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Abstract——This paper proposes an adaptive method based on 
fuzzy logic that utilizes data from phasor measurement units 
(PMUs) to assess and classify generating-side voltage trajecto‐
ries. The voltage variable and its associated derivatives are used 
as the input variables of a fuzzy-logic block. In addition, the 
voltage trajectory is compared with the pre-selected pilot-bus 
voltage to make a reliable decision about the voltage operation‐
al state. Different types of short-term voltage dynamics are con‐
sidered in the proposed method. The fuzzy membership func‐
tions are determined using a systematic method that considers 
the current situation of the voltage trajectory. Finally, the volt‐
age status is categorized into four classes to determine appropri‐
ate remedial actions. The proposed method is validated on a 
IEEE 73-bus power system in a MATLAB environment.

Index Terms——Fuzzy logic, fault-induced delayed voltage re‐
covery, phasor measurement unit (PMU), short-term voltage sta‐
bility, situational awareness, voltage classification.

I. INTRODUCTION 

DUE to the fast-growing complexity of power systems, 
whether from a software or hardware perspective, the 

steady-state operation of power systems is often exposed to 
different disturbances. In addition, modern power systems 
are heavily loaded close to their capacity limits due to eco‐
nomic and environmental issues. The increasing penetration 
of flexible electrical loads into power systems also makes 
power system dynamics more complex than before. Conse‐
quently, the stable operation of power systems is frequently 
threatened by their low-stability margins. Under these cir‐
cumstances, the voltage stability (VS) encounters significant 
challenges. Therefore, it is necessary to have proper knowl‐
edge of the VS before entering into an unacceptable opera‐
tion area. This in turn allows the system operator (SO) to 

maintain system stability and restore the voltage profile with‐
out significant load shedding or generator disconnection.

VS is defined as “the ability of a power system to main‐
tain steady-state voltages close to the nominal value at all 
buses in the system after being subjected to a disturbance 
[1].” VS issues may trigger protection schemes in power sys‐
tems, which in turn may result in cascading outages.

Among many VS issues, short-term voltage instability (ST‐
VI), fault-induced delayed voltage recovery (FIDVR), and 
fast voltage collapse are the most harmful phenomena that 
result from the penetration of fast load dynamics in modern 
power systems. These phenomena are inherently fast, mak‐
ing their evaluation challenging. STVI is defined as the in‐
ability of a power system to deliver the required reactive 
power due to the fast interaction of the load components 
when the voltage is at a low level. By contrast, FIDVR re‐
fers to the slow recovery of voltage following fault clear‐
ance under low-voltage conditions. However, a voltage col‐
lapse indicates a significant decrease in voltage in a notice‐
able area of the power system following a disturbance [2]. 
Various efforts have been made based on different concerns 
to assess the VS of power systems [3], as discussed in the 
following subsections.

Notably, despite the efficacy of the existing methods in 
identifying these phenomena, most of them consider only 
one of the mentioned phenomena. In addition, they make de‐
cisions about the voltage status only when they exceed a pre‐
defined secure area. Although these principles may lead to 
accurate identification, they result in expensive remedial ac‐
tions for only single case of the aforementioned phenomena. 
Furthermore, the existing methods do not allow for preemp‐
tive measures to be taken in a timely manner, as they only 
identify the issue after they exceeded a predefined area. This 
often requires the SO to perform severe and costly remedial 
actions to maintain power system security. Therefore, this pa‐
per proposes a new type of voltage classification that en‐
ables low-cost preemptive actions to be taken before poten‐
tial threats increase.

In general, VS assessment methods can be categorized in‐
to event-based [4] and response-based methods. Because 
event-based methods rely on the type of disturbance, these 
methods are unreliable given the complexity of modern pow‐
er systems. Due to the uncertainties in loads and generation 
units, the challenges in terms of the reliability and compre‐
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hensibility of event-based methods have led to increased fo‐
cus on response-based methods. Response-based methods 
comprise two classes: model-based and data-driven methods.
1)　Model-based Methods

Traditionally, VS is accomplished by power system mod‐
els. To achieve specific aims, model-based methods require 
solving relevant sophisticated differential equations using 
time-domain simulations. Among these methods, P-V and Q-
V curves for specified load buses are the most conventional 
schemes, requiring enormous power flow calculations [5]. 
Thus, these methods have a high-computational burden and 
complicated procedures, which pose speed and simplicity 
challenges. Probabilistic analytical methods utilize power 
system models [6] to provide appropriate responses based on 
specific voltage situations. However, the effects of uncertain‐
ties on the accuracy of probabilistic methods and their exces‐
sive computations present considerable disadvantages. These 
challenges have prompted the development of data-driven 
methods.
2)　Data-driven Methods

To address the aforementioned drawbacks and considering 
the major progress in communication infrastructure and wide-
area measurement systems (WAMSs), data-driven methods 
have recently gained attention because of their high speed 
and accuracy in VS assessments. In general, data-driven 
methods for VS assessment involve machine-learning and an‐
alytical-measurement methods.

1) Machine-learning methods
Machine-learning methods such as artificial neural net‐

works [7], decision tree [8], and space vector machines [9] 
are efficient methods for addressing problems related to ex‐
tensive information analysis, extraction of valuable features 
[10], and classification of voltage states [8]. Notable efforts 
have been made using machine-learning methods to assess 
voltage states with a focus on speed, accuracy, and simplici‐
ty [8]. However, despite the growing interest in machine-
learning methods, they face substantial challenges such as 
excessive data-based training, adaptability issues with power 
system development, parameter tuning, and mismatched data 
that contribute to the training process with realistic power 
system data [9].

