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ABSTRACT
Reliable operation of modern transmission networks requires not only postfault detection but also predictive identifcation of in-
stability before fault escalation. This paper presents a probabilistic SIL-based framework for real-time transmission line monitoring
and predictive fault detection using receiving-end phasormeasurements. Unlike conventional transient-drivenmethods, the proposed
approach formulates an adaptive SIL stability boundary incorporating voltage deviation and reactive power imbalance and transforms
SIL exceedance into a hazard-based probabilistic risk metric. Monte Carlo simulations (N = 200 per loading level) validated ex-
ponential instability growth beyond the adaptive threshold, yielding a calibrated risk constant, k = 0.1746, with strong regression
agreement, R2 = 0.9793. Implementation on a 220 kV, 200 km transmission corridor and dynamic validation on an IEEE 9-bus
multimachine system demonstrated nonlinear escalation of fault probability beyond 110% SIL. The framework achieved 94.7%
detection accuracy across 570 test disturbances and identifed high-risk conditions up to 50ms earlier than an adaptive wavelet
transform benchmark, while maintaining lower computational complexity. A two-dimensional SIL–reactive compensation risk map
further enables proactive operator actions such as dynamic VAR support and preventive load shedding. The results establish SIL
deviation as a computationally efcient early-warning indicator for transmission-line instability, enabling predictive fault risk as-
sessment and scalable deployment in wide-area monitoring, and modern grid protection systems.

1 | Introduction

Modern power transmission networks are increasingly stressed
by demand growth, renewable integration, and long-distance
bulk power transfer. Small disturbances under such conditions
can quickly evolve into large instability events if the transmission
corridor is heavily loaded [1]. Real-time situational awareness is
therefore essential to ensure system reliability and prevent
cascading faults. Electric power transmission ensures efcient
electricity transport from power plants to consumers over long

distances [2–4]. However, transmission lines are subject to
various operational challenges, including voltage instability,
power losses, and faults caused by environmental conditions,
aging infrastructure, and fuctuating demand [5, 6].

One of the key parameters in assessing transmission line per-
formance is surge impedance loading (SIL), which represents the
load level at which the transmission line operates at unity power
factor. SIL is derived from the characteristic impedance of
a transmission line and provides insights into the line’s
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loadability, voltage stability, and ability to transfer power ef-
ciently [7, 8]. By plotting SIL curves, power system engineers can
analyze the dynamic behavior of transmission lines under
varying load conditions and identify potential risks such as
overloading and voltage instability [9, 10]. Furthermore, SIL
curves serve as a foundation for fault detection and prediction
mechanisms by indicating abnormal deviations from expected
operating conditions [11–13].

Traditional methods for assessing transmission line performance
often rely on steady-state calculations that do not fully capture
the dynamic interactions between load variations, impedance
changes, and fault occurrences [14, 15]. With advancements in
real-time monitoring technologies such as supervisory control
and data acquisition (SCADA) systems and PMUs, it is now
possible to continuously track transmission line behavior and
identify early warning signs of potential failures [16, 17]. By
integrating SIL-based analysis with real-time monitoring, utili-
ties can improve grid reliability and reduce the risk of blackouts.
Despite its signifcance, SIL has not been fully exploited for
predictive fault detection. Many existing disturbance detection
schemes rely on high-frequency signal decomposition, adaptive
wavelets, or learning-based classifers [18, 19], which inherently
identify faults inception. While efective for fault classifcation
and relay actuation, these methods cannot provide advance
warning of evolving instability. Moreover, they often require high
sampling rates, are sensitive to noise or magnetizing inrush
conditions, and impose greater computational burden [20].
Recent work in synchrophasor-based monitoring has demon-
strated the value of wide-area information from PMUs for system
stability assessment [21]. However, most of these approaches use
phasors to evaluate stability margins only under already faulted
conditions or during pronounced oscillations. Little attention has
been given to how SIL deviation, obtained directly from phasors,
can be processed proactively to recognize incipient instability
before a fault fully develops.

Traditional power systemmodels often assume that transmission
lines operate near their SIL to achieve maximum efciency and
minimal reactive power compensation. However, real-world
conditions introduce load variations, voltage fuctuations, and
transient disturbances, making it necessary to adopt dynamic SIL
computation methods that adapt to changing grid conditions
[22, 23].

To overcome these challenges, researchers have explored com-
putational methods for real-time SIL assessment using machine
learning, PMUs, and numerical simulations [24, 25]. These ap-
proaches allow for adaptive SIL computations that respond to
system disturbances and grid stability fuctuations.

In [26, 27], the authors present an overview of IEEE standards for
power transmission, emphasizing the importance of monitoring
transmission line parameters for stability. Their fndings indicate
that transmission systems equipped with SCADA-based moni-
toring improve fault response times by 30% compared to con-
ventional methods. The authors in [28] discuss real-time SIL
computation using SCADA systems. The study integrates SIL
monitoring into energy management systems and highlights its
efectiveness in detecting power fuctuations due to harmonics
and load imbalances. The fndings support the claim that SIL
analysis provides a reliable indicator of grid health and fault-
prone conditions. In [29], the authors propose an optimization

strategy for loadability analysis using SIL. Their research in-
corporates machine learning models trained on SIL curve vari-
ations to predict transmission line overload conditions. The
results show that SIL-based predictive modeling can reduce
power outages by 25% when integrated with existing fault de-
tection systems.

Fault detection in power systems has traditionally been based on
threshold-based methods [30, 31], which often result in false
positives or missed detections due to their lack of adaptability.
More advanced techniques, such as PMUs, have been proposed
to improve fault detection accuracy [32, 33]. However, PMU-
based approaches require high investment in infrastructure,
making them impractical for widespread implementation
[34, 35].

Motivated by this gap, this paper proposes a real-time SIL-based
predictive detection framework that provides early warning of
potential line faults using only phasor measurements from the
receiving end. A dynamic SIL threshold is constructed by in-
corporating voltage deviation and reactive power imbalance to
adaptively quantify risk levels prior to fault inception. The
resulting decision logic enables low-latency, noise-robust eval-
uation of emerging instability, complementing existing pro-
tection schemes. Compared with transient-based methods such
as adaptive wavelet transform (AWT), the proposed scheme
ofers reduced computational complexity and improves operator
awareness before protective relay action is required.

