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Abstract— The transition from synchronous generators to
converter-based renewable energy sources is changing the
dynamic behavior of modern power systems. As this shift
continues, maintaining small-signal stability is becoming more
critical, particularly in weak grid conditions where the short-
circuit ratio (SCR) is low. Existing methods for assessing
stability often rely on detailed simulations across a wide range
of power levels and grid strengths, which are not only
computationally expensive but also time-consuming to
implement in practice. This paper introduces a data-efficient
method that enables rapid prediction of critical SCR limits that
lead to instability by utilizing the amplitude difference between
converter and grid impedances at their intersection frequency.
The method extracts key coefficients through a semi-logarithmic
linear regression model using amplitude margin (AM) and SCR
data measured at any two distinct power levels. Once
established, the model allows prediction of the critical SCR for
any other power level without the need for further simulation.
The method is validated using a standard Type-4 wind farm
system, and the predicted results are compared against both
frequency-domain and time-domain simulations. Accuracy is
measured using standard error metrics, which confirms a strong
correlation between the predicted and actual values. This
approach offers a practical and computationally efficient
solution for stability analysis in converter-dominated systems. It
holds strong potential for application in future power grids
integrating solar photovoltaics, battery storage, and other
inverter-based technologies.

Keywords— Stability prediction, Semi-log linear regression,
Small-signal analysis, SCR, Type-4 wind farm.

I. INTRODUCTION

The rapid integration of converter-based renewable energy
sources, such as wind, solar photovoltaics, and battery energy
storage, is changing the dynamic characteristics of modern
power systems [1]. As traditional synchronous machines are
gradually replaced, the inherent inertia and voltage support
they offered are notably reduced [2].  This transformation has
raised new concerns about system stability, particularly in
weak grid scenarios where SCRs are low. In such cases, small-
signal instability may occur due to negative interactions
between the voltage source converters (VSCs) and the grid
impedance, which can often lead to poor performance or even
system failure [3].

Impedance-based techniques are widely used for
analyzing small-signal stability of converter-dominated power
systems because they offer an intuitive physical understanding
and work well with frequency-domain methods [4].
Specifically, the amplitude margin between the converter

impedance and the grid impedance is used to evaluate how
close the system is to instability. However, identifying the
critical SCR and power level that causes instability typically
requires extensive impedance measurements or frequency
sweep simulations over various scenarios using traditional
methods. This causes routine stability screening to be both
time-consuming and computationally costly, particularly in
grids with frequent operating condition changes or limited
data access.

Over the years, different methods have been developed to
address this limitation. Some researchers use analytical and
sensitivity-based methods to assess system dynamics and
identify stability margins [5, 6]. Others apply data-driven
techniques to model complex, nonlinear behaviors in modern
grids with high renewable integration [7, 8]. Although these
methods have shown promising results, they often need large
datasets for training, involve complex tuning, or produce
black-box predictions that lack physical insight. Furthermore,
many of these approaches lack a clear way to assess the
reliability of their predictions or measure related errors, which
limits their usefulness in real-world systems.

This paper aims to fill that gap by introducing a regression-
based framework that uses amplitude margin characteristics
derived from only two operating points. Unlike previous
methods that depend on extensive simulations or unclear
models, this approach provides a quick and physically
relevant way to estimate the critical SCR values for any power
level. The method directly links AM trends to grid strength
and converter output, making stability prediction more
straightforward without losing accuracy or insight. This
makes the work particularly relevant in modern power
systems planning and operation, where rapid assessment tools
are vital due to increasing complexity and variability from
renewable integration.

The proposed method is tested on a Type-4 wind farm
model connected to a weak grid. Validation is carried out
through both frequency-domain and time-domain simulations,
and the predicted results are further evaluated using standard
error metrics. The findings show that the method offers a
practical and scalable solution for online stability assessment
in power systems dominated by converter-based generation.
In addition to wind power, the framework can also be adapted
to other converter-connected technologies like solar
photovoltaics and battery energy storage systems.