2) Analytical-measurement methods
Unlike machine-learning methods, analytical-measurement 

methods have been developed to derive cognitive indices 
based on the mathematical equations that govern the phe‐
nomena under study. These methods simplify the decision-
making process compared with model-based methods [11]. 
Various VS indices have been proposed in this category. For 
example, the transient voltage severity index (TVSI) is exam‐
ined in [12] to assess voltage violations. However, despite 
the dependency of this index on data for decision-making, 
the TVSI is often inaccurate under oscillatory and FIDVR 
conditions. Furthermore, determining the threshold is diffi‐
cult because of conflicts with normal conditions during the 
FIDVR situation.

In another attempt, the trajectory violation index (TVI), 
which is a model-free assessment index, is introduced in 
[13] to assess VS, where the derivation of the index relies 

on the exponential threshold, which is case-dependent. In ad‐
dition, the VS risk index (VSRI), which relies on moving-av‐
eraged and normalized voltage deviations, is examined in 
[14] for long- and short-term VS evaluations. Although the 
index uses a moving-average window in the decision-making 
process, the assessment method cannot differentiate between 
voltage problems such as FIDVR and oscillatory situations. 
However, in [15], the voltage recovery index is improved 
based on the probability density function and self-impedance 
of buses to determine short-term voltage stability (STVS) sta‐
tus.

In the area of analytical-measurement VS assessment, 
some studies have examined the methods based on the 
Thevenin equivalent circuit. The voltage instability predictor 
is a well-known index that relies on the Thevenin impedance 
compatibility with the load impedance. This method attempts 
to determine the maximum load power by comparing the 
equivalent Thevenin impedance with the load impedance. Al‐
though this index is used for long-term voltage instability as‐
sessment, it is used in [16] for short-term purposes. In a 
complementary effort [17], the effects of the generator var 
restrictions are considered when obtaining Thevenin equiva‐
lent parameters. Reference [18] proposes a Thevenin-parame‐
ter-based index to trigger the required remedial action with 
respect to the voltage status. Obtaining the equivalent Theve‐
nin impedance is challenging and has become even more 
critical for newly emerging flexible loads.

In [19], voltage and recovery time deviations are intro‐
duced as two key factors for assessing voltage situations fol‐
lowing fault clearance. These factors are utilized by a fuzzy-
logic controller to determine the voltage condition and per‐
form an undervoltage load-shedding scheme, if required. In 
another study [20], the rate of change of voltage (RoCoV) 
recovery and recovery time estimation are used to determine 
the FIDVR status of the generator bus and trigger under-volt‐
age load shedding. However, these methods rely only on in‐
stantaneous voltage deviations in making decisions, which 
may affect the detection accuracy. As another limitation, 
these methods cannot simultaneously consider the FIDVR, 
STVI, and oscillatory conditions.

Most existing methods focus only on voltage assessment 
when the voltage is outside a predefined area. This in turn 
requires numerous corrective actions to address complex situ‐
ations. In addition, these methods often lack appropriate 
thresholds, necessitating complex studies to improve the as‐
sessment accuracy. This issue is discussed further in the com‐
parison section of this paper.

To address these drawbacks, this paper proposes a fuzzy-
logic-based framework to identify the voltage status and clas‐
sify the voltage condition into the four classes of steady 
state, alarm, emergency, and high risk. Some existing studies 
that perform VS assessments, in which the present voltage 
value is compared with its previous behavior within a specif‐
ic window, may fail in proper decision making. Hence, the 
bus voltage is compared with the reference pilot bus voltage 
to provide a comprehensive perspective based on a strict bus 
in the proposed method. In addition, the results of the imple‐
mentation of the proposed method in this paper are involved 
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in the decision-making process.
Although the FIDVR, STVI, and oscillatory conditions are 

considered in the assessment process, they are independently 
investigated in previous studies. Notably, unlike some exist‐
ing methods, the voltage status assessment is performed 
when the voltage trajectory remains within the allowable 
range of the North American Electric Reliability Council 
(NERC) criteria [21] as a free-model and free-threshold algo‐
rithm. This method can provide pre-awareness of the voltage 
status as a voltage robustness indicator for preemptive and 
less costly actions and a classification of generator buses. 
The voltage magnitude, RoCoV, RoCoV based on the pilot 
bus (RoCoVp), and time duration, are used as inputs for the 
fuzzy-logic scheme to classify the voltage status.

The contributions of the paper are as follows.
1) A simple data-driven fuzzy-logic method is proposed to 

determine the voltage status.
2) The voltage situation is classified into four categories 

when it lies within the allowable area introduced by the 
NERC to implement proper measures against the circum‐
stances created.

3) The effects of the FIDVR, STVI, and oscillatory condi‐
tions are simultaneously considered in the classification pro‐
cess.

4) The developed assessment process considers the behav‐
ior of the non-pilot bus voltage based on the pilot bus.

5) The history of the voltage trajectory is involved in each 
averaging window, which improves decision making in 
terms of broad data samples.

The remainder of this paper is organized as follows. Sec‐
tion II provides the proposed methodology. The developed 
fuzzy-logic method is explained in Section III. Simulation re‐
sults are assessed in Section IV to confirm the efficacy of 
the proposed method. Finally, the overall features of the re‐
sults are summarized in Section V.

II. PROPOSED METHODOLOGY 

Determining the power system voltage status results in 
proper situational awareness and provides conditions for con‐
ducting appropriate corrective and preventive actions. How‐
ever, maintaining the generating units in an operational state 
is essential to effectively satisfy the reactive power require‐
ments of the system. Hence, the status of the voltage situa‐
tion is investigated based on PV bus voltage trajectories in 
this paper. To this end, the following hypotheses are first 
considered to simplify the voltage assessment process.