To better position the contribution of this work within the
existing literature, Table 1 summarizes the distinguishing fea-
tures and limitations of commonly used fault detection and
monitoring techniques. As shown, most published methods
provide postfault detection and are susceptible to waveform
distortion or high computational burden. This motivates the
need for a predictive, phasor-based framework such as the one
proposed in this work.

1.1 | Contributions of This Work

This study demonstrates that real-time monitoring of SIL
exceedance can serve as a reliable predictive indicator of
transmission-line instability, enabling early detection of fault-
prone conditions using only receiving-end phasor measure-
ments. It therefore provides the following key contributions to
transmission line stability monitoring and predictive protection
frameworks:

(i) Real-time SIL-based predictive fault detection frame-
work: A novel detection approach is developed based on
dynamic SIL deviations to identify incipient instability
before fault inception, unlike disturbance-driven schemes
that respond only after faults occur.

(ii) Low-complexity phasor-driven implementation: The
framework relies solely on receiving-end voltage and
current phasor measurements, avoiding high-frequency
sampling and ensuring compatibility with widely
deployed PMU/SCADA infrastructure for real-time
applications.

(iii) Performance enhancement over AWT-based detection:
Comparative analysis demonstrates a detection accuracy
of 94.7% and up to 0.05 s faster instability recognition
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compared to AWT techniques, confrming the practicality
of the SIL-based approach.

(iv) Predictive grid control enablement: A SIL risk-mapping
tool is introduced to support proactive operator decision-
making, including preventive load shedding, reactive
support activation, and maintenance scheduling to avoid
cascading grid failures.

2 | Methods

A real-time fault detection framework grounded in SIL analysis
was developed to evaluate transmission-line operating condi-
tions under varying system states. The methodological approach
employed SIL-based loading assessment as the primary indicator
for monitoring transmission-line stress and identifying abnormal
operating regimes.

The algorithm was implemented as a structured real-time
monitoring sequence in which measured system variables
were processed through successive computational and decision
stages. The execution pathway of the developed monitoring
procedure is illustrated in Figure 1, and the functional blocks
constituting this sequence are described as follows.

Measurement initialization: At each sampling instant t, voltage
and current measurements, V(t) and I(t), were obtained from the
transmission-line model. These time-varying electrical signals
were subsequently processed to derive the corresponding real
and reactive power components, P(t) and Q(t), required for
loading and stability assessment. The acquired and computed
quantities collectively constituted the primary input variables
supplied to the subsequent SIL computation and fault-detection
stages.

SIL was computed at each time step using the instantaneous
voltage magnitude and the characteristic impedance derived
from the transmission-line model, establishing the dynamic
loading limit of the line. Transmission stress was then quantifed
through a percentage SIL utilization index. Simultaneously, the
voltage deviation ΔV(t) was evaluated relative to the nominal
reference, and the reactive-power compensation requirement
Qc(t) was determined from the diference between supplied and
demanded reactive power. The adjusted SIL threshold was for-
mulated using a linear multiparameter loadability model derived
from established voltage stability and reactive power planning
literature: Transmission loadability margins are strongly infu-
enced by receiving-end voltage deviation and reactive power
compensation levels [40, 41]. Accordingly, the SIL threshold was
expressed as a weighted linear combination of voltage deviation
and reactive compensation efects given by Equation (1) [42].

Sthr(t) = a + bΔV(t) + cQc(t), (1)

where a= 110 denotes the base SIL security margin, and b and c
represent sensitivity coefcients refecting voltage and reactive
support infuence on transmission loadability. The inclusion of
voltage deviation and reactive compensation terms was moti-
vated by their established infuence on transmission-line stability
and loading capability [43, 44]. The 110% SIL threshold is widely
used as a stability margin in transmission planning and real-time
security assessment, since loading above this limit leads to in-
creased reactive power demand, voltage instability, and thermalT
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stress on conductors [45]. The voltage weight, b, was calibrated
using steady-state transmission voltage limits commonly speci-
fed within 0.95–1.05 pu (±5 % ) [46]. Imposing the design
condition that ΔV = −5 % tightens the SIL threshold by 2 %
gives b = ΔS/ΔV = (−2)/(−5) = 0.4. c was set to 0.06 such that
reactive power defcit at the receiving end (negativeQc) results in
an equivalent tightening of the stability margin to maintain
consistent detection sensitivity with the fxed 110% SIL threshold
baseline.

Decision logic: The computed utilization S(t) was compared
against the adjusted SIL threshold Sthr(t). If S(t) ≤ Sthr(t), the
transmission line was considered to be operating within ac-
ceptable loading limits, and the algorithm returned to the
monitoring state at the next sampling instant.

To convert the adjusted SIL exceedance into an interpretable
real-time risk indicator, a hazard-based reliability mapping was
adopted. The adjusted stability boundary Sthr(t) in Equation (1)

defnes a time-varying secure-loading limit that shifts with
voltage deviation and reactive compensation. Defning the
exceedance margin as ΔS(t) = S(t) − Sthr(t), the instantaneous
fault likelihood was modeled using an exponential survival
formulation widely used in reliability engineering, where the
survival probability decays exponentially with accumulated
stress exposure [47, 48]. Accordingly, the fault probability, Pf (t),
was expressed as

Pf (t) = 1 − exp −k[ΔS(t)]{ }, (2)

which satisfes Pf (t) = 0 when S(t) ≤ Sthr(t) and increases
monotonically toward unity as the loading exceedance grows.

The coefcient k is a calibration parameter controlling the rate at
which risk escalates beyond the adjusted threshold and is se-
lected from scenario-based tuning to match the observed tran-
sition from normal to stressed operating conditions.

The empirical fault probability was computed as [49, 50]

Start

Measurement initialisation:
Obtain V (t), I (t)

Compute P (t), Q (t)

Compute SIL (t):

SIL (t) =
|V (t)|2

|Zc|
, Zc =

L

C

Compute SIL utilization:

S (t) =
P (t)

SIL (t)
× 100

Evaluate ∆V (t) and Qc (t)

Threshold adjustment:
Sthr (t) = a + b∆V (t) + cQc (t)

Decision logic:
Is S (t) > Sthr (t)?