The paper is organized as follows: Section II outlines
materials and methods, Section III describes the case study,
Section IV presents and discusses the results, and Section V
concludes with key findings and future research directions.
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II. MATERIALS AND METHOD

A. Grid Strength, Damping, and Stability
 The SCR is a fundamental metric used to quantify the grid
strength at the point of connection to inverter-based resources
(IBRs), and can be determined by (1). The grids with SCR ≥
3 are considered strong, whereas SCR ≤ 3 denotes a weak grid,
which increases the chance of instability and oscillations in
converter-based systems [9].

SCR =
𝑆Grid
𝑃IBR

(1)

 The damping ratio ( ζ ) quantifies the rate at which
oscillations diminish. Values above 5% are generally
considered well-damped, while those below 3% indicate weak
damping [10]. It is calculated using (2), where the logarithmic
decrement (𝛿) is defined in (3).

ζ =
1

ට1 + ቀ2𝜋
𝛿 ቁ

2
× 100

(2)

𝛿 = 1
𝑛

ln ቀ 𝑥(𝑡)
𝑥(1+𝑛𝑇)ቁ (3)

where, 𝑛 is the number of periods, 𝑥(𝑡) is the overshoot, and
𝑥(1 + 𝑛𝑇) is the overshoot at the period 𝑛.

B. Linear Regression and Semi-Log Model
      Linear regression is a widely used statistical method to
model the relationship between a dependent variable and one
or more independent variables [11]. The general form of a
multiple linear regression model is shown in (4).

𝑦 = 𝛽0 + 𝛽1 ∙ 𝑥1 + 𝛽2 ∙ 𝑥2 + ⋯+ 𝜀 (4)

where 𝑦  is the dependent variable, 𝑥1 and 𝑥2 are the
independent variables, 𝛽 are the coefficients to be estimated,
and 𝜀 is the error term.

 However, the relationship between the AM, SCR, and the
power level is not linear. AM varies logarithmically with SCR,
while the dependence on power remains linear. To capture
this, the generic linear regression was adapted into a semi-log
linear regression model in (5). In matrix form, this can be
expressed by (6).

𝐴𝑀 = 𝛽0 + 𝛽1 ∙ log(𝑆𝐶𝑅) + 𝛽2 ∙ 𝑃 + 𝜀 (5)
𝑨𝑴 = 𝜷 ∙ 𝑿 + 𝜀 (6)

where the matrix (𝑿)  includes SCR, power levels, and a
column of ones for the intercept term. The observation vector
(𝑨𝑴) contains the corresponding amplitude margin values,
which are calculated at the frequency where the converter and
grid impedance amplitudes intersect, and the phase difference
reaches or exceeds −180° , indicating the critical point of
instability.

C. Coefficient Estimation
 To estimate the regression coefficients, AM data
corresponding to varying SCR values at two distinct power
levels, 𝑃1 and 𝑃2  are obtained from the tested simulation
model. The coefficients (𝛽) are then computed using (7).

𝜷 = (𝑿𝐓 ∙ 𝑿)−1 ∙ 𝑿𝐓∙ 𝑨𝑴 (7)

 For 𝑛 observations, the matrix (𝑿)  and the observation
vector (𝑨𝑴) are formulated as shown in (8).

𝑨𝑴 =

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡
𝐴𝑀1,𝑃1
𝐴𝑀2,𝑃1
⋮

𝐴𝑀𝑛,𝑃1
𝐴𝑀1,𝑃2
𝐴𝑀2,𝑃2
⋮

𝐴𝑀𝑛,𝑃2⎦
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

; 𝑿 =

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡1 log൫SCR1,P1൯ 𝑃1
1 log൫𝑆𝐶𝑅2,𝑃1൯ 𝑃1
⋮ ⋮ ⋮
1 log൫𝑆𝐶𝑅𝑛,𝑃1൯ 𝑃1
1 log൫𝑆𝐶𝑅1,𝑃2൯ 𝑃2
1 log൫𝑆𝐶𝑅2,𝑃2൯ 𝑃2
⋮ ⋮ ⋮
1 log൫𝑆𝐶𝑅𝑛,𝑃2൯ 𝑃2⎦

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

(8)

D. Determination of Critical SCR
 The critical SCR for a given power level is defined as the
point where the amplitude margin reaches zero, marking the
threshold between stable and unstable operation. By setting
AM = 0 in (5), the critical SCR expression is derived and
presented in (10).

