fast Voltage Stability Indicator (FVSI),
and the Line Voltage Stability Index (LVSI). How VSIs
are used to figure out the maximum load that can be put
on the system before the voltage becomes unstable is dis-
cussed below.

2.1 Fast Voltage Stability Indicator (FVSI)

The authors in [29] proposed a fast voltage stability index
(FVSI). This index is a simplification of a previously pro-
duced voltage stability index that was connected to a line
at the transmitting end of a two-bus system representation.
The performance of the suggested indication was evaluated
using the IEEE 30-Bus reliability test system using the
devised index. As a result, equation (1) can be used to
define the equation for the FVSI index.

ðFVSIÞij ¼
4Z 2

ijQj

V 2
i Xij

; ð1Þ

where V is the voltage at the sending end, X is the line reac-
tance, and Z is the line impedance. Q is the reactive power
at the receiving end. An instability point is going to be
reached when the line voltage stability indexes show an
FVSI that is very near to unity (1.0).
2.2 Line Stability Index (Lmn)

In [28], the properties of the line stability factors were
described. Mathematically is represented as:

ðLmnÞij ¼
4XijQj

V i sin hij � dij
� �� �2 ; ð2Þ

Where d is the power angle for the line connected from the
ith bus to the jth bus. For a system to operate reliably and
securely, its Lmn value needs to be lower than 1.

2.3 Line Voltage Stability Index (LVSI)

This index was proposed in [31], which takes into account
line charging capacitances and resistances, which are typi-
cally ignored by many voltage stability indices, because it
is based on transmission line properties. For the suggested
index to determine the voltage stability condition of various
lines, only bus voltage phasor data is needed. The value of
the index ranges from 2 to 1. While a score close to 1 indi-
cates a poor state of voltage stability, a value close to 2 indi-
cates a steady state of voltage. The application results
further demonstrate the capability of the index LVSI to rec-
ognize voltage breakdown points and critical lines. Using
the suggested index, the voltage stability state of various
lines can be evaluated. The following equation represents
the LVSI index.

ðLVSIÞij ¼
2VjAj cos bij � aij

� �

Vi cos bij � aij
� �� � ; ð3Þ

where, A is part of the ABCD parameter of the line, a is the
angle A parameter, and b is the angle of the B parameter.

3 Static Synchronous Compensator
(STATCOM)

In order to control the reactive power flow over a power net-
work and consequently improve the stability of the power
network, a power electronic device called a STATCOM,
or static synchronous compensator, uses force-commutated
devices like IGBT, GTO, etc. Since STATCOM is a shunt
device, it is shunt-connected to the line. Static Synchronous
Condenser (STATCON) and Static Synchronous Compen-
sator (STATCOM) are both names for the same device. It
belongs to the FACTS family of devices, which stands for
Flexible AC Transmission System. Synchronous in STAT-
COM refers to the ability to generate or absorb reactive
power in synchrony with the need to maintain the power
network’s voltage.

A STATCOM can be utilized for a wide range of appli-
cations since it is a quick, multi-quadrant source of reactive
power, and dynamic, but it is best suited for maintaining
the grid during fault, transient, or contingency events. Plac-
ing a STATCOM along a transmission line to enhance sys-
tem power flow is one common application. The
STATCOM won’t do much when things are running nor-
mally, but if a neighboring line fails, the previously provided
power is compelled onto other transmission lines. Normal
power flow causes a voltage drop rise as a result, but if a
STATCOM is available, it can give reactive power to raise
the voltage until the fault is fixed (if temporary) or till an
existing capacitor can be turned in (if fixed). In some cir-
cumstances, a STATCOM can be placed at a switchgear
to help support more than one line instead of just one,
and to help simplify protection on the line that has a
STATCOM on it. The STATCOM can bidirectionally
exchange reactive power and is always connected in a
shunt. This device’s main applications are dynamic (rapid)
correction, voltage support, oscillation damping alleviation,
and enhancing the transient stability limit. The Magnetic
Circuit (MC), Voltage Source Converter (VSC), shunt
breaker, shunt coupled transformer, and protection and
control unit of STATCOM are all depicted in Figure 1.

4 Artificial Neural Network (ANN)

The functioning pattern of biological human brains served
as the basis for the neural network, a computational tech-
nique. Input, hidden, and output layers are all combined
to form the neural network. Depending on the problem, a
further hidden layer may have multiple layers. Different
nodes connected by node connections that have bias values
and specific weights are used to connect all three layers.
Prediction networks come in a variety of forms, but the
problem determines which network will produce the best
results. Networks with multiple layers are widely used
and produce the desired accuracy in a particular sense, as
shown in Figure 2. Feed-forward backpropagation is the
most popular network for problem prediction in electrical
engineering.

The output of the ANN network given in Figure 2 is
written as:
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O ¼ f I 1w1 þ I 2w2 þ I 3w3 þ bð Þ ¼ f
Xn

i¼1

I 1w1 þ bð Þ; ð4Þ

where input variables, weights, bias, and output are rep-
resented by I, w, b, and O, respectively. Here, a Back
Propagation Neural Network (BPNN) is employed,
equipped with sigmoid hidden neurons and linear output
neurons. This makes the system more nonlinear for the
vanishing gradient problem. The Newton algorithm’s
training speed and Error Back Propagation (EBP) stabil-
ity are interpolated by the LM algorithm. This algorithm
typically uses more memory but takes less time. Opti-
mized weights are used to reduce error. The weight initial-
ization, feedforward, spread back error, and weights and
biases update phases make up the backpropagation train-
ing algorithm. The magnitude and frequency of the sys-
tem voltage can be represented as non-linear functions
of real power and reactive power for the static load model.
Since voltage transients decay more quickly, voltage sta-
bility is given priority over frequency. The input and out-
put can be written as:

I i ¼ I i Xið Þ; Oi ¼ Oi Xið Þ: ð5Þ
The input of the hth hidden layer,

I h ¼
X

W th �Oi þ bh: ð6Þ

Figure 1. A schematic illustration of STATCOM using two bus
systems.

