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Abstract—Western Electricity Coordinating Council (WECC)
recently approved the first generation Grid Forming (GFM)
inverter models, which are now available in PSLF and PSS®E. As
the dynamic behavior of these models depends on a large number
of parameters, systematic parameter identification approaches
for model validation are essential to maintain accuracy in
planning studies. This paper addresses this gap by systematically
quantifying the influence of GFM model parameters on key
dynamic response performance metrics at the Point of Intercon-
nection (POI). The principal objective is to identify and rank the
parameters of the WECC approved generic model (REGFM A1)
that most strongly impact voltage, reactive power, active power,
and frequency dynamics. The methodology employs the Hilbert
Schmidt Independence Criterion (HSIC) as a kernel-based global
sensitivity analysis tool, applied to time-domain simulation data
from PSS®E. Validation of the sensitive parameters is performed
through elasticity analysis and perturbation studies on a single-
machine infinite bus system and a 200-bus synthetic grid network.
The findings conclude that HSIC-based analysis provides a
robust, data-driven method to guide parameter prioritization,
enabling more effective model validation and more reliable
stability assessments in the inverter-dominated power system
network.

Index Terms—grid forming inverter, model validation, nonlin-
ear dynamic model, sensitivity analysis, WECC

I. INTRODUCTION

The transition toward inverter-dominated power systems has
accelerated the adoption of Grid Forming (GFM) Inverter-
based Resources (IBRs) [1]. Unlike grid-following controls,
GFM inverters can establish voltage and frequency references,
offering system benefits such as inertia emulation, black-
start capability, and robust disturbance recovery [2]. These
promising attributes are key enablers for accommodating
higher levels of renewable energy penetration. Recognizing
their importance, research initiatives led by institutions across
North America have developed generic GFM IBRs models
[3], [4], now implemented in positive-sequence simulation
tools like PSLF and PSS®E. These latest models provide

system operators and planners with the means to evaluate GFM
dynamics in planning studies.

There has been significant recent research on the model-
ing and control of GFM IBRs. A detailed survey, critically
reviewing different GFM control technologies, is presented
in [5]. A data-driven modeling approach for GFM inverters,
validated through hardware-in-the-loop experimentation, is
given in [6]. In [7], positive-sequence modeling framework
for droop-controlled grid-forming inverters is proposed which
suitable for large-scale transient stability studies. Despite these