0 = 𝛽0 + 𝛽1 ∙ 𝑙𝑜𝑔(𝑆𝐶𝑅) + 𝛽2 ∙ 𝑃 + 𝜀 (9)

𝑆𝐶𝑅critical = 𝑒−
൬𝛽0 +𝛽2∙𝑃 +𝜀𝛽1

൰ (10)

This formula allows operators to quickly estimate the SCR
limit for stability across any power level without additional
simulations.

E. Error Metrics for Accuracy Checking
To evaluate the performance and accuracy of the proposed

model, several standard statistical error metrics are used, such
as mean absolute error (MAE), root mean square error
(RMSE), and the coefficient of determination (R²). This
calculation is carried out using a set of established analytical
formulas based on the methods described in [12]. Let 𝐴𝑀𝑖

actual

denote the measured amplitude margin at the 𝑖th data point,
𝐴𝑀𝑖

predicted the corresponding predicted value, and 𝐴𝑀തതതതത𝑎𝑐𝑡𝑢𝑎𝑙
the mean of the measured values. The total number of data
points is 𝑛.

 The MAE measures the average difference between the
predicted and actual amplitude margin values. Lower MAE
means better prediction. It is calculated using (11).

𝑀𝐴𝐸 =
1
𝑛
෍ห𝐴𝑀𝑖

actual− 𝐴𝑀𝑖
predictedห

𝑛

𝑖=1

(11)

 The RMSE also measures the error, but it gives more
weight to larger mistakes. A lower RMSE means the
predictions are more consistent. It is given in (12).

𝑅𝑀𝑆𝐸 = ඩ
1
𝑛
෍൫𝐴𝑀𝑖

actual− 𝐴𝑀𝑖
predicted൯

2
𝑛

𝑖=1

(12)

 The  R2  indicates the proportion of variance in the
observed data that the model explains. Values of R2 closer to
1 means better performance. It is calculated by (13).

𝑅2 = 1−
∑  𝑛
𝑖=1 ൫𝐴𝑀𝑖

actual− 𝐴𝑀𝑖
predicted൯

2

∑  𝑛
𝑖=1 ൫𝐴𝑀𝑖

actual− 𝐴𝑀തതതതതactual൯2
(13)
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III. CASE STUDY

A. Type-4 Wind Farm Model
A benchmark wind farm model from the PSCAD library

is used for the simulation. This widely adopted model is
applied without any structural modifications. It includes Type-
4 wind turbines with permanent magnet synchronous
generators, a full-scale back-to-back converter, DC link, filter,
and a phase-locked loop for grid synchronization. Additional
details can be found in [13, 14]. The system represents an 800
MW wind farm connected to a 118 kV, 50 Hz grid with an
X/R ratio of 10. The single-line diagram is shown in Fig. 1.

Fig. 1.  Single-line diagram of the model.

 A strong grid with SCR of 10 is added in parallel to the
weak grid to ensure proper operation during the initial stages.
After 3 seconds, a circuit breaker disconnects this strong grid,
allowing the system to transition fully to the weak grid.

B. Impedance Analysis of Grid-Converter
 An impedance measurement toolbox is used to extract
converter admittance data across a frequency range of 35 Hz
to 65 Hz; the toolbox details can be found in [15, 16]. The
acquired data is used to calculate the converter impedance.
This calculation is performed by a set of analytical formulas
based on the methods detailed in [16, 17]. The transfer
function of the closed-loop system is given in (14), where the
closed-loop admittance matrix (𝒀close) is defined by (15).