Continue normal
monitoring

Compute fault probability:
Pf (t) = 1 − e 

− k (S (t)−Sthr (t))

Is Pf (t) > 0.90?
Predictive fault

alert

Log and update
stability dashboard

Yes

No

Yes

No

Next sampling instant t

Repeat each sampling instant t

FIGURE 1 | Flowchart of the proposed SIL-based real-time predictive fault detection algorithm.
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Pf =
nf
N

, (3)

where nf denotes the number of instability events observed
among theN trials. The statistical uncertainty associated with the
probability estimate was quantifed using the binomial standard
error [51, 52],

SE Pf( ) =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Pf 1 − Pf( )

N

√

. (4)

This expression characterizes the sampling variability of the
estimated fault probability under repeated trials [53].

For calibration purposes, the exponential fault probability model
was linearized to enable parameter estimation. Starting from the
exponential risk formulation Pf = 1 − e−kX , where X = S − Sthr
represents the excess SIL utilization, the expression was rear-
ranged as 1 − Pf = e−kX . Taking the natural logarithm of both
sides yields ln(1 − Pf ) = −kX, which can be written in linear
form as

Y = kX, (5)

where Y = −ln(1 − Pf ). This logarithmic transformation con-
verts the nonlinear exponential model into a linear regression
form suitable for slope estimation using least-squares ftting of
simulation data. Such linearization techniques are standard in
reliability growth and exponential failure modeling [54].

A predictive fault alert was issued whenever Pf (t) > 0.90, where
the 0.90 cutof was adopted as a high-confdence risk boundary to
ensure that alarms were triggered only under severe and sus-
tained fault-prone conditions.

The above steps were executed iteratively at every sampling
instant t as indicated by the feedback paths in Figure 1, thereby
forming a continuous real-time monitoring loop. The algorithm
was then implemented in MATLAB/Simulink.

Figure 2 presents the overall Simulink architecture of the pro-
posed monitoring framework. The architecture was organized
into the following subsystems: feeder (Figure A3), SIL risk as-
sessment (Figure A4), SIL protection logic (Figure A1), and
signal visualization (Figure A2). A confgurable three-phase fault

block was connected to the feeder subsystem to introduce
controlled disturbances for performance evaluation. The block
enabled application of symmetrical and unsymmetrical fault
conditions at selected transmission locations for testing the SIL-
based predictive detection framework.

The feeder subsystem was modeled as an IEEE 9-bus multi-
machine transmission network. Three synchronous generators
(G1–G3) were interfaced to the high-voltage transmission level
through step-up transformers (T1–T3). The transmission back-
bone was formed by six distributed π-section line models
interconnecting the generator buses with three load buses. Three
parallel three-phase RLC load blocks were connected at the
terminal buses of the transmission network to represent ag-
gregated demand centers. A centralized three-phase volta-
ge–current (V–I) measurement block was installed along the
transmission corridor to acquire Vabc(t) and Iabc(t) signals used
for real-time computation of active power, reactive power,
voltage deviation, SIL utilization, and probabilistic fault risk.
Fault elements were applied on selected transmission branches
to evaluate SIL deviation behavior under diferent fault
conditions.

The SIL risk assessment subsystem constitutes the analytical part
of the framework. It processes Vabc(t) and Iabc(t) to compute
voltage deviation, active and reactive power, dynamic loading
severity, adaptive thresholds, and probabilistic fault indicators.

The SIL protection logic subsystem translates probabilistic es-
timates into actionable protection commands. Comparator
blocks evaluate whether the predicted failure probability exceeds
a predefned reference threshold, typically set at 0.9.

The signal visualization block aggregates key outputs including
SIL severity, adaptive threshold, failure probability, and trip
status. These signals are multiplexed and forwarded to visuali-
zation blocks. The signal visualization subsystem employs scope
blocks to display the temporal evolution of loadability, proba-
bility growth, and relay actuation timing. Workspace logging
blocks store critical indices for postprocessing and quantitative
evaluation. Detailed internal confgurations of each subsystem,
including block-level implementations and signal pathways, are
provided in Appendix C.

1
2
3
4

1

2

3

4

1

2

3

4

5

Signal visualization

SIL protection logic

SIL

Continuous

4

3

A
B
C

PI

SIL Risk assessment

Feeder

Three-phase fault

SIL_threshold
Vabc

Vabc

Iabc

Iabc

Conn1
Conn2
Conn3

m
m1
m2 FaultIneex

Loadability

FIGURE 2 | A MATLAB/Simulink architecture of the proposed SIL-based probabilistic monitoring framework.
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2.1 | AWT–Based Fault Detection

Based on the AWT, a diferent fault detection approach was used
for comparison with the work in this study.

The AWT detector was implemented in MATLAB using the
discrete wavelet transform (DWT) with the Daubechies-4 (db4)
mother wavelet. Voltage and current signals were sampled at
10 kHz and decomposed using a four-level wavelet de-
composition (D1–D4). Fault detection was performed using the
energy of the D4 detail coefcients, which capture high-
frequency transient components typically associated with
transmission line fault events. The wavelet energy was calculated
over a sliding window of 20ms and compared with an adaptive
threshold derived from the prefault signal statistics. The wavelet
decomposition and coefcient extraction were implemented
using MATLAB’s wavedec and detcoef functions from the
Wavelet Toolbox to obtain the detail coefcients at each de-
composition level. The DWT was applied to voltage and current
signals using Equation (6).

W(a, b) = ∫

∞

−∞
x(t)ψ∗

a,b(t)dt, (6)

where x(t) is the input signal (voltage or current), ψa,b(t) is the
wavelet function at scale a and translation b, and W(a, b) rep-
resents the wavelet coefcient.

The energy of wavelet coefcients was computed at each de-
composition level using Equation (7).

Ew = ∑
a,b

|W(a, b)|2. (7)

A fault was detected when Ew > Ethreshold, where Ethreshold was
dynamically adjusted based on system load.

3 | Results and Discussion

The performance of the proposed SIL-based monitoring frame-
work was evaluated using MATLAB/Simulink simulations of
a three-phase transmission system. The results illustrate the
dynamic behavior of SIL across the transmission network and
demonstrate how deviations from normal operating conditions
indicate emerging instability. Figure 3 shows the temporal
variation of SIL for the three phases over a 10-s interval.

The SIL values, expressed in watts (W), exhibit a cyclic sinusoidal
pattern, characteristic of balanced three-phase power trans-
mission. Each phase follows a sinusoidal trajectory with a con-
sistent phase shift of 120° between them, confrming the expected
behavior in a balanced three-phase system. The peak SIL values
are approximately 7.5 × 108 W, while the minimum values are
2.5 × 108 W, indicating periodic power fow variations. Phase A
(red) consistently exhibits higher SIL fuctuations compared to
Phases B and C. The diferences in SIL amplitudes across the
phases suggest that load imbalances exist, particularly in Phase
A. The diference in peak and trough values indicates that, while
the system remains largely balanced, small discrepancies in
phase SIL levels can lead to long-term instability if uncorrected.