A. Hypotheses

1) The NERC relevant to voltage ride-through in [21] is 
used as a general framework in several steps. This criterion 
was proposed by the NERC to keep generators in service 
during voltage excursions. Therefore, it serves as a support‐
ive framework for the proposed method in this paper. In ad‐
dition, the oscillatory effects of the voltage are considered 
based on the Western Electricity Coordinating Council 
(WECC) criteria for transient voltage [22]. According to the 
conservative nature of the NERC criterion, the proposed 
method for voltage-status classification is applied only when 

the voltage trajectory remains within the allowable area, as 
defined in Fig. 1 [21], where tc denotes the instant of fault 
clearance. However, the NERC criterion considers only the 
upper and lower voltage limits. Therefore, it may be useful 
to include more information about the voltage trajectory 
within these limits. Despite satisfying the criterion for volt‐
age recovery after fault clearance, the voltage may track an 
abnormal trend due to load dynamics, resulting in STVI. 
The NERC specifies that generators must be able to with‐
stand different voltage levels for various durations, particular‐
ly during under-voltage situations. For upper-voltage consid‐
erations, the voltage level must remain below 1.1 p.u. at all 
times.

2) The voltage magnitude trajectory may exhibit an oscil‐
latory feature due to transient conditions following a severe 
disturbance. Thus, it can have a destructive effect on fuzzy-
logic classification. To alleviate this effect, the averaged volt‐
age in a window length involving 20 samples and taking 
0.33 s is used in the fuzzy logic. This measure can reduce 
the oscillatory effect of a voltage signal with frequency oscil‐
lations greater than 3 Hz. This helps remove oscillations 
with frequencies higher than 3 Hz. This strategy indicates 
the overall voltage position during the 0.33 s concerning 
measurement errors and the oscillatory voltages with high 
frequency during the decision-making process. The averag‐
ing-related window length consists of five past samples ac‐
companied by 15 updated samples. The instant of the ob‐
tained average value belongs to the latest received corre‐
sponding time.

3) The pilot bus in an area is known as the firmest bus in 
that area. Various criteria can be used to select a pilot bus 
such as the conventional maximum short-circuit current [23]. 
In this paper, the pilot bus in each area is connected to a PV 
bus with a high short-circuit current. This pilot bus is more 
robust against oscillations than the others and thus can pro‐
vide a reliable decision reference for the situation. This is un‐
like some methods that compare the voltage with their histor‐
ical trend. It is noteworthy that in addition to a comparison 
with the pilot bus, the properties of individual buses such as 
RoCoV, voltage magnitude behavior, and time duration are 
also used to provide a comprehensive assessment of the volt‐
age status. Moreover, comparing the voltage trajectory with 
that of other buses (except for the pilot bus) can result in an 
unreliable decision because of undesirable behavior and con‐
fusing results. Although several methods are used for select‐
ing a pilot bus, this paper considers a conventional method 
to assess the VS. Thus, the voltage behavior of non-pilot 
buses is evaluated based on the pilot bus voltage. In addi‐
tion, the pilot bus is assumed to be pre-selected.
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Fig. 1.　Modified voltage ride-through criterion based on NERC.
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B. Overall Framework

Figure 2 illustrates the overall process of the proposed 
method for assessing the voltage status, where |Vbus|i is the 
voltage of bus i. The input definition block is next explained 
in detail, and the fuzzy-logic block is addressed in Section 
III.

Voltage assessment is conducted in three segments, as 
shown in Fig. 1, over time. During normal operation, the 
voltage trajectory is expected to approach steady-state condi‐
tions over time. In this paper, the fuzzy-logic block consid‐
ers seven variables for decision making. These variables in‐
clude the slope of voltage magnitude with respect to the low‐
er voltage at that segment, the previous sample of voltage 
magnitude (|V|j - 1), the RoCoVp, the sign of the RoCoVp, the 
trend variations of RoCoVp compared with its previous val‐
ue, the RoCoV with respect to its past sample, and the time. 
These variables are described as follows.

The desired voltage trajectory is achieved when it continu‐
ously approaches its nominal value. Therefore, the slope of 
the present voltage magnitude sample with respect to the 
lower-voltage bound at the previous sample time provides 
useful information regarding its distance to the lower-voltage 
bound and its trend toward the normal state. Thus, the slope 
of the voltage magnitude is included as an input variable in 
the fuzzy-logic block to obtain better classification results. 
This input variable is defined based on (1).

Sj =
|V|j - |Vbase|

i

t j - t j - 1
(1)

where |Vbase|
i is the lower voltage at the ith segment; |V|j is 

the current variable sample of the non-pilot bus voltage mag‐
nitude; and j is the current variable sample. The time vari‐
able is considered as the second input to the fuzzy-logic 
block. This input variable provides information on the varia‐
tions in the voltage trajectory.

However, assessing the voltage status of the generator bus‐
es based on the pilot bus, which is the strongest of the other 
buses in the area, improves comprehensive situational aware‐
ness. The pilot bus provides more reliable countermeasures 
for the reactive power demand and better response compared 

with other buses in the area [23]. Therefore, the voltage pro‐
file of the pilot bus is more informative than those of the 
other buses. Thus, assessing the voltage behavior of non-pi‐
lot buses based on that of pilot buses is recommended. It is 
noteworthy that a pilot bus is pre-selected in this paper. 
Therefore, the RoCoVp and its profile are used in the fuzzy-
logic method to investigate the non-pilot bus voltages based 
on the pilot bus. The RoCoVp is defined based on (2).

Rj =
|V|j - |Vpilot|j - 1

t j - t j - 1
(2)

where |Vpilot|j - 1 is the voltage magnitude of the pilot bus at 
the previous sample time. The behavior of the RoCoVp is de‐
termined by its directional specifications. In addition, the 
variations in its magnitude are determined based on its previ‐
ous value. Therefore, the ratio of the absolute value of the 
obtained RoCoVp at the present sample time to its value in 
the past sample indicates the magnitude variations, as ex‐
pressed in (3).

Yj =
|Rj|

Rj - 1
(3)

Furthermore, the negative or positive signs of RoCoVp at 
the present instant indicates the direction of the obtained 
slope, providing additional information for better decision 
making as the fourth input.

Srj = Sign(Rj ) (4)

The voltage magnitude at the previous sample time pro‐
vides reliable information for the fuzzy-logic method to gen‐
erate accurate results. This information assists in properly 
considering the effects of oscillatory trends on the voltage 
profile.