𝒊acαβ(𝑠)
𝒗gαβ(𝑠)

=  𝒀total(𝑠) =  𝒀close(1,1) (14)

𝒀close =
𝒀𝑐

൫𝐈 +  𝒀c 𝒁g൯
(15)

The equivalent converter impedance matrix (𝒁c)is then
determined from the grid and total system impedances as
outlined in (16).

 𝒁c =
1

𝒀total
−  𝒁g (16)

To evaluate grid impedance ൫𝒁𝐠൯ for various SCRs, their
amplitude and phase angle are calculated using (17) and (18),
respectively.

ห𝒁gห =
𝑉g2

𝑃rated .  SCR
(17)

𝜃 = tan−1 ൬
𝑋
𝑅൰

(18)

After obtaining the data, impedance-based Bode plots are
used to assess stability by comparing the amplitude and phase
differences between grid and converter impedances. The
system is unstable if the amplitude difference is at or below 0
dB and the phase difference is at or below −180°  at the
intersection frequency. The system is stable if it maintains a
positive magnitude difference.

IV. RESULTS AND DISCUSSION

A. Stability Analysis of Type-4 Wind Farm
The Impedance-based Bode plot and time-domain

simulation in Fig. 2(a-b) show that the system becomes
unstable at 44 Hz when the SCR is reduced to 1.9 and 1.5,
corresponding to operating power levels of 100% (800 MW)
and 75% (600 MW), respectively. At this 44 Hz intersection
frequency, the AM is then calculated as a function of SCR
over the range 0.1 to 10, using a small step size of 0.01 for
each power level. These AM-SCR data are used for equation
development and coefficient calculation.

(a)

(b)

Fig. 2. (a) Impedance-based Bode plot, (b) Time-domain simulation

B. Coefficient Calculation and Model Development
 By replacing the obtained data of AM, SCR, and power
level into (8), the coefficients (𝛽) are estimated using (7). The
resulting values are shown in (19).

𝛽 = ൥
𝛽0
𝛽1
𝛽2
൩ = ൥

5.615
13.412
−0.018

൩ (19)

 Substituting the values of 𝛽 into (5) and (10), the semi-log
linear regression model and the expression for the critical SCR
are derived as (20) and (21), respectively.

𝐴𝑀 = 5.615 + 13.412 ∙ log(𝑆𝐶𝑅)− 0.018 ∙ 𝑃+ 𝜀 (20)

𝑆𝐶𝑅critical = 𝑒− ቀ5.615 −0.018∙𝑃 + 𝜀
13.412 ቁ (21)

C. Comparison and Error Checking
      To evaluate the performance of the proposed semi-
logarithmic regression model, the AM predicted by equation
(20) is compared with the actual data for operating power
levels of 800 MW and 600 MW.

Strong grid

Weak grid
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Fig. 3. Predicted vs. actual amplitude margin

TABLE I. SUMMARY OF ERROR METRICS RESULTS

Metric Value Interpretation

MAE 0.9721 Indicates high prediction accuracy as the
mean error is only 0.97 dB

RMSE 1.1354 Confirms low overall error magnitude with
minimal large deviations

R² 0.9946 Excellent fit, explaining 99.46% of the
variance in amplitude margin data

 As shown in Fig. 3, the predicted curves closely follow the
actual data across a wide range of SCR values. The model
captures the expected smooth logarithmic relationship
between AM and SCR while maintaining accuracy at both
low- and high-power levels.

Quantitative validation was performed using standard
error metrics, summarized in Table I. The MAE is found to be
0.9721 dB, indicating that the average prediction deviates less
than 1 dB from the actual values. The RMSE is calculated as
1.1354 dB, confirming that the overall magnitude of error
remains low. Additionally, the R² achieved a value of 0.9946,
suggesting high predictive reliability. This high R² value
demonstrates that the model explains more than 99% of the
variance in the amplitude margin data. These results confirm
that the regression-based model offers high accuracy with
minimal computational complexity, making it a reliable tool
for practical stability assessments under varying grid and
operating conditions.