Figure 4 illustrates the receiving-end transient response of the
test transmission line when subjected to a temporary fault event.

The simulation was based on the 220-kV, 200-km distributed
parameter model. Voltage and current were measured at both
ends; the plotted Vr (blue) is the receiving-end phase-to-phase
RMS voltage trace, and the dashed trace (red) is the line series
current through the line branch. They were plotted on dual y-
axes for clarity, marking “fault applied” and “fault cleared” with
vertical dashed lines. A self-clearing fault was applied at t = 1.0 s
and cleared approximately 0.2 s later, allowing postfault dy-
namics to be assessed without forced breaker tripping.

In Simulink, the fault was introduced using a switch-to-ground
element on one phase, creating a severe low-impedance path.
Prior to the disturbance (0–1.0 s), the system operates close to
steady state with Vr ≈ 500 kV. Fault inception causes an abrupt
collapse of receiving-end voltage toward zero, accompanied by
a steep current surge due to the sudden impedance reduction.
When normal topology is restored, postfault oscillations decay
rapidly as stored energy dissipates through system damping.
During the disturbance window, SIL exceedance triggers the
predictive fault fag, validating the proposed method’s real-time
sensitivity to emerging instability.

This scenario demonstrated that the SIL-based monitoring
framework efectively captures both the onset of unsafe condi-
tions and the subsequent stabilization process. The rapid settling
time, moderate overshoot, and absence of residual distortion
confrm that the transmission corridor maintains adequate sta-
bility reserve.

Figure 5a shows the rotor speed response of the three syn-
chronous generators following a stressed fault applied at Bus 6.
Prior to fault inception (t < 10 s), all machines operated at
synchronous speed (1.0 p.u.), indicating steady-state equilibrium.
At fault application, rotor acceleration was observed due to
sudden imbalance between electrical and mechanical torque.
Generator 3 exhibited the largest oscillatory deviation, indicating
stronger electromechanical coupling to the faulted corridor. The
oscillations gradually damped as the system redistributed power
and restored synchronizing torque. The intermachine speed
deviation highlights the propagation of disturbance through the
transmission network and confrms that the modeled IEEE 9-bus
system captured dynamic stability interactions beyond local
voltage transients. Figure 5b shows the terminal voltage response
of the three synchronous generators during the stressed fault at
Bus 6. Prior to fault inception, the generators operated near their
nominal voltage levels. At the instant of the fault, a signifcant
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FIGURE 3 | SIL variations in Phases A, B, and C over a 10-s interval.
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voltage depression was observed, particularly for Generator 3,
which experienced the largest voltage drop due to its electrical
proximity to the disturbed corridor. Following fault clearing, the
generator voltages exhibited damped oscillatory recovery as the
system restored reactive power balance and synchronizing tor-
que. The transient voltage behavior refects the propagation of
disturbance through the transmission network and demonstrates
the ability of the IEEE 9-bus model to capture both electrical and
electromechanical dynamics under fault conditions.

These electromechanical and voltage oscillations correspond to
transient deviations in transmitted power relative to the SIL
limit, demonstrating how severe disturbances push the trans-
mission corridor beyond its stable loadability margin, which
forms the basis of the proposed SIL-based risk detection
framework.

3.1 | Estimation of the Risk Growth Constant, k

To quantify the relationship between SIL exceedance and in-
stability risk under varying loading conditions, a Monte Carlo
simulation framework was implemented, enabling statistical
evaluation of fault probability across multiple operating sce-
narios. For each SIL utilization level, N = 200 independent
simulation trials were executed. Each trial represents a statisti-
cally independent operating realization incorporating stochastic
variability in system conditions. Table 2 summarizes the ob-
served number of instability events and corresponding empirical
probabilities for the tested loading levels exceeding the adaptive
threshold.

Figure 6 presents the probabilistic SIL risk curve derived from the
Monte Carlo simulations. The empirical fault probabilities are
shown together with their corresponding 95% confdence in-
tervals, illustrating the statistical dispersion associated with re-
peated operating trials.

The results reveal a clear nonlinear escalation of instability risk
as SIL utilization increases beyond the adaptive stability
threshold. At lower excess loading levels, the observed fault
probability remains moderate, indicating partial system resil-
ience. However, as loading severity intensifes, the probability of
instability rises sharply, refecting increased voltage stress and
reactive power imbalance within the transmission network.

To enable regression-based parameter estimation, the expo-
nential risk formulation was linearized as in Equation (5). Fig-
ure 7 presents the linearized exponential risk regression obtained
from the transformed Monte Carlo data.

The transformed instability metric exhibits a strong linear trend
with increasing excess SIL loading, confrming the validity of the
exponential growth assumption. A least-squares linear re-
gression was applied to the dataset as shown in Figure 7. The
regression ft yielded the relationship

−ln 1 − Pf( ) = 0.0559 + 0.1746 S − Sthr( ). (8)

The slope of the regression line corresponds to the instability risk
growth constant, k = 0.1746, and indicates rapid exponential
escalation of fault probability beyond the adaptive SIL threshold.
The coefcient of determination, R2 = 0.9793, demonstrated
agreement between the transformed empirical data and the ftted
model, thereby validating the suitability of the proposed expo-
nential formulation for probabilistic instability assessment. The
small positive intercept refects residual instability probability at
the threshold under stochastic operating variability, consistent
with the probabilistic nature of the Monte Carlo framework.

Substituting the calibrated constant into Equation (2) yields the
fnalized probabilistic risk model in Equation (9).

Pf (t) = 1 − e−0.1746  S(t)−Sthr(t)[ ]. (9)

0 1 2 3 4 5 6 7 8 9 10

Time (s)

–100

0

100

200

300

400

500

600

700

V
r 
(k
V
)

–3

–2

–1

0

1

2

3

4

S
er
ie
s 
cu
rr
en
t 
(A
)

#104

F
au
lt
 a
p
p
li
ed

F
au
lt
 c
le
ar
ed

FIGURE 4 | Transient response of receiving-end voltage Vr (solid blue) and series line current (dashed red) during a temporary fault.
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Themodel was embedded within the Simulink-basedmonitoring
architecture to compute time-varying fault probabilities, facili-
tating risk-based operational decision-making and adaptive
system control.