Figure 2. ANN network.

Figure 3. Flow chart of the proposed approach.

The Author(s): Science and Technology for Energy Transition 81, 4 (2026)4



The output of the hth hidden layer,

Oh ¼ 1
1þ e�I h

: ð7Þ

Input if Oth hidden layer,

I o ¼
X

Woh �Oh þ bo ð8Þ

The output of the Oth hidden layer,

Oo ¼ 1
1þ e�I o

: ð9Þ

Weight updating in between ith and hth layers,

�wth ¼ 1� Eh �Oj : ð10Þ

Table 1. Line indices values of load buses of IEEE 14-bus under the critical active power loading.

Load Bus LVSI Lmn FVSI Critical active power
loading (in p.u.)

Bus voltage at critical
active power loading (in p.u.)

No. of load
steps

Base
load

4 1.13383 0.87152 0.72246 7.002 0.67366 11 0.478
5 1.25401 0.64513 0.72220 6.701 0.66911 11 0.076
9 1.01975 0.69583 0.97010 3.537 0.69853 11 0.295
10 0.97890 0.60535 0.70045 2.563 0.65373 11 0.090
11 1.16421 0.63795 0.33805 2.55 0.65685 11 0.035
12 1.06846 0.91845 0.90815 2.105 0.62012 11 0.061
13 1.13969 0.97256 0.98080 3.164 0.74408 11 0.135
14 1.00051 0.99411 0.99395 1.627 0.63047 11 0.149

Figure 4. (a) Line indices LVSI, Lmn, FVSI, and bus voltage magnitude of bus 14 vs active power loading at bus 14. (b) Bus voltage
magnitude of bus 14 with and without STATCOM under heavy active power loading at bus 14.

Table 2. Line indices values of load buses of IEEE 118-bus under the critical active power loading.

Load Bus LVSI Lmn FVSI Critical active
loading (in p.u.)

Bus voltage at
critical active loading (in p.u.)

No. of load steps

2 1.1024 0.8542 0.8411 8.91 0.6326 10
11 1.0984 0.9124 0.9025 12.36 0.91606 10
22 1.1106 0.7595 0.7578 3.21 0.64249 10
44 1.0021 0.9918 0.9912 2.87 0.63282 10
45 1.0568 0.9756 0.9689 5.01 0.61867 10
47 1.0815 0.9645 0.9721 9.31 0.66861 10
75 1.1599 0.7962 0.7915 11.14 0.62988 10
88 1.1056 0.6945 0.6882 9.545 0.66244 10
98 1.0865 0.9642 0.9606 6.22 0.676 10
118 1.1221 0.8615 0.8589 2.711 0.64317 10
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Weight updating in between hth and Oth layers,

�woh ¼ 1� Eo �Oh: ð11Þ
For the new iteration, weight updating,

�wjh ¼ �wjh ��woh; ð12Þ
where, is the learning rate.

5 Results and discussion

IEEE 14-bus and IEEE 118-bus systems have been used to
examine the applicability of the proposed method. The
simulation is being carried out by a computer program that
has been created in the MATLAB environment. For the lar-
gest absolute bus power mismatch, a convergence tolerance
of p.u. has been selected. Studies based on the loading

Figure 5. (a) Line indices LVSI, Lmn, FVSI, and bus voltage magnitude of bus 44 vs active power loading at bus 44. (b) Bus voltage
magnitude of bus 44 with and without STATCOM under heavy active power loading at bus 44.

Figure 6. Real and reactive power losses of the lines (14-13)
and (14-9).

Figure 7. Total real and reactive power losses of the IEEE 14-
bus system.

Figure 8. Real and reactive power losses of the lines (44-43)
and (44-45).

Figure 9. Total real and reactive power losses of the IEEE 118-
bus system.

The Author(s): Science and Technology for Energy Transition 81, 4 (2026)6



Table 3. Comparison of LVSI, Lmn, and FVSI indices for NR and ANN methods with different active power loading at
bus 14.

Active load at
bus No. 14
(in p.u.)

LVSI Lmn FVSI

NR
method

ANN
approach

Error
(ê� 4)