As the final input, the RoCoV, based on its previous volt‐
age magnitude, elucidates the trend of the voltage profile be‐
tween two consecutive samples. Combining it with other in‐
puts completes the classification. The RoCoV function is de‐
rived based on (5).

Rrj =
|V|j - |V|j - 1

t j - t j - 1
(5)

III. DEVELOPED FUZZY-LOGIC METHOD 

Figure 3 shows the overall structure of the fuzzy-logic 
method. The first process involves eight membership func‐
tions for fuzzification. Typically, the input and output vari‐
ables are subjected to simple triangular or trapezoidal mem‐
bership functions. Figure 3 provides an overview of the 
membership functions (MFi) for the input and output vari‐
ables. The membership function parameters for some of the 
input variables are adaptively changed based on the current 
segment and the variables involved in the classification. The 
subsequent subsections elaborate on the details of each mem‐
bership function.

A. Membership Function Design

Accordingly, MF1, which is the membership function 
block associated with the voltage magnitude position, con‐
sists of three trapezoidal membership functions within its 
specified range. 

Averaging

|V | j-1 obtaining

Time

Sign of
RoCoVp (Srj)

Trend of

RoCoVp (Yj)

RoCoV

calculation (Rrj)

RoCoVp
calculation (Rj)

|Vbus|i

|Vpilot |

Input definition block Fuzzy-logic block

Averaging

Membership function

determination

Defuzzification

Fuzzification

Fuzzy rule selection

 ith category

determination

|V | j position (Sj)

ith category

determination

Fig. 2.　Overall process of proposed method for assessing voltage status.
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This membership function determines the area of the volt‐
age magnitude position by considering its slope from the 
lower-bound value of the previous sample time. The lower 
bound of the voltage magnitude varies depending on the cur‐
rent segment. For Segments 1-3, this value is set to be 0.65, 
0.75, and 1 p.u., respectively. The defined parts of MF1 are 
categorized into three linguistic values: L (low), M (medium), 
and H (high). Figure 4 illustrates the process for determining 
the parameters of MF1, where subscripts u and l denote the 
upper and lower bounds, respectively; and |V|up is the upper 
bound of the higher area for segments 1-3.

Notably, the values associated with |V|ui and |V|li vary de‐
pending on the current segment. |V|ui values for all segments 
are set to be 1.05 p.u.. The values corresponding to |V|li are 
equal to 0.92, 0.95, and 0.975 p.u. in Segments 1-3, respec‐
tively.

MF2 is a part of the membership function block associat‐
ed with the time-variable input. In general, in each segment, 
MF2 consists of two triangular membership functions. In 
Segment 1, the L1 linguistic parameter is dedicated to the tri‐
angular membership function between t01 = tc + 0.3 s and t11 =
tc + 1.15 s. The Hi parameters belong to the second triangular 
membership function from t11 to t21 = tc + 1.7 s. In Segment 2, 
the two membership functions take t21 between t12 = tc + 2.2 s 
and t22 = tc + 2.7 s, respectively. The relevant time parameters 
in Segment 3 are equal to t22, t13 = tc + 3.2 s, and t23 = tc + 4.4 
s, respectively. Figure 5 illustrates the distribution principle 
of the membership functions for the time variable input, in 
which i refers to the understudy segment. The third member‐
ship function is associated with RoCoVp, which is based on 
the voltage magnitude of the pilot bus at the previous sam‐
ple time.

Figure 6 shows the membership function pertaining to 
RoCoVp. 

In this case, Rui denotes the upper bound of RoCoVp, 
which can be determined using (6) and Rli as the lower 
bound is written as (7).

Rui =
|V|i

1 - |Vpilot|j - 1

t j - t j - 1
(6)

Rli =
|V|i

2 - |Vpilot|j - 1

t j - t j - 1
(7)

The |V|1 and |V|2 are the voltage magnitude boundaries, 
and i refers to the understudy segment. The values for |V|1 in 
Segments 1 and 2 and in the first part of Segment 3 are set 
to be 0.8, 0.9, and 0.95 p.u., respectively.

The values for V2 in Segments 1 and 2 and the first part 
of Segment 3 are 1, 1.06, and 1.05 p.u., respectively. The up‐
per and lower bounds in the second part of Segment 3 are 
set to be 1.02 and 0.975 p.u., respectively.

In addition, the variations in voltage magnitude of the pi‐
lot bus demonstrate the adaptive nature of the membership 
function status. As shown in Fig. 6, MF3, which is the mem‐
bership function block associated with ROCOVp, consists of 
three trapezoidal membership functions with designated rang‐
es and linguistic parameters.

MF4 and MF5 are relevant for determining the RoCoVp 
trajectory. Accordingly, MF4 identifies the RoCoVp trend 
when it declines continuously in two consecutive samples. 
Thus, when the ratio of current absolute RoCoVp value to 
the RoCoVp value at the previous sample time is less than 
-1, it implies that the RoCoVp value has increased, whereas 
its previous sample has a negative value. MF4 includes two 
trapezoidal membership functions, as illustrated in Fig. 7.

L
i

H
i1

t0i t1i t2i t

Member-

ship value

Fig. 5.　Distribution principle of membership functions for time variable in‐
put.
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Fig. 7.　Characteristics of MF4 as related to Yj.
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MF5 specifies the sign of the RoCoVp based on the mem‐
bership functions, as shown in Fig. 8.

The remaining MFs refer to the behavior of the self-volt‐
age magnitude. As previously mentioned, when the voltage 
trajectory remains less than 0.8 p.u. for a time duration more 
than 0.25 s, it indicates the potential high-risk circumstance 
for the voltage [22]. Thus, with respect to 0.33 s between 
two consecutive samples, the previous voltage magnitude 
value and RoCoV based on the past voltage magnitude value 
simplify the decision making for this situation. Accordingly, 
MF6, which is related to the past voltage magnitude vari‐
able, consists of three trapezoidal membership functions.