Figure 8 illustrates the infuence of reactive power compensation
on the SIL-based fault probability model. The curves represent
three compensation scenarios: no compensation (0 MVAr),
moderate shunt compensation (100 MVAr), and heavy com-
pensation (300 MVAr). The fault probability Pf was computed
using the exponential model in Equation (9), where exceedance
of the adaptive SIL threshold directly increases instability risk.

Without compensation, the probability of a fault rapidly in-
creases once SIL exceeds 110 % , confrming this as the inherent
stability boundary. Introducing 100 MVAr raised the SIL limit to
≈113.8 % , allowing additional loading without immediate in-
stability. With 300 MVAr, the boundary shifted further to
≈119.9 % , providing substantial headroom before Pf approaches
unity. Enhanced compensation both increases the maximum
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FIGURE 5 | (a) Generator rotor speed response (IEEE 9-bus, stressed fault at Bus 6) and (b) generator terminal voltage response (IEEE 9-bus,
stressed fault at Bus 6).

TABLE 2 | Estimated failure probability versus loading level
(expressed as %SIL), including 95% confdence bounds.

SIL (%) Faults Runs Pf CIlow CIhigh SE

111 38 200 0.190 0.136 0.244 0.028
112 63 200 0.315 0.251 0.379 0.033
113 89 200 0.445 0.376 0.514 0.035
114 100 200 0.500 0.431 0.569 0.035
115 127 200 0.635 0.568 0.702 0.034
116 142 200 0.710 0.647 0.773 0.032
117 142 200 0.710 0.647 0.773 0.032
118 148 200 0.740 0.679 0.801 0.031
119 164 200 0.820 0.767 0.873 0.027
120 165 200 0.825 0.772 0.878 0.027

111 112 113 114 115 116 117 118 119 120

SIL utilization (%)
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FIGURE 6 | Probabilistic SIL risk curve showing empirical fault
probability with 95% confdence intervals and ftted exponential
risk model.
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permissible power transfer before instability and reduces the
steepness of the Pf growth, improving disturbance tolerance.
Thus, reactive power support acts as a stabilizing mechanism

directly refected in SIL-based monitoring. This case study
confrms that higher reactive power compensation efectively
increases the safe loading envelope of the transmission line and
suppresses the onset of instability. The SIL fault predictionmodel
accurately captured these shifts, demonstrating adaptability to
changes in reactive support.

Figure 9 presents the SIL curves for transmission lines operating
at three diferent voltage levels: 132 kV (blue), 220 kV (red), and
400 kV (yellow) over a 10-s duration.

The SIL values are expressed in watts (W) and exhibit oscillatory
behavior, refecting load fuctuations and dynamic stability
across diferent voltage ratings. The 400-kV transmission line
exhibits the highest SIL, reaching peak values close to 6 × 108

W. The 132-kV line, in contrast, has signifcantly lower SIL
values, remaining under 1.5 × 108 W. This validates our
framework’s emphasis on monitoring SIL deviations at high
voltage levels to detect load imbalances and emerging faults. At
higher voltages (400 kV), the amplitude of oscillations is more
pronounced, suggesting that voltage instability risks are more
signifcant in high-voltage networks. Lower voltage levels
(132 kV and 220 kV) exhibit damped oscillations, indicating that
lower transmission voltages inherently ofer more stability but at
the cost of reduced power transfer capacity.

Figure 10 illustrates the percentage of SIL utilization over a 24-h
period (blue curve) compared to the dynamic threshold limit (red
curve).

The analysis provides insights into system-wide transmission line
loading, identifying critical periods when overloading and
underloading occur, whichmay indicate instability risks. The SIL
loading percentage starts at 90%, gradually increases to a peak of
120%, and then declines rapidly after approximately 10 h. After
12 h, the loading becomes highly volatile, with noticeable fuc-
tuations, before reaching a minimum near 60% at Hour 18.
Toward the end of the period, the system shows signs of recovery,
with SIL loading beginning to rise again. The initial rise above
100% indicates that the transmission lines are operating beyond
their optimal loading capacity, leading to potential instability.
The sharp drop after 10 h suggests a system disturbance or
corrective control action, which signifcantly reduced trans-
mission capacity. The period of high fuctuation between Hours

1
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FIGURE 7 | Linearized exponential risk regression used to estimate
the instability growth constant k.
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FIGURE 10 | System-wide SIL loading percentage compared to an
adaptive SIL threshold over 24 h.
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12 and 18 confrmed dynamic variations in load demand and
voltage instability. The red curve represents the adaptive
threshold for SIL loading, which fuctuates between 110% and
115% over time. Whenever the blue curve (actual loading) ex-
ceeds this threshold, the system is considered overloaded, in-
creasing the risk of transmission inefciencies and instability.
Between Hours 0 and 10, actual SIL loading exceeds the adaptive
threshold, confrming an overload scenario that may lead to
power losses or voltage collapse.

Figure 11 illustrates the correlation between SIL percentage (blue
curve, left axis) and fault probability (red curve, right axis) in
Phase A over a 24-h period.

The visualization provides insights into how system loading
afects the likelihood of faults, enabling predictive fault detection
and grid stability analysis. As SIL loading increases beyond 100%
(betweenHours 0 and 10), fault probability reaches 1 (certainty of
failure). Periods of stable SIL loading (below 100%) correspond to
near-zero fault probability, confrming that the system operates
reliably under moderate loading. Between Hours 12 and 18, there
is a highly volatile region where SIL loading fuctuates signif-
cantly, leading to unpredictable fault probabilities. Fault

probability decreases when SIL loading drops back below 100,
reinforcing the correlation between excessive loading and in-
stability. The direct correlation between SIL loading and fault
probability confrms that overloading (SIL >rbin 110%) increases
system vulnerability. The unstable fuctuations observed be-
tween Hours 12 and 18 suggest that rapid variations in SIL can
induce transient instabilities. The SIL-based fault detection
framework successfully identifes high-risk operating conditions,
validating its efectiveness for predictive grid monitoring.

To generalize the SIL-based decisionmetric for practical operator
use, Figure 12 presents a fault probability heat map showing how
Pf varies jointly with SIL utilization and reactive compensation.
Higher SIL utilization increases the likelihood of instability,
while adequate reactive support shifts the high-risk region up-
ward, increasing secure loading margins.