NR
method

ANN
approach

Error
ê� 4

NR
method

ANN
approach

Error
ê� 4

0.17363 1.87546 1.87542 �0.42 0.04251 0.04248 �0.23 0.04342 0.04339 �0.23
0.21058 1.85047 1.85063 1.60 0.04413 0.04440 2.74 0.04528 0.04556 2.76
0.22290 1.84221 1.84236 1.56 0.04474 0.04496 2.14 0.04598 0.04620 2.15
0.24753 1.82576 1.82585 0.85 0.04608 0.04606 �0.27 0.04751 0.04748 �0.27
0.29560 1.79402 1.79399 �0.34 0.04915 0.04888 �2.73 0.05098 0.05071 �2.75
0.32143 1.77713 1.77709 �0.41 0.05106 0.05087 �1.89 0.05313 0.05294 �1.92
0.38302 1.73732 1.73731 �0.12 0.05635 0.05648 1.26 0.05909 0.05921 1.21
0.43228 1.70588 1.70589 0.03 0.06140 0.06163 2.39 0.06478 0.06501 2.31
0.44460 1.69808 1.69808 0.05 0.06278 0.06302 2.42 0.06634 0.06657 2.34
0.48155 1.67477 1.67478 0.10 0.06721 0.06741 1.99 0.07135 0.07154 1.90
0.54313 1.63628 1.63630 0.19 0.07565 0.07567 0.17 0.08094 0.08095 0.12
0.58008 1.61336 1.61339 0.23 0.08139 0.08128 �1.12 0.08748 0.08737 �1.10
0.59240 1.60575 1.60577 0.24 0.08342 0.08327 �1.52 0.08980 0.08965 �1.46
0.62935 1.59056 1.58300 �75.57 0.08767 0.08964 19.70 0.09466 0.09698 23.17
0.66630 1.56030 1.56031 0.11 0.09695 0.09665 �2.99 0.10532 0.10506 �2.61
0.74020 1.51513 1.51509 �0.43 0.11301 0.11279 �2.15 0.12391 0.12377 �1.44
0.74020 1.51513 1.51509 �0.43 0.11301 0.11279 �2.15 0.12391 0.12377 �1.44
0.81410 1.47008 1.46998 �0.97 0.13201 0.13205 0.43 0.14608 0.14618 1.07
0.88800 1.42495 1.42490 �0.52 0.15446 0.15469 2.31 0.17250 0.17270 2.08
0.93727 1.39472 1.39478 0.59 0.17167 0.17185 1.86 0.19290 0.19297 0.76
0.97422 1.37192 1.37208 1.55 0.18593 0.18599 0.58 0.20989 0.20979 �0.98
1.03580 1.33357 1.33376 1.92 0.21267 0.21249 �1.83 0.24192 0.24165 �2.70
1.04812 1.32583 1.32600 1.64 0.21852 0.21831 �2.09 0.24896 0.24870 �2.52
1.17128 1.24669 1.24643 �2.61 0.28841 0.28844 0.26 0.33369 0.33391 2.28
1.18360 1.23855 1.23834 �2.06 0.29677 0.29678 0.15 0.34389 0.34402 1.33
1.22055 1.21378 1.21384 0.56 0.32372 0.32362 �0.98 0.37687 0.37661 �2.62
1.29445 1.16239 1.16243 0.39 0.38782 0.38808 2.60 0.45576 0.45612 3.63
1.33140 1.13547 1.13557 0.98 0.42643 0.42692 4.83 0.50351 0.50389 3.81
1.38067 1.09786 1.09738 �4.82 0.48715 0.48531 �18.42 0.57887 0.57745 �14.22
1.46688 1.02491 1.02091 �40.01 0.63220 0.62294 �92.54 0.75982 0.75454 �52.80
1.51615 1.01132 1.01064 �6.81 0.74380 0.74290 �8.96 0.84483 0.84548 6.49
1.60237 1.00650 1.00653 0.32 0.94163 0.94244 8.10 0.96494 0.96531 3.73

Figure 10. Absolute error in LVSI, Lmn, and FVSI indices of
bus 14 for NR and ANN methods with heavy active power
loading at bus 14.

Figure 11. Curve between MSE and epochs for IEEE 14-bus
system.
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combination have been conducted in each test system for
various criteria. Testing all of the load buses under base
case conditions, as well as with heavy active loading at var-
ious nodes, identifies the performance of the overall system.

The weakest bus in the system is the bus that has the
lowest bus voltage under critical active loading conditions.

The LVSI, Lmn, and FVSI indices value for a particular
node is the average value of the line indices of lines associ-
ated with that node. The LVSI, Lmn, and FVSI indices for
the critical bus of the system evaluated from the Newton-
Raphson method are compared with forecasted ANN val-
ues. The real and reactive power losses of the systems are
also predicted by the ANN method. The pictorial represen-
tation of the proposed approach is shown by the flow chart
in Figure 3.

5.1 Heavy active power loading at each bus

5.1.1 IEEE 14-bus system

To investigate the maximum active power loading of each
bus of the system, the active power loading on each bus
increases from the base load until the divergence of the load
flow solution. The maximum active power loadability of a
bus is the maximum loading after which the solution of load
flow will diverge. For the IEEE 14-bus system, bus number
4 has the highest maximum active power loadability of
7.002 p.u. whereas bus number 14 has the lowest maximum
active power loadability, 1.62 among the maximum active
power loadability of all load buses p.u.as shown in Table 1.
So, bus number 14 is considered the most severe bus of the
system, which was also found in [32]. So, this bus can be

Figure 12. Regression plot between the output versus the target of training, validating, and testing for the IEEE 14-bus system.

Figure 13. ANN training plot for IEEE 14-bus system.

The Author(s): Science and Technology for Energy Transition 81, 4 (2026)8



chosen as the most appropriate place for placing the reac-
tive power support devices like Static Var Compensator
(SVC) and STATCOM. For this bus, the line indices LVSI,
Lmn, and FVSI values are obtained as 1.00051, 0.99411,
and 0.99395, respectively, which are very close to their
boundary limits (2 for LVSI, 1 for Lmn, and FVSI).
Figure 4a shows that the line indices LVSI, Lmn, and FVSI
values approach unity as active power loading increases
from base load to maximum permissible load at bus number
14. Whereas Figure 4b shows the bus voltage magnitude of
the bus versus the active power loading curve with and
without deployment of the STATCOM at bus number
14. During heavy active loading conditions, the STATCOM
improves the voltage profile and enhances the active power
loading capability of the most severe buses.