D. Stability Prediction and Validation
      To demonstrate the applicability of the proposed semi-
logarithmic regression model across a range of operating
conditions, predicted amplitude margin curves are generated
for multiple power levels ranging from 300 MW to 800 MW.
These curves in Fig. 4(a) illustrate the relationship between
AM and SCR over the full range from 0 to 10. A magnified
view focusing on the critical region between SCR 0.5 and 3.5
is presented in Fig. 4(b) to highlight prediction accuracy
around the instability threshold. For each power level, the
critical SCR, defined as the point where the AM curve
intersects zero (corresponding to the impedance-based
instability condition in Fig. 2a), is extracted from the predicted
data and compared to the actual critical SCR obtained through
frequency-domain stability analysis.

 Table II presents the predicted and actual critical SCR
values for all power levels, along with the absolute deviation.
The results show that the prediction error remains within a
narrow band of ±0.04, which confirms the reliability of the
regression-based approach.

 To further verify the effectiveness of the proposed model,
time-domain simulations are conducted for selected power
levels (300 MW, 400 MW, 500 MW, and 700 MW). These
power levels are not included in the original regression fitting
process, thereby providing an unbiased test for generalization.
For each case, simulations are performed at the predicted
critical SCR and at a higher SCR level. As illustrated in Fig.
5, the system shows clear undamped oscillations at the critical
SCR, indicating that the system becomes unstable. When the
SCR is increased above this critical threshold, the system
shows stable behavior with good damping characteristics.

 This consistency between the predicted critical SCR
values and the time-domain dynamic responses strengthens
the validity of the model. The low absolute deviation across
all power levels and the visual alignment of simulation results
support the conclusion that the regression-based method can
reliably estimate system stability boundaries under various
operating conditions without the need for exhaustive
simulations.

(a)

(b)

Fig. 4. (a-b). Predicted AM vs. SCR for various  power levels
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TABLE II. COMPARISON OF CRITICAL SCR ACROSS POWER LEVELS

Power
(MW)

Capacity
(%)

Predicted
𝐒𝐂𝐑𝐜𝐫𝐢𝐭𝐢𝐜𝐚𝐥

Actual
𝐒𝐂𝐑𝐜𝐫𝐢𝐭𝐢𝐜𝐚𝐥

Absolute
Deviation

300 37.5 0.98 1.02 0.04

400 50 1.12 1.15 0.03

500 62.5 1.28 1.27 0.01

600 75 1.48 1.50 0.02

700 87.5 1.69 1.71 0.02

800 100 1.93 1.90 0.03

Fig. 5. Time-domain responses for validating stability prediction

V. CONCLUSION

This paper proposed a data-efficient approach for
predicting the critical SCR based on amplitude margin
characteristics of the converter and grid interaction in
converter-dominated grids. By establishing a semi-
logarithmic relationship between amplitude margin, SCR, and
power levels, the model enables accurate estimation of small-
signal instability thresholds using only two data points at
distinct power levels. The methodology is tested on a Type-4
wind farm, and the predicted results showed strong alignment
with the actual results across various operating conditions.
Quantitative validation using error metrics, frequency-domain
analysis, and time-domain simulations demonstrated minimal
prediction error, which confirms the reliability and accuracy
of the proposed method. The proposed approach reduces the
computational effort required for stability screening by
eliminating the need for detailed small-signal eigenvalue
analysis or time-domain simulations at every operating point.
This makes it particularly suitable for planning studies, real-
time grid assessment, and system design under high converter
penetration.

Future work will extend the approach to other converter
types and control strategies. It will also integrate real-time
measurement data for adaptive stability assessment. The effect
of parameter uncertainty will be examined to improve
accuracy in practical grid applications.
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