The white region (lower left) corresponds to stable loading
conditions where fault probability remains negligible. The nar-
row yellow-to-red band identifes the transition between mar-
ginal and high-risk operation. The dark region (upper portion)
indicates near-certain fault outcomes if that loading persists. The
contour reveals a clear relationship:
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FIGURE 11 | Correlation between SIL loading and fault probability in Phase A over 24 h. Overloaded regions correspond directly to Pf = 1. The
overvoltage observed in unfaulted phases is due to voltage neutral shift under AG fault.
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∂Pf
∂SIL

≫
∂Pf
∂Qc

, (10)

meaning SIL exceedance is the dominant instability trigger,
while compensation provides secondary mitigation. The map
ofers a real-time decision aid: Operators can track their system

point (SIL,Qc) andmaintain sufcient margin below the Pf = 0.9
boundary. This supports proactive dispatch actions such as dy-
namic VAR injection, preventive load shedding, and temporary
redispatch of generation. This two-dimensional stability visual-
ization demonstrates that the proposed SIL-based framework
scales beyond a single scenario. By coupling SIL utilization with
reactive power conditions, operators gain an actionable stability
margin map that improves security assessment in real grid
environments.

3.2 | Comparison With the AWT-Based Fault
Detection Method

To benchmark the predictive capability of the proposed SIL-
based indicator against a widely used transient-based technique,
AWT analysis was applied to the same disturbance scenarios.

Figure 13 presents the wavelet energy, Ew, response of the three
phases during the fault interval. Prior to fault inception (t < 1.0 s),
the energy remained below the prefault threshold, indicating
stable operation. At fault application (t = 1.0 s), a rapid increase
in wavelet energy was observed across all phases, exceeding the
adaptive threshold and confrming transient disturbance
detection.

The energy remained elevated during the fault window
(1.0–1.2 s), followed by a return toward steady-state levels after
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FIGURE 13 | Wavelet energy evolution Ew for the three-phase voltages under a three-phase fault using the db4 wavelet. The dashed horizontal line
represents the prefault energy threshold. Vertical dotted lines indicate fault inception (1.0 s) and fault clearing (1.2 s). (a) Phase A wavelet energy. (b)
Phase B wavelet energy. (c) Phase C wavelet energy.
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inception for Phase A using the db4 wavelet.
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fault clearing. Phase A exhibited the largest energy amplifcation,
consistent with higher instantaneous voltage deviation during
the disturbance. These results confrm that the AWT-based
detector responds strongly to high-frequency transient compo-
nents introduced during fault conditions.

Figure 14 illustrates the distribution of median wavelet detail
energy levels around the fault inception instant for Phase A. The
D4 component exhibited the highest energy concentration
compared to D3, D2, and D1 levels. This indicates that the
dominant transient energy introduced by the fault was localized
within the corresponding frequency band associated with the D4
decomposition level. The progressively lower energy contribu-
tions observed in D3, D2, and D1 confrm that higher-frequency
components carried the primary disturbance signature. This
behavior is consistent with the transient-rich nature of fault
events and validates the selection of the db4 wavelet for capturing
short-duration high-frequency disturbances.

While the AWT-based detector efectively captured high-
frequency transient signatures, the proposed SIL-based
method relied on phasor-derived loadability deviation, en-
abling predictive instability indication prior to signifcant tran-
sient energy amplifcation. Both methods were implemented and
tested in MATLAB/Simulink. A 220-kV transmission line was
tested under diferent load conditions. Table 3 shows test values
comparing the two approaches: Results showed that AWT-based
fault detection ofered a slightly better accuracy but at the cost of
slightly higher complexity. The SIL-based approach detects faults
faster than the AWT-based approach. The reason is that SIL-
based monitoring relies on direct impedance calculations,
whereas the AWT method requires additional wavelet de-
compositions, slightly increasing processing time. The detection
accuracy was quantifed across 570 representative fault-
instability events simulated during the 24-h test case. The pro-
posed SIL-based detector correctly predicted 540 events while
missing 30, giving a true-positive detection accuracy of 94.7%.

False alarms during fault-free operation were statistically neg-
ligible (<1 % ), confrming that the method maintains reliability
without excessive sensitivity.

The times reported in Table 3 denote the predictive SIL deviation
detection margin prior to voltage collapse and do not correspond
to relay trip times. The primary distance protection in the model
isolates the fault within 60–100ms, consistent with standard
utility protection requirements [55].

Let tfault denote fault inception (0.25 s) and tdetect denote the
instant when the decision rule is satisfed. Detection latency is
Δt = tdetect − tfault. In the representative case, the SIL-based
scheme yielded tdetect = 0.30 s (Δt = 50 ms), while the AWT
benchmark yielded tdetect = 0.35 s (Δt = 100 ms).

The false positive rate for the AWT-based approach was lower
than for the SIL-based approach, which indicated that AWT’s
dynamic thresholding system efectively fltered noise and minor
voltage fuctuations and that SIL-based detection was slightly
more sensitive to transient voltage dips that may not necessarily
indicate a fault. While the diference of 0.2% is modest, both
approaches demonstrated high reliability in distinguishing real
faults from disturbances.

3.3 | Comparative Strengths Relative to AWT-
Based Detection

AWT-based techniques provide strong sensitivity to abrupt and
short-duration transients, including high-frequency fault sig-
natures that may not immediately afect SIL. Consequently, in
events where the disturbance is extremely brief, AWT-based
methods may detect fault activity earlier than SIL-based in-
dicators. In contrast, the proposed SIL-based approach is par-
ticularly efective for progressive overload conditions, voltage
collapse precursors, and fault-prone states where the system
remains stressed for a sufcient duration to push loading above
the stability threshold. In these cases, SIL deviation provides

TABLE 3 | Quantitative evaluation of SIL-based vs. AWT-based fault detection based on 570 test disturbances in a 24-h simulation.

Metric SIL-based approach AWT-based approach
Fault detection accuracy 94.7% 95.2%
Time to detect faults 0.3 s 0.35 s
False positive rate 5.3% 5.1%
Computational complexity Moderate High

TABLE 4 | Generalized applicability of SIL-based detection to various fault categories.