5.1.2 IEEE 118-bus system

The active power loading on each bus increases from base
load to peak load. The critical active power loading on
10 load buses (out of 89 load buses) is depicted in Table 2.
It is observed that among all 89 load buses, bus number 44
has the lowest maximum active power loading capability, i.
e., 2.87 p.u. At maximum permissible active power loading,
the bus voltage magnitude of bus number 44 is 0.63282 p.u.
Whereas bus number 11 has the highest active power load-
ing capability, i.e., 12.36 p.u. The LVSI, Lmn, and FVSI
indices of load buses during critical active power loading
conditions are also depicted in Table 2. Bus number 44 is
decided as the most critical bus of the IEEE 118-bus sys-
tem, at which shunt FACTS devices can be connected to

Table 4. Real and reactive power losses of the line (14-13) and (14-9) for NR and ANN methods with different active
power loading at bus 14.

Load at
Bus No. 14
(in p.u.)

Real power loss in
line (14-13) (in p.u.)

Reactive power loss in
line (14-13) (in p.u.)

Real power loss in
line (14-9) (in p.u.)

Reactive power loss in
line (14-9) (in p.u.)

NR
method

ANN
approach

NR
method

ANN
approach

NR
method

ANN
approach

NR
method

ANN
approach

0.16132 0.00141 0.00139 0.00286 0.00282 0.00075 0.00075 0.00160 0.00160
0.22290 0.00221 0.00221 0.00451 0.00451 0.00164 0.00165 0.00349 0.00352
0.27217 0.00302 0.00304 0.00616 0.00618 0.00261 0.00262 0.00555 0.00558
0.32143 0.00399 0.00401 0.00812 0.00816 0.00382 0.00382 0.00813 0.00812
0.37070 0.00511 0.00513 0.01040 0.01047 0.00528 0.00527 0.01124 0.01119
0.41997 0.00640 0.00643 0.01303 0.01310 0.00700 0.00697 0.01489 0.01480
0.48155 0.00826 0.00812 0.01682 0.01644 0.00952 0.00965 0.02025 0.02060
0.53082 0.00995 0.00938 0.02027 0.02016 0.01185 0.01174 0.02522 0.02515
0.54313 0.01041 0.01034 0.02119 0.02118 0.01248 0.01247 0.02655 0.02654
0.59240 0.01235 0.01240 0.02515 0.02527 0.01518 0.01514 0.03230 0.03218
0.64167 0.01451 0.01449 0.02954 0.02950 0.01820 0.01821 0.03871 0.03875
0.69093 0.01689 0.01688 0.03439 0.03436 0.02154 0.02155 0.04582 0.04585
0.75252 0.02021 0.02021 0.04115 0.04114 0.02620 0.02621 0.05574 0.05576
0.81410 0.02394 0.02395 0.04875 0.04876 0.03145 0.03145 0.06690 0.06691
0.85105 0.02640 0.02641 0.05375 0.05377 0.03490 0.03490 0.07424 0.07424
0.88800 0.02903 0.02904 0.05911 0.05912 0.03859 0.03859 0.08208 0.08208
0.93727 0.03283 0.03284 0.06685 0.06686 0.04390 0.04390 0.09339 0.09338
0.97422 0.03592 0.03593 0.07313 0.07315 0.04821 0.04820 0.10255 0.10254
1.02348 0.04039 0.04039 0.08223 0.08224 0.05441 0.05441 0.11574 0.11573
1.04812 0.04279 0.04279 0.08711 0.08711 0.05773 0.05772 0.12279 0.12278
1.09738 0.04794 0.04794 0.09761 0.09760 0.06482 0.06481 0.13787 0.13786
1.14665 0.05363 0.05362 0.10918 0.10918 0.07258 0.07258 0.15440 0.15439
1.19592 0.05993 0.05993 0.12201 0.12201 0.08112 0.08112 0.17255 0.17256
1.23287 0.06512 0.06512 0.13258 0.13258 0.08809 0.08810 0.18739 0.18740
1.28213 0.07277 0.07277 0.14815 0.14815 0.09828 0.09828 0.20905 0.20906
1.35603 0.08619 0.08618 0.17548 0.17546 0.11587 0.11586 0.24646 0.24645
1.38067 0.09131 0.09130 0.18591 0.18590 0.12250 0.12249 0.26057 0.26055
1.46688 0.11297 0.11299 0.23002 0.23004 0.14996 0.14997 0.31898 0.31900
1.52847 0.13413 0.13412 0.27310 0.27306 0.17596 0.17594 0.37429 0.37425
1.61468 0.18985 0.18894 0.38655 0.38594 0.24080 0.24086 0.51221 0.51251

The Author(s): Science and Technology for Energy Transition 81, 4 (2026) 9



enhance the active power loading capability and bus volt-
age magnitude of this bus.

From Figure 5a, it is observed that as the active power
loading on the most severe bus 44 increases, the Lmn and
LVSI indices increase from zero to unity. In this situation,
the value of LVSI also decreases from 2 to its critical value
(unity). After deploying the STATCOM at bus number 44,
the bus voltage profile of bus 44 is improved as shown in
Figure 5b.