Figure 9 illustrates the characteristics of MF6, and the MF 
block is related to the previous voltage magnitude variables. 
|V|1 and |V|2 values are fixed at 0.8 and 1.05 p. u., in Seg‐
ments 1 and 2, respectively. By contrast, these same vari‐
ables in Segment 3 are set to be 0.95 and 1.05 p.u., respec‐
tively.

In addition, MF7, which is the membership function block 
associated with RoCoV, consists of three trapezoidal mem‐
bership functions. As Fig. 10 shows, Rru and Rrl slopes de‐
pend on |V|2u, |V|2l and the previous voltage magnitude. |V|2u 
in Segments 1 and 2 is 0.8 p. u., whereas |V|2l is 0.9 p. u.. 
These same parameters in the first part of Segment 3 are 
0.925 and 1.075 p.u., respectively. In addition, the space be‐
tween the upper and lower bounds is limited to 0.95-1.06 p.
u. in the second part of Segment 3.

Finally, MF8 refers to the output variable consisting of 
two trapezoidal and triangular membership functions. 

According to the combination of the input variable effects 
using the fuzzy-logic block, the output is categorized into 
four statuses: normal, alarm, emergency, and high risk. Fig‐
ure 11 shows the characteristics of MF8, and the MF block 
is related to the output variable.

B. Determination of Fuzzy Rules 

Based on the existing eight MFs and the numbers of their 
membership functions, defining extensive rules for the classi‐
fication intention is then necessary. In general, 1944 rules 
use a combination of different membership functions. For 
clarification, the fuzzy rules related to each category output 
are described in detail.

These fuzzy rule bases are listed in Table I. These are in‐
terpreted as the states in which the voltage magnitude slope 
lies in the lower area in a similar manner as RoCoVp, where 
the past sample of the voltage magnitude is less than 0.9 p.u. 
and RoCoV has a slope in area 1. Despite the negative sign 
of RoCoVp in the two previous consecutive samples, it 
showed a declining trend. The assessment is performed in 
Segment 3. This situation is declared as high risk by the 
fuzzy-logic method. Regarding the placement of the previous 
voltage magnitude sample at a value less than 0.9 p.u., the 
voltage trajectory follows an improper trend.

The second row in Table I refers to a high-voltage threat 
following a fault clearance. In this case, the voltage magni‐
tude slope, RoCoVp, and RoCoV all lie in the H area related 
to their membership functions. In addition, the assessment is 
related to Segment 2, and the H2 membership function corre‐
sponds to the time. However, the previous voltage magni‐
tude sample is located in a safe area. The input variables rel‐
evant to the RoCoV behavior refer to the method of the volt‐
age trend to the high-voltage condition. This is interpreted as 
an emergency situation.

The third row of Table I shows that the voltage magnitude 
slope, RoCoVp, and RoCoV are located in a safe area. Based 
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on this combination, the voltage magnitude lies between 
0.95 and 1.05 p.u. in the L2 membership function of time in 
Segment 2. In addition, the previous voltage magnitude sam‐
ple is less than 0.8 p.u., whereas the voltage trend is desir‐
able. This results in an alarm status in the output of the 
fuzzy-logic method due to the history of the voltage. The 
fourth combination as listed in Table I refers to the normal 
status derived from the reliable voltage trajectory at this in‐
stant.

Another combination is shown in the fifth row of Table I, 
where the voltage magnitude is less than 0.95 p.u., the time 
evaluation belongs to the second part of Segment 3, and Ro‐
CoVp is less than that of previous sample with a negative val‐
ue. In addition, the first voltage magnitude is between 0.8 
and 0.95 p. u.. Thus, the voltage trajectory follows a worse 
direction than before, indicating a high-risk state. This state 
highlights an undesirable condition and raises the weighting 
factor of this moment compared with previously reported re‐
sults in the averaging procedure. More precisely, the voltage, 
located between 0.9 and 0.95 p.u. in the second part of Seg‐
ment 3 with the undesirable trend, is classified similarly to a 
state in which the voltage is outside the predefined area. 
This state is highlighted after averaging process with the pre‐
vious ones. This state may result in low-cost and small pre‐
emptive actions, including small blocks of load shedding, to 
return the voltage trend into the secure area.

The combination of arrays in the sixth row in Table I 
must be considered. The voltage trajectory is evaluated in 
the second part of Segment 2, which is less than 0.8 p. u. 
with respect to array (6, 8) in Table I. We can conclude that 
the voltage trend is worse than that of the previous sample 
based on array (6, 5) and array (6, 6). In addition, array (6, 
7) shows that the previous voltage magnitude is less than 
0.8 p.u.. Thus, this condition causes the fuzzy logic to assign 
this moment into a high-risk situation.

If the voltage trajectory exits a predefined framework, it is 
considered a high-risk situation that may lead to generator 
disconnection and increase the risk of voltage instability. In‐
vestigating the voltage behavior within a predefined frame‐
work provides useful information about the transient voltage 
trend and the capacity of the power system to meet the load 
requirements after fault clearance. The proposed method con‐
siders the generator voltage, indirectly indicating the load 
bus voltage status for voltage assessment. In some cases, the 
generator voltage may remain within the predefined area, 
whereas the load bus voltage may lead to instability, affect‐
ing the generator voltage with a time delay. Therefore, de‐
tailed information about the generator voltage is essential to 
predict the future trends of the system and help SOs imple‐
ment cost-effective measures to maintain system stability.

The most common countermeasures against the undesired 
voltage profile can range from capacitor banks and flexible 
alternating current transmission systems to shedding small 
blocks of loads. The Mamdani method, as a fuzzy inference 
method, is used for the fuzzy-logic method, and defuzzifica‐
tion is performed using the centroid method.