Fault type/disturbance SIL sensitivity Notes/impact
Single/double line-to-ground High Zero-sequence raises SIL deviation
Three-phase fault (symmetrical) Very high Maximum power imbalance
Line-to-line fault High Reduced zero-sequence but strong SIL swing
Open circuit/breaker malfunction Medium Detected via line loadability imbalance
Close-in vs. remote fault High/moderate Stronger SIL deviation for close-in faults
Variation in fault resistance High SIL deviation proportional to power defcit
Weak vs. strong source High/very high SIL adapts to diferent SCR conditions
Load switching/sudden reconnection Medium Dynamic margin shift detected
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predictive capability that complements the purely disturbance-
driven nature of AWT. Therefore, the two techniques address
diferent yet overlapping fault modes, suggesting that a hybrid
framework leveraging SIL for early instability warning and AWT
for rapid transient fault capture could further enhance grid
resilience.

The qualitative evaluations summarized in Table 4 are grounded
in the physical impact that each disturbance category has on the
power transfer capability of the transmission corridor and,
consequently, on SIL deviation severity.

Table 4, therefore, summarizes the broader applicability of the
proposed SIL-based monitoring framework beyond the specifc
fault cases simulated in this work. Although only representative
unsymmetrical faults are demonstrated in the fgures, any ab-
normal condition that signifcantly alters the power transfer
capability of a transmission corridor produces a corresponding
SIL deviation. This fault-agnostic response confrms that the
proposed indicator remains reliable across diferent operating
scenarios and is not limited to a narrow subset of fault types. The
table therefore establishes the generalizability and practical
deployment value of the method for wide-area transmission line
monitoring. It is also well established that single-line-to-ground
faults constitute approximately 70%–80% of transmission line
faults in practice [56], justifying the focus on unsymmetrical SLG
disturbances as representative and practically dominant cases.

Unlike high-frequency transient-based methods, the proposed
SIL-based framework uses steady-state phasor quantities for risk
detection. Therefore, variations such as harmonics, measure-
ment noise, and switching-induced waveform distortion do not
hinder detection performance, as long as the disturbance alters
the power transfer margin. This property enables reliable op-
eration under distorted grid environments common in modern
power systems.

The results confrm that the SIL-based approach is more scalable
for large power grids due to lower computational complexity
compared to AWT’s and faster fault detection time, making it
more suitable for real-time grid operations.

4 | Conclusion

This paper presented a probabilistic SIL-based framework for
real-time transmission line monitoring and predictive fault de-
tection. By transforming SIL deviation into an adaptive, risk-
calibrated stability indicator, the proposed approach enables
early identifcation of instability prior to fault escalation. A
dynamic threshold incorporating voltage deviation and reactive
power imbalance was formulated and embedded into an expo-
nential hazard-based model. Monte Carlo validation (N = 200
per loading level) confrmed exponential risk growth beyond the
adaptive boundary, yielding a calibrated instability constant of
k = 0.1746 with strong regression agreement (R2 = 0.9793).

Simulation results for a 220-kV, 200-km transmission system
demonstrated that loading beyond 110% SIL produces rapid
nonlinear escalation in fault probability. The proposed
method achieved 94.7% detection accuracy across 570 test
disturbances and identifed instability 50 ms earlier than the
AWT benchmark while maintaining lower computational
complexity. Reactive compensation was shown to shift the

stability boundary upward, expanding secure loading mar-
gins. Dynamic validation on the IEEE 9-bus multimachine
system further confrmed the relationship between SIL
exceedance, voltage depression, and generator oscillations
under stressed fault conditions.

Unlike transient-based techniques, the SIL-based method relies
on phasor quantities, ensuring robustness under waveform
distortion and noise. The framework therefore provides a scal-
able, computationally efcient, and operationally interpretable
early-warning mechanism suitable for integration into wide-area
monitoring and modern grid protection systems.

SIL-based monitoring should be integrated into grid operations
to enable real-time fault detection and proactive loadability as-
sessment. Establishing dynamic SIL thresholds can optimize
transmission performance and prevent voltage instability. Ad-
ditionally, incorporating SIL analysis into transmission planning
ensures stable load limits and reduces overload risks. Future
studies should focus on enhancing SIL-based fault prediction by
integrating machine learning algorithms to improve detection
accuracy and adaptability under varying grid conditions. While
the SIL principle is inherently compatible with wind- and solar-
integrated networks due to its measurement-based formulation,
future eforts will extend this framework to inverter-dominated
systems under real-world renewable variability and reactive-
power control strategies.

Nomenclature

ΔV Voltage deviation from nominal (%)

SCADA Supervisory control and data acquisition

Iabc Three-phase current components

PMU Phasor measurement units

Pactual Actual transmitted real power (MW)

AWT Adaptive wavelet transform

SIL Surge impedance loading (MW)

S SIL utilization/exceedance (%)

Sthreshold Fixed SIL stability margin (110%)

Sthreshold,adaptive Adaptive SIL stability limit (%)

DWT Discrete wavelet transform

Zs Surge impedance (Ω)

Zc Characteristic impedance of the line (Ω)

R Series resistance per km (Ω/km)

L Line inductance per km (H/km)

C Line capacitance per km (F/km)

G Shunt conductance per km (S/km)

γ Propagation constant of the line

ω Angular frequency (rad/s)

f Supply frequency (Hz)

Qc Reactive power compensation (MVAR)

PF Power factor

LVF Load variation factor

Ew Wavelet energy of disturbance signals
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APPENDIX A: Computational Steps in the MATLAB/Simulink
Implementation

The proposed SIL-based predictive monitoring framework was imple-
mented in MATLAB/Simulink as a structured real-time algorithm exe-
cuted at each sampling instant. The implementation follows a sequential
computational pathway in which measured electrical quantities are
processed to evaluate transmission-line loading severity and probabilistic
instability risk.

At each time step t, three-phase voltages and currents, Vabc(t) and Iabc(t),
were acquired from the transmission-line model. These signals were used
to compute instantaneous active and reactive power, P(t) andQ(t), which
formed the primary inputs to the SIL risk assessment block.

The characteristic impedance was calculated using the distributed pa-
rameter relationship Zc =

̅̅̅̅̅̅̅̅
L/C

√
, where L and C denote line inductance

and capacitance. The dynamic SIL was then evaluated as
SIL(t) = |V(t)|2/(|Zc|), establishing the instantaneous theoretical load-
ability limit of the corridor.
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Transmission stress was quantifed through the SIL utilization index,
S(t) = (P(t)/SIL(t)) × 100, which expresses real-time loading as a per-
centage of the surge impedance boundary.