5.2 Real and reactive power losses during heavy active
power loading at critical bus

5.2.1 IEEE 14-bus system

Lines (14-13) and (14-9) are associated with the most sev-
ere bus of the system. So, these lines are highly prone to

Table 5. Real and reactive power losses of the IEEE 14-bus system for NR and ANN methods with different active
power loading at bus 14.

Load at Bus No. 14 (in p.u.) Total real power loss (in p.u.) Total reactive power loss (in p.u.)

NR method ANN approach Error (ê� 4) NR method ANN approach Error (ê� 4)

0.16132 0.13745 0.13743 �0.25 0.33207 0.33200 �0.67
0.22290 0.14679 0.14682 0.30 0.37340 0.37351 1.13
0.27217 0.15498 0.15503 0.42 0.40908 0.40924 1.53
0.32143 0.16386 0.16390 0.37 0.44719 0.44732 1.34
0.37070 0.17344 0.17346 0.21 0.48781 0.48789 0.80
0.41997 0.18374 0.18374 0.01 0.53104 0.53105 0.11
0.48155 0.19771 0.19769 �0.16 0.58895 0.58890 �0.48
0.53082 0.20978 0.20976 �0.23 0.63851 0.63845 �0.59
0.54313 0.21293 0.21290 �0.24 0.65137 0.65130 �0.69
0.59240 0.22607 0.22607 �0.01 0.70475 0.70474 �0.08
0.64167 0.24012 0.24012 0.01 0.76136 0.76136 �0.03
0.69093 0.25512 0.25512 0.02 0.82140 0.82140 0.04
0.75252 0.27531 0.27532 0.06 0.90157 0.90159 0.21
0.81410 0.29722 0.29723 0.09 0.98788 0.98791 0.35
0.85105 0.31126 0.31127 0.09 1.04283 1.04287 0.37
0.88800 0.32601 0.32602 0.07 1.10032 1.10035 0.30
0.93727 0.34688 0.34688 0.01 1.18120 1.18121 0.12
0.97422 0.36348 0.36348 �0.05 1.24526 1.24525 �0.08
1.02348 0.38702 0.38701 �0.12 1.33558 1.33555 �0.32
1.04812 0.39943 0.39942 �0.14 1.38301 1.38297 �0.42
1.09738 0.42566 0.42564 �0.13 1.48281 1.48276 �0.42
1.14665 0.45396 0.45395 �0.05 1.58986 1.58984 �0.21
1.19592 0.48461 0.48462 0.07 1.70513 1.70514 0.15
1.23287 0.50936 0.50937 0.14 1.79771 1.79775 0.38
1.28213 0.54508 0.54510 0.11 1.93059 1.93063 0.31
1.35603 0.60585 0.60583 �0.24 2.15467 2.15460 �0.72
1.38067 0.62849 0.62846 �0.31 2.23752 2.23743 �0.91
1.46688 0.72099 0.72102 0.31 2.57272 2.57283 1.10
1.52847 0.80701 0.80695 �0.63 2.87952 2.87930 �2.25
1.61468 1.01642 1.02106 0.41 3.60527 3.60536 0.94

Figure 14. Absolute error in real and reactive power losses in
the lines (14-13), (14-9), and IEEE 14-bus system for NR and
ANN methods with heavy active power loading at bus 14.
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Table 6. Comparison of LVSI, Lmn, and FVSI indices for NR and ANN methods with different active power loading at
bus 44.

Load at
Bus No. 44

LVSI Lmn FVSI

NR
method

ANN
approach

Error
(ê� 4)

NR
method

ANN
approach

Error
(ê� 4)

NR
method

ANN
approach

Error
(ê� 4)

0.4039 1.90598 1.90571 �2.66 0.01436 0.01482 4.65 0.01423 0.01469 4.67
0.4852 1.85611 1.85611 0.04 0.01621 0.01624 0.23 0.01615 0.01616 0.20
0.5665 1.80806 1.80829 2.28 0.01845 0.01829 �1.56 0.01845 0.01829 �1.58
0.702 1.73163 1.73136 �2.70 0.02306 0.02306 �0.01 0.02323 0.02323 0.06
0.8375 1.65925 1.65997 7.18 0.02888 0.02892 0.46 0.02928 0.02932 0.46
1.0272 1.56374 1.56273 �10.04 0.03931 0.03925 �0.65 0.04018 0.04010 �0.82
1.1898 1.48641 1.49060 41.90 0.05071 0.05009 �6.24 0.05215 0.05150 �6.56
1.2711 1.44908 1.45310 40.25 0.05739 0.05696 �4.36 0.05920 0.05875 �4.51
1.2982 1.43681 1.44013 33.19 0.05978 0.05948 �3.02 0.06172 0.06141 �3.08
1.3524 1.41252 1.41394 14.23 0.06481 0.06479 �0.14 0.06703 0.06703 �0.02
1.4879 1.35308 1.35127 �18.13 0.07900 0.07920 1.98 0.08208 0.08230 2.22
1.5692 1.31819 1.31700 �11.87 0.08878 0.08867 �1.05 0.09246 0.09237 �0.97
1.5963 1.30667 1.30595 �7.17 0.09227 0.09205 �2.16 0.09618 0.09596 �2.14
1.7318 1.24973 1.25062 8.84 0.11170 0.11144 �2.55 0.11688 0.11663 �2.50
1.8402 1.20480 1.20472 �0.76 0.12998 0.13032 3.37 0.13641 0.13678 3.76
1.9486 1.16015 1.15952 �6.32 0.15125 0.15163 3.82 0.15916 0.15956 4.02
2.0299 1.12669 1.12722 5.35 0.16957 0.16923 �3.44 0.17877 0.17838 �3.90
2.0841 1.10432 1.10544 11.26 0.18313 0.18235 �7.76 0.19328 0.19243 �8.54
2.1925 1.05921 1.05812 �10.93 0.21412 0.21403 �0.90 0.22647 0.22639 �0.77
2.2467 1.03636 1.03601 �3.46 0.23195 0.23203 0.84 0.24555 0.24569 1.46
2.3551 1.09228 1.10137 90.83 0.27365 0.27646 28.03 0.29012 0.29244 23.17
2.4364 1.08368 1.08346 �2.25 0.31184 0.31198 1.36 0.33085 0.33033 �5.20
2.5448 1.07222 1.06975 �24.66 0.37628 0.37443 �18.46 0.39932 0.39718 �21.33
2.6532 1.05496 1.05492 �0.49 0.46592 0.46598 0.60 0.49395 0.49513 11.86
2.7616 1.03303 1.03516 21.32 0.60847 0.60780 �6.69 0.64271 0.64518 24.66
2.8593 1.00560 1.00570 0.99 0.91388 0.92000 61.28 0.95408 0.94295 �111.28