Following fuzzy-logic decision making, an averaging pro‐

cess is performed on the output variable in a moving win‐
dow consisting of five samples, as expressed in (8).

Sup =

ì

í

î
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ïï
ï
ï
ï

ï
ïï
ï
ï
ï

∑
1

j Outj

j
j < 5

∑
j - 5

j Outj

5
j ³ 5

(8)

where Outj is the output of the j th sample.
This process provides more reliable results based on the 

voltage conditions. Considering four prior samples with iden‐
tical weighting coefficients prevents unnecessary decision 
making and provides comprehensive results. This process re‐
sults in the decisions that lead to conservative and reliable 
preemptive actions against the undesired voltage profile.

IV. SIMULATION RESULTS AND DISCUSSION 

A. Benchmark System

Different contingencies are applied to a IEEE 73-bus pow‐
er system to investigate the performance of the proposed 
method in terms of voltage-status classification. The case 
study consists of 33 generating units distributed across three 
areas. Figure 12 shows a single-line diagram of the IEEE 73-
bus power system. Bus 223 is selected as the pilot bus in 
this paper.

B. Simulation Results

A three-phase fault with R = 0.001 Ω is applied to Line 
208-210 at t = 0.5 s and lasts for 0.35 s. The fault point dis‐
tance from bus 208 is 20% of the line length. The proposed 
method determines the voltage status of bus 207, as shown 
in Fig. 13. Note that the blue cross in the figures denotes in‐
stantaneous fuzzy logic output.

The voltage magnitude trajectory of bus 207 approaches 
an unstable state after fault clearance. Thus, the voltage clas‐
sification results indicate a high-risk situation. It can be ob‐
served from Fig. 13 that the voltage magnitude is in an 
emergency status early in the Segment 1 area and then tends 
to be uncontrolled.

By contrast, the proposed method analyzes the voltage 
magnitude status of bus 202 following a three-phase fault on 
Line 208-209. The symmetrical fault occurrence with R =
0.001 Ω remains on the line for 0.3 s from t = 0.5 s at a dis‐
tance from bus 208 for half of the line length. 
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The averaged voltage magnitude trajectory exceeds the up‐
per bound in Segment 1 at a specified time and returns to ac‐
ceptable conditions. In addition, the voltage trajectory in Seg‐
ment 2 follows an incremental trend for a limited duration. 
Accordingly, this condition is dedicated to alarm situations 
under the proposed classification. The voltage then follows a 
smooth trajectory in a secure form. Figure 14 shows the as‐
sessment results after a three-phase fault with R = 0.001 Ω 
on Line 208-209 for 0.3 s.

Another three-phase fault with R = 0.1 Ω from t = 0.5 s to 
t = 0.8 s on Line 219-220 exposes the stability of the power 
system under a threat. The fault occurrence is imposed on 
the middle line. The average voltage of bus 216, as shown 
in Fig. 15, experiences low-frequency oscillations. Based on 
the proposed principle of voltage classification, the voltage 
magnitudes in Segments 2 and 3 follow an undesirable tra‐
jectory, leading to unstable circumstances.

However, in these cases, the voltage trajectory may instan‐
taneously cross safe conditions, approaching an undesired 
boundary, as shown in Fig. 15. Although the fuzzy-logic 
block issues a flag of normal status at this instant, the aver‐
aged output considers the background of the voltage trajecto‐
ry. Thus, the effect of this instant is alleviated in decision 
making.

At this stage, a three-phase fault with R = 0.001 Ω on Line 
216-219 from t = 0.5 s to t = 0.8 s challenges the proposed 
classification performance. The fault point distance from bus 
216 is 20% of the line length. The results show that the volt‐
age magnitude experiences severe oscillations because of the 
unstable power swing following the fault occurrence, as 

shown in Fig. 16(c). Thus, the averaged voltage magnitude 
of the phasor measurement unit (PMU) data follows a low 
voltage trajectory, which results in a high-risk situation. 
Therefore, the output of the proposed method confirms the 
undesirable voltage conditions. Figure 16 shows the assess‐
ment results after a three-phase fault with R = 0.001 Ω on 
Line 216-219 from t = 0.5 s to t = 0.8 s.

In addition, the voltage trajectory of bus 216 following a 
three-phase fault with R = 0.001 Ω on Line 222-217 is cate‐
gorized based on the proposed method, as shown in Fig. 17. 
The fault point distance from bus 222 is 90% of the line length.

The voltage profile after the fault clearance at t = 0.8 s as 
shown in Fig. 17 reveals that the voltage follows an undesir‐
able trend in Segment 3. Accordingly, the voltage status de‐
rives from a process that approaches a high-risk situation. In 
this case, the voltage decreases for several sequential sam‐
ples, indicating a low-voltage threat.

C. Comparison and Discussion

For voltage assessment, the performance of the proposed 
method is compared with several popular indices, including 
TVSI, VSRI, TVI, contingency severity index (CSI), and es‐
timated time for voltage recovery (denoted as TR). 
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The characteristics of these indices are briefly introduced 
as follows. Additional details can be found in [14] and [19].

TVSI indicates the instances in which the difference be‐
tween the initial and current values of the voltage profile ex‐
ceeds a specific threshold. The sum of these differences de‐
termines the voltage status after fault clearance up to the 
time of the STVS evaluation.

VSRI determines the voltage status based on the voltage 
behavior in a window with a length of several samples. The 
average voltage value obtained using a moving window is 
then compared with the most recent voltage sample. 

TVI determines the sum of the areas in which the voltage 
trajectory exceeds the exponential upper and lower boundar‐
ies.

CSI uses two indices to obtain the VS status. The first in‐
dex is related to the duration in which the voltage trajectory 
remains below a specific value, and the second index indi‐
cates the minimum value of the voltage after fault clearance.