To account for operating-condition variability, the receiving-end voltage
deviation ΔV(t) was computed relative to the nominal reference, while
the reactive compensation term Qc(t) was evaluated to refect reactive
power balance. These quantities were incorporated into an adaptive
loading threshold defned as Sthr(t) = a + bΔV(t) + cQc(t), where a = 110
represents the base SIL security margin, and b and c are sensitivity
coefcients modeling voltage and reactive power infuence on stability
limits.

The exceedance severity was determined as ΔS(t) = S(t) − Sthr(t). If
ΔS(t) ≤ 0, the system operated within secure limits. For ΔS(t) > 0,
probabilistic instability assessment was activated. Fault likelihood was
evaluated using an exponential reliability model, Pf (t) = 1 − e−k ΔS(t),
where k is the calibrated instability growth constant obtained from re-
gression of simulated operating data. This formulation ensures mono-
tonic risk escalation with increasing SIL exceedance.

A predictive fault alert was issued when Pf (t) > 0.90, representing a high-
confdence instability boundary. All computed indices SIL(t), S(t), Sthr(t),
ΔS(t), and Pf (t) were updated iteratively at each sampling instant and
logged for postprocessing and visualization. The resulting architecture
forms a continuous real-time monitoring loop suitable for wide-area
transmission-line stability assessment.

The full MATLAB script could not be added to the manuscript due to
length constraints, but it is available for access at https://drive.google.
com/fle/d/1ySK2S_-758uy-k4Z0-hYaZ46WQVIVjSb/view?usp=sharing.

APPENDIX B: Accuracy Computation Method

To quantify detection accuracy, simulations comprising 570 represen-
tative fault and instability scenarios were conducted within the developed
transmission-line monitoring framework. The experimental design in-
corporated multiple fault categories, fault locations, and loading regimes
to ensure comprehensive coverage of realistic transmission-system dis-
turbances. Considered fault types included single line-to-ground (SLG),
line-to-line (LL), double line-to-ground (DLG), and three-phase (3-ϕ)
faults, each introduced at strategically selected points along the trans-
mission corridor.

To capture system behavior under varying stress conditions, each fault
type was simulated across three loading levels: light load (≤ 80% SIL),
nominal load (≈ 100% SIL), and heavy load (≥ 120% SIL). Furthermore,
repeated simulation runs were executed to account for stochastic vari-
ations in fault inception timing and dynamic system response. The
resulting experimental matrix yielded a total of 570 simulated events, as
summarized in Table A1. All simulations were performed over a 24-h test
horizon, representing a complete daily load cycle. This duration enabled
the monitoring algorithm to be evaluated under of-peak, ramping, and
peak demand intervals, thereby refecting realistic temporal variations in
transmission-line loading and stability conditions.

Detection accuracy was subsequently computed using the standard
classifcation metric defned in Equation (B.1) [57, 58].

Accuracy =
TP + TN

TP + TN + FP + FN
× 100 % , (B.1)

where TP, TN, FP, and FN denote true positives, true negatives, false
positives, and false negatives, respectively. To evaluate detection per-
formance, each simulated scenario was classifed according to the cor-
respondence between the actual system condition and the monitoring
algorithm decision. When a fault event occurred and the algorithm
correctly issued a predictive alert, the outcome was recorded as a true
positive (TP). Conversely, if a fault was present but no alert was gen-
erated, the event was categorized as a false negative (FN). Normal op-
erating scenarios correctly identifed as nonfault states were recorded as
true negatives (TN), while instances in which the algorithm falsely in-
dicated a fault under normal conditions were classifed as false positives
(FP). The distribution of detection outcomes obtained across the simu-
lated scenarios is summarized in Table A2.

Using the outcome distribution in Table A2, detection accuracy was
computed by substituting the observed values into Equation (B.2).

Accuracy =
278 + 262

278 + 262 + 18 + 12
× 100 = 94.74 % . (B.2)

This result indicates that the proposed SIL-based monitoring framework
correctly classifed transmission-line operating states in over 94% of the
evaluated scenarios, demonstrating strong predictive reliability under
diverse loading and fault conditions.

APPENDIX C: Simulation Setup and System Confguration

All simulations used a single-circuit three-phase transmission line model
connected between a sending-end generator and a receiving-end load.
The system represents a typical 220-kV, 200-km overhead transmission
line. The distributed-parameter line was modeled using per-unit-length
series and shunt impedance components. The transmission line electrical
parameters used in the simulation are summarized in Table A3.

TABLE A1 | Simulation matrix used to generate representative fault
scenarios.

Fault
type Locations

Load
levels

Runs per
case

Total
events

SLG 5 3 10 150
LL 5 3 10 150
DLG 5 3 10 150
3- ϕ 4 3 10 120
Total 570

TABLE A2 | Detection outcome distribution across simulated
scenarios.

Classifcation metric Number of events
True positives (TP) 278
True negatives (TN) 262
False positives (FP) 18
False negatives (FN) 12
Total 570

TABLE A3 | Transmission line parameters used in simulation.

Nominal line voltage,
Vnominal 220 kV

Line length, d 200 km
Resistance, R 0.0122 Ω/km
Inductance, L 1.2 mH/km
Capacitance, C 0.009 μ F/km
Conductance, G 3 × 10−6 S/km
Frequency, f 50 Hz

Surge impedance, Zs =
̅̅̅̅̅̅̅̅
L/C

√ 365 Ω
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The receiving-end load was modeled using an adjustable three-phase
RLC load to generate time-varying loadability conditions. Load imbal-
ance was introduced by modifying the RLC values independently for
Phases A, B, and C. Voltage and current were measured at both ends of
the transmission line. The simulation used a continuous-time domain
with a fxed-step solver (ode23tb), a sampling frequency of 20 kHz, and
total simulation horizons of 10 s and 24 h for short-term and long-term
stability analyses, respectively.

The detailed internal structures of Figure 2 are presented in Figures A1,
A2, A3, and A4.

x
÷

Loadability analysis

+

+

Threshold adjustment
Fault detection output

Reference fault threshold

Output1
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Trip signal

Normal operation

To workspace.
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FIGURE A1 | Detailed implementation of the SIL protection logic subsystem.
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FIGURE A2 | Expanded view of the signal visualization subsystem.
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