Figure 16. Curve between MSE and epochs for IEEE 118-bus
system

Figure 15. Absolute error in LVSI, Lmn, and FVSI indices of
bus 44 for NR and ANN methods with heavy active power
loading at bus 44.
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voltage instability. As the active power loading increases
on bus 14, the real and reactive power losses of the
lines (14-13) and (14-9) are increased. The rate of increase
in the real and reactive power losses of line (14-9) is higher
than that of line (14-13). So, the line (14-9) is highly
sensitive towards voltage stability with increments in
active power loading, as shown in Figure 6. In a similar
manner, the total reactive power loss of the IEEE
14-bus system increases with high rate than real power
loss on increasing the active power loading at bus 14 as
shown in Figure 7.

5.2.2 IEEE 118-bus system

The real and reactive power losses of the lines associated
with the most severe bus 44 have been measured by
Newton-Raphson’s load flow under wide variations in the
load of bus 44. The rate of increase of reactive power losses
is more than the rate of growth of real power losses as the
active power loading increases from base load to peak load,
as shown in Figure 8. The reactive power loss of the (44-45)
is maximum at critical active loading at bus 44. Whereas,
for the line (44-43) at active power loading near base load,
the real power loss is more than the reactive power loss, but
after a certain active power loading, the reactive power
becomes more than the real power loss. Similarly, on
increasing the active power loading at bus 44, the real
and reactive power losses of the system increase. And the
rate of increment of reactive power loss of the system is
higher than real power loss, as shown in Figure 9.

5.3 Assessment of voltage stability using ANN

5.3.1 IEEE 14-bus system

By increasing the active power load of the critical load bus,
the NR static load flow analysis is used to calculate the
LVSI, Lmn, and FVSI indices values. The severity of the
bus is indicated by these values. The amount of maximum
load that can be injected on a bus without causing the sys-
tem to diverge is known as maximum loadability. Implicitly,
in each step, the reactive power is gradually increased until

Figure 17. Regression plot between the output versus target of training, validating, and testing for the IEEE 118-bus system.

Figure 18. ANN training plot for IEEE 118-bus system.

The Author(s): Science and Technology for Energy Transition 81, 4 (2026)12



the indicator estimates the deviation of the current operat-
ing point from this value. Due to the lengthy nature of the
load flow analysis, a sophisticated method of predicting
the values of the indicators using an artificial neural network
(ANN) is used to help resolve uncertainty sooner. A super-
vised learning application is an ANN. The real power load-
ing of bus 14 is fed into the ANN as input, and LVSI, Lmn,
and FVSI indices values obtained from the NR method are
used as targets. For the prediction of the bus voltage indices,
the 129 synthesized samples are divided into 97 training
samples and 32 testing samples. When generalization does
not improve, and the Mean Square Error (MSE) approaches
zero, the minimum deviation from the actual output, the
NN training is terminated immediately. A comparative data
of bus indices using NR and ANN methods at different
active power loading is shown in Table 3. In this table, it
is found that the indices values evaluated from the NR
method at different active power loading at bus 14 are
almost the same indices values predicted by the ANN
method for all considered test samples. The error is

computed as shown in Figure 10 and used to compare the
NR load flow method and the ANN method.

The result is extremely accurate, as shown in Table 3,
and significant, with a best validation error of 8.9706e–08
and a minimum of epoch 329 for the test. The MSE
obtained is of the order of 10e–8 in training and testing
(Fig. 11). Figure 12 displays the fittings of the linear regres-
sion curve between the target and output. Also, the ANN
training plot for the IEEE 14-bus system is shown in
Figure 13.

In a similar manner, ANN is developed for real and reac-
tive power losses of the system and lines associated with the
severe bus. For this, the active power loadings of bus 14 are
considered as input data of the ANN. And corresponding
real and reactive power losses of the lines (14-13) and
(14-9), and the total real and reactive power losses of the
test system are considered as target parameters. A total
of 121 samples are taken using the NRmethod, out of which
91 and 30 samples are used for the training and testing of
the ANN, respectively. The comparison of real and reactive

Table 7. Real and reactive power losses of the line (44-43) and (44-45) for NR and ANN methods with different active
power loading at bus 44.