Finally, serving as an indicator of load shedding, TR is in‐
troduced in the paper. This index is derived from the voltage 
deviation and estimated time required for voltage restoration 
to a safe level. Specifically, the index quantifies the time 
necessary for voltage recovery when the voltage remains 
less than 0.8 p.u. after fault clearance. If the estimated time 
exceeds the prespecified time for restoration, load shedding 
is automatically initiated. The estimated time is determined 
by the slope of the voltage trajectory, where a negative slope 
indicates an infinite recovery time and a positive slope al‐
lows for an estimation of the recovery time. One can obtain 
the estimated recovery time, which is calculated as follows.

Tes (tk )=
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ï
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ï

ï
ïï
ï

0.8 -V (tk )
V (tk )-V (tk - ∆t)

∆t
V (tk )-V (tk - ∆t)

∆t
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V (tk )-V (tk - ∆t)

∆t
£ 0

(9)

where Tes is the estimated time; tk is the current sample after 
the fault occurrence; and V (tk ) is the voltage magnitude at 
the k th sample of the time. Tes is then compared with the pre‐
determined time Treq for recovery after fault clearance as fol‐
lows.

Tr (tk )= (tk + Tes (tk ))- (tc + Treq ) (10)

where tc and Tr are the clearance time and time index, re‐
spectively. The triggering of load shedding depends on the 

estimated time being greater than zero, which is necessary to 
restore the voltage to a secure level.

In this regard, two scenarios are considered to compare 
the proposed and previous methods.

1) The system operates at 120% of a base load. Then, a 
three-phase fault with a resistance of 0.001 Ω is applied to 
Line 216-219. The fault point distance from bus 216 is 20% 
of the line length that lasts for 0.3 s from t = 0.5 s.

2) The power system operates at 110% of the base load. 
Then, a three-phase fault is applied to Line 216-219 with a 
property similar to that of Scenario 1.

Figure 18 shows the voltage magnitudes of bus 216 in re‐
sponse to Scenarios 1 and 2. The results of the proposed 
method and aforementioned indices in response to Scenario 
1 are presented in Fig. 19.
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Figure 19(a) presents the differences between the estimat‐
ed and predetermined time for voltage recovery at each in‐
stance. For clarity, the values associated with infinite estimat‐
ed time and when the voltage is greater than 0.8 p.u. are as‐
sumed to be 10 and 0, respectively. Figure 19(a) shows that 
the time index frequently changes between negative values 
with safe trends and infinite values under unsafe conditions. 
This behavior occurs because of the oscillatory trend of the 
voltage even when it is less than 0.8 p.u.. The duration time 
for slope calculation is a critical factor in making appropri‐
ate decisions. However, the index may face challenges in 
making appropriate decisions in oscillatory voltage situations 
and in obtaining an index value based on previous voltage 
samples.

In addition, the index is useful only under conditions in 
which the voltage remains less than 0.8 p.u. for 4 s after a 
fault occurrence. Finally, the index does not provide classifi‐
cation information about the voltage trajectory when it is 
greater than 0.8 p.u. under this time duration.

TVSI results, as shown in Fig. 19(b), reveal that the TVSI 
is adversely affected by the time interval used in VS assess‐
ment. Determining a suitable threshold for TVSI requires fur‐
ther study as this index depends on different time intervals 
and benchmarks. 

In addition, TVSI uses local indices from other locations 
to generate a global index and therefore cannot be used as a 
local indicator of VS.

Figure 19(c) shows the VSRI trajectory, which measures 
the voltage differences with their historical trends in a mov‐
ing window and presents a global index for the considered 
buses. With respect to the VSRI concept, the index values 
follow a trend of approximately 0 when the voltage tracks a 
small oscillation direction. Thus, despite the low oscillation 
of the index in this scenario, the voltage profile shown in 
Fig. 18 exhibits unacceptable behavior. In addition, determin‐
ing the VSRI threshold makes it difficult to represent the 
voltage status of the power system based on the benchmark 
and requires studies at different time intervals. Another chal‐
lenge is that the number of required samples involved in the 
moving window changes the value of the index, making the 
process for determining the threshold definition more difficult.

TVI is an index that determines whether the voltage can 
remain in a predefined area, indicating the time duration at 
which the voltage surpasses the lower or upper bound. Ac‐
cording to Fig. 19(d), the TVI value increases over time af‐
ter fault clearance, indicating a condition in which the volt‐
age remains outside the predefined area. Another challenge 
is determining parameters B and vst, which are involved in 
the formulation of the upper and lower bounds, as shown in 
(11). This determination does not follow a specific process 
and requires greater accuracy. When the focus is on the earli‐
er evaluation time after fault clearance, the values of the pa‐
rameters are defined such that the index fails to capture the 
appropriate properties for a long period, and vice versa.

Tlow (t)=
( )t

tf

e
1
tf

B

eB
vst

(11)

where Tlow (t) is the lower exponential border for the voltage; 
vst is the steady-state voltage; B is the damping factor; and tf 
is the end of the evaluation time.

Figure 19(e) illustrates the response of the CSI, which 
considers the time intervals during which the voltage drops 
to a predetermined threshold. As shown in the CSI trajectory 
in Fig. 19(e), the index presents significant values for short 
durations while converging toward lower values for longer 
periods. Similar to previous indices, the CSI has difficulty in 
determining the appropriate thresholds for voltage assess‐
ment across different time intervals.

The proposed method is then employed to showcase the 
response to Scenario 1, as depicted in Fig. 19(f). The results 
demonstrate that the proposed method offers a reliable as‐
sessment of the VS and effectively identifies unacceptable 
voltage behaviors without relying on predefined thresholds. 
This capability enables the implementation of effective coun‐
termeasures to prevent uncontrolled situations.

Figure 20 shows the responses of the evaluated indices, in‐
cluding TR, TVSI, VSRI, TVI, CSI, and the proposed meth‐
od, to Scenario 2 for performance evaluation.

Table II presents the results obtained using the considered 
indices and proposed method in response to Scenario 2, as 
depicted in Fig. 20. Table III details the properties and fea‐
tures of the proposed method in comparison with the exist‐
ing predictive methods and popular indices used in assessing 
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the voltage status throughout the evaluation period.

To clarify the statistics of the applied disturbances in eval‐
uating the performance of the proposed method, we must re‐
fer to the 53 states that indicate successful responses to the 
proposed method. 

Table IV presents detailed information about the applied 
scenarios in the case study to verify the performance of the 
proposed method.

V. CONCLUSION 

Determining of the voltage trend when it lies within a pre-
specified operation area generates more precise situational 
awareness and prevents undesirable conditions. Accordingly, 
the proposed method focuses on this issue and provides a 
classification method for the generating-side voltage trajecto‐
ries following severe disturbances. An adaptive fuzzy-logic 
method is introduced to categorize the voltage status by con‐
sidering FIDVR, STVI, and oscillation effects. In the pro‐
posed method, a fuzzy-logic controller consisting of eight MFs 
conducts the intended classification. In addition, the member‐
ship function parameters are adaptively determined over time.

Simulations are conducted using an IEEE 73-bus power 
system to confirm the effectiveness of the proposed method.

Accordingly, the proposed method presents a solution that 
has the following features.

1) The classification method provides more opportunities 
for operators to take countermeasures against undesirable 
conditions.

2) The proposed method considers different variables to 
participate in decision making and to generate comprehen‐
sive results.

3) The adaptive process of membership function determi‐
nation enables the proposed method to be more flexible un‐
der current conditions.

4) The fuzzy-logic output, after an averaging process, con‐
siders the background decisions and provides reliable results.

5) The voltage behavior is compared with the preselected 
pilot bus voltage, which provides a reliable assessment for 
decision making.

TABLE IV
DETAILED INFORMATION OF APPLIED SCENARIOS TO IEEE 73-BUS 

POWER SYSTEM

Parameter

Loading condition (%) 
(number of scenarios)

Fault resistance (Ω)

Faulted line location

Time duration (s)

Faulted lines

Value

120 (4 scenarios), 115 (7 scenarios), 
110 (6 scenarios), 105 (8 scenarios)

0.001, 0.1, 10, 20

20%, 50%, 80% of line length

0.1, 0.2, 0.3, 0.4

216-219, 219-220, 220-223, 212-223,
213-223, 204-209, 207-208, 202-201, 222-217, 

218-217, 318-317, 322-317, 316-319

TABLE II
COMPARISON OF SELECTED INDICES AND PROPOSED METHOD IN 

RESPONSE TO SCENARIO 2

Index

Voltage 
trajectories

TVSI

VSRI

CSI

TVI

TR

Proposed 
method

Comparison

Voltage trajectories are stable after the fault clearance but 
follow a risky trend requiring suitable corrective measures 
to return the voltage to a safe bound.

TVSI is damped over time following a considerable increase 
after tcl. In this case, it does not present clear information, 
particularly for a long time.

It oscillates around zero with low magnitudes. It does not 
present an accurate assessment while the voltage follows a 
risky trend.

Although the voltage tracks a vulnerable trend in the long 
time interval, the CSI has low values and does not provide 
accurate information.

It has low values over time after the fault clearance while 
the voltage remains below 0.95 p.u. for a long time, indi‐
cating a potential risk.

The output of this index at initial time results in load shed‐
ding, which may not be necessary for early stages of this 
scenario with respect to the voltage trend.

The proposed method classifies the applied disturbance to 
prepare for potential corrective action at low costs.

TABLE III
COMPARISONS OF PROPERTIES OF PREDICTIVE-BASED METHOD, SELECTED 

INDICES, AND PROPOSED METHOD

Index

Predictive-
based 

methods

TVSI

VSRI

CSI

TVI

TR

Proposed 
method

Comparison

They need Thevenin equivalent circuit parameters at each 
load bus and components model as a challenge, especially 
for emerging time-varying flexible loads. Generally, predic‐
tive methods can be only used for long-term stability assess‐
ment.

It needs a proper threshold to provide an accurate assess‐
ment. It does not present detailed information when the volt‐
age stays in predefined area. The criterion for index calcula‐
tion changes from one case to another.

It compares the voltage with its past behavior in a specific 
moving window. The window length determination for aver‐
aging is challenging. It needs a proper threshold to assess 
the voltage assessment. It needs the local information from 
other locations. If the voltage follows a smooth trend but 
outside the safe area, it cannot provide an accurate decision.

CSI cannot determine voltage risky status when it is higher 
than 0.8 times of pre-disturbance voltage, especially in long 
time. It needs for load bus information to provide better de‐
cisions. It needs to determine a proper threshold for differ‐
ent time intervals.

Parameter definition to specify safe area is challenging to pro‐
vide a proper trade-off between short- and long-time assess‐
ment. It needs to determine a proper threshold for an accu‐
rate assessment. It cannot to provide an awareness when the 
voltage is higher than 0.9 p.u. but close to it for long time.

Instantaneous values of the voltage are used for decision mak‐
ing. The index performance can be challenging with the bor‐
der conditions at 0.8 p.u.. During the oscillatory conditions, 
the risk of the mistakes may increase.

It provides a classification assessment to prepare low-cost 
corrective actions when the voltage has a potential risk 
trend. It focuses on generator buses without the need for 
load buses. It compares the voltage trajectory with the firm‐
est one in that area, unlike the VSRI index. It provides a re‐
liable decision after the specific time interval using averag‐
ing the past results in a moving window. Because it consid‐
ers the behavior voltage inside the predefined area, it needs 
a proper time interval to provide reliable awarenes for low-
cost corrective actions. It needs to wait for 15 new samples 
for each new decision making result.
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The proposed method for voltage-stability analysis utilizes 
data from two PMU locations, eliminating the need for a 
complex high-bandwidth communication infrastructure. This 
method streamlines the analytical process and enhances the 
accuracy and reliability while providing a cost-effective solu‐
tion.
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