Load at
Bus No. 44
(in p.u.)

Real power loss in
line (44-43) (in p.u.)

Reactive power loss in
line (44-43) (in p.u.)

Real power loss in
line (44-45) (in p.u.)

Reactive power loss in
line (44-45) (in p.u.)

NR
Method

ANN
Approach

NR
Method

ANN
Approach

NR
Method

ANN
Approach

NR
Method

ANN
Approach

0.2142 0.00101 0.00103 �0.05279 �0.05276 0.00262 0.00262 �0.01053 �0.01051
0.3226 0.00060 0.00058 �0.05411 �0.05412 0.00396 0.00395 �0.00499 �0.00499
0.431 0.00033 0.00032 �0.05479 �0.05478 0.00559 0.00559 0.00175 0.00176
0.5394 0.00022 0.00022 �0.05482 �0.05482 0.00752 0.00753 0.00971 0.00971
0.6478 0.00027 0.00028 �0.05416 �0.05416 0.00978 0.00978 0.01896 0.01896
0.7833 0.00057 0.00058 �0.05233 �0.05232 0.01306 0.01307 0.03241 0.03242
0.8917 0.00102 0.00103 �0.05002 �0.05001 0.01608 0.01608 0.04476 0.04477
1.0001 0.00166 0.00166 �0.04692 �0.04692 0.01946 0.01946 0.05860 0.05860
1.1085 0.00249 0.00249 �0.04298 �0.04299 0.02324 0.02323 0.07403 0.07402
1.2169 0.00355 0.00353 �0.03815 �0.03816 0.02743 0.02742 0.09114 0.09113
1.3253 0.00482 0.00481 �0.03236 �0.03237 0.03207 0.03207 0.11006 0.11006
1.4337 0.00635 0.00634 �0.02555 �0.02555 0.03720 0.03719 0.13093 0.13094
1.5421 0.00814 0.00813 �0.01761 �0.01761 0.04284 0.04284 0.15393 0.15393
1.6234 0.00967 0.00967 �0.01087 �0.01087 0.04745 0.04744 0.17269 0.17269
1.7589 0.01262 0.01262 0.00204 0.00204 0.05592 0.05592 0.20716 0.20716
1.8673 0.01539 0.01539 0.01406 0.01406 0.06349 0.06350 0.23797 0.23797
1.9757 0.01856 0.01857 0.02779 0.02779 0.07188 0.07189 0.27208 0.27208
2.0841 0.02221 0.02222 0.04351 0.04351 0.08122 0.08123 0.31003 0.31002
2.1654 0.02531 0.02532 0.05681 0.05682 0.08894 0.08895 0.34143 0.34141
2.3009 0.03132 0.03132 0.08250 0.08251 0.10351 0.10351 0.40058 0.40059
2.4093 0.03707 0.03706 0.10706 0.10705 0.11709 0.11708 0.45572 0.45572
2.4906 0.04213 0.04210 0.12856 0.12852 0.12876 0.12873 0.50313 0.50307
2.5719 0.04804 0.04799 0.15364 0.15356 0.14217 0.14212 0.55755 0.55740
2.6532 0.05514 0.05510 0.18375 0.18367 0.15804 0.15799 0.62192 0.62172
2.7616 0.06787 0.06790 0.23753 0.23765 0.18585 0.18591 0.73472 0.73490
2.8593 0.08940 0.08967 0.32817 0.32930 0.23161 0.23215 0.92026 0.92252

The Author(s): Science and Technology for Energy Transition 81, 4 (2026) 13



power losses in the lines (14-13) and (14-9) obtained from
NR and ANN methods under the different active power
loading at bus 14 is shown in Table 4. Also, the total real
and reactive power losses of the IEEE 14-bus test system

evaluated from the NR and ANN methods are compared
in Table 5. From Tables 4 and 5, it is observed that the
results obtained from the offline NR approach and fast
ANN approach are very close to each other.

The plot of the absolute error in the measurement of
the real and reactive power losses of the system and in lines
(14-13) and (14-9) by NR and ANN methods under differ-
ent active power loading is shown in Figure 14. The value of
this error is very small (order of 10e–4), which shows the
predicted values of the real and reactive power losses by
the ANN approach are very accurate.

5.3.2 IEEE 118-bus system

The results of bus voltage indices of bus 14 at different
active power loadings from the NR and ANN methods
are shown in Table 6. To develop the ANN network for
the bus voltage indices of the critical bus 44, the active
power loading at bus 44 is considered as input data,
and the LVSI, Lmn, and FVSI indices obtained from the
NR method are considered as target data. A total of 104
samples are taken for the design of the ANN, and from
that, 78 samples are taken for training the network, and

Figure 19. Absolute error in real and reactive power losses in
the lines (44-43), (44-45), and IEEE 118-bus system for NR and
ANN methods with heavy active power loading at bus 44.

Table 8. Real and reactive power losses of the IEEE 14�bus system for NR and ANN methods with different active
power loading at bus 14.

Load at bus no. 44
(in p.u.)

Total real power loss (in p.u.) Total reactive power loss (in p.u.)

NR method ANN approach Error (ê� 4) NR method ANN approach Error (ê� 4)

0.2142 1.26799 1.26800 0.10 2.16659 2.16659 0.00
0.3226 1.28073 1.28073 0.00 2.23702 2.23704 0.13
0.431 1.29483 1.29483 0.03 2.31315 2.31313 �0.13
0.5394 1.31033 1.31033 �0.02 2.39517 2.39516 �0.06
0.6478 1.32729 1.32729 0.02 2.48333 2.48334 0.11
0.7833 1.35065 1.35066 0.10 2.60256 2.60258 0.14
0.8917 1.37115 1.37116 0.07 2.70555 2.70555 0.01
1.0001 1.39336 1.39336 0.00 2.81568 2.81566 �0.18
1.1085 1.41737 1.41736 �0.06 2.93333 2.93330 �0.29
1.2169 1.44329 1.44328 �0.06 3.05898 3.05895 �0.26
1.3253 1.47125 1.47125 �0.01 3.19315 3.19314 �0.13
1.4337 1.50142 1.50142 0.03 3.33648 3.33648 0.00
1.5421 1.53397 1.53397 0.03 3.48970 3.48970 0.01
1.6234 1.56008 1.56008 0.01 3.61164 3.61163 �0.06
1.7589 1.60714 1.60714 �0.03 3.82957 3.82955 �0.20
1.8673 1.64837 1.64836 �0.04 4.01865 4.01862 �0.25
1.9757 1.69321 1.69321 �0.07 4.22261 4.22256 �0.51
2.0841 1.74223 1.74221 �0.17 4.44369 4.44357 �1.23
2.1654 1.78217 1.78215 �0.25 4.62247 4.62229 �1.77
2.3009 1.85605 1.85605 �0.01 4.95022 4.95013 �0.88
2.4093 1.92343 1.92345 0.16 5.24602 5.24604 0.24
2.4906 1.98034 1.98029 �0.44 5.49360 5.49342 �1.89
2.5719 2.04454 2.04438 �1.64 5.77062 5.76992 �6.96
2.6532 2.11902 2.11876 �2.54 6.08886 6.08772 �11.43
2.7616 2.24591 2.24614 2.27 6.62365 6.62454 8.98
2.8593 2.44509 2.44729 22.03 7.44360 7.44460 10.01
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26 samples are considered for testing purposes. The varia-
tion of active power loading at bus 44 is considered from
base load to maximum critical load. The absolute errors cal-
culated between results obtained from the NR and ANN
methods are in the order of 10e–4, which is very small. As
evident from Table 6, the developed ANN is very efficient
and accurate for forecasting the LVSI, Lmn, and FVSI
indices of the most severe bus of the IEEE 118-bus system.
Figure 15 shows the absolute error between the NR and the
ANN method versus the active power loading curve.

With the best validation error of 1.6461e–06 and a min-
imum at epoch 708 on the test set, the result is extremely
accurate and significant, as shown in Table 6. In training
and testing, the MSE was of the order of 10e–06
(Fig. 16). The fittings of the target vs output linear regres-
sion curve are shown in Figure 17. Additionally, Figure 18
displays the ANN training plot for the IEEE 118-bus
system.

ANN is developed in a similar way for real and reactive
power losses of the system and lines connected to the severe
bus. The active power loadings of bus 44 are regarded in
this as input data for the ANN. Furthermore, the corre-
sponding real and reactive power losses of lines (44-43)
and (44-45), as well as total real and reactive power losses
for the test system, are taken into consideration as the tar-
get parameters. A total of 104 samples are collected using
the NR method, of which 78 samples are used to test, and
26 samples are used to train the ANN. Table 7 illustrates
the comparison of real and reactive power losses in lines
(44-43) and (44-45) obtained from NR and ANN methods
under base load to critical active power loading at bus 44.
Additionally, Table 8 compares the total real and reactive
power losses of the IEEE 118-bus test system as determined
by NR and ANN methods. Tables 7 and 8 show that the
results from the fast ANN approach and the offline NR
approach are very similar to one another.

Figure 19 depicts the relationship between the absolute
error in the measurements of the system’s real and reactive
power losses, as well as in lines (44-43) and (44-45), using
the NR and ANN methods under various active power
loading conditions. The fact that this error is so small (of
the order of 10e–4) demonstrates how accurately the
ANN approach predicts the real and reactive power losses.

6 Conclusion

In this paper, the IEEE 14-bus and IEEE-118-bus systems
are thoroughly examined to determine the effect of the
active power load on the values of the indices as a function
of the maximum load capability. A comparison between the
traditional NR load flow and the ANN technique is
presented to predict the bus voltage stability of the system
under heavy active power loading. The feed-forward back-
propagation ANN, which is based on the LM technique,
is used to predict indicator values at load buses more
quickly for the IEEE 14-bus and IEEE 118-bus systems.
The accuracy of the Newton-Raphson and ANN methods
together is found to be 99.99% or so. The result is extremely
accurate, as shown in Tables 3–8, and significant, with the

best validation error of 8.9706e–08 and 1.6461e–06, and a
minimum of epoch 329 and 708 for the test of the IEEE
14-bus and IEEE 118-bus systems. The MSE obtained is
of the order of 10e–08 and 10e–06 in training and testing
for the IEEE 14-bus and IEEE 118-bus systems. Addition-
ally, by identifying the voltage collapse point and the sys-
tem’s weakest node, the optimal location for STATCOM
using the LVSI, Lmn, and FVSI indicators based on critical
loading conditions is demonstrated in this article. This helps
to fortify the system and provides a strategic location for
other compensation devices. The maximum loadability of
the system can be evaluated by tracing the nose curve; in
the future, the voltage stability of the system can be pre-
dicted by tracing the nose curve in online mode using Bes-
sel’s function approach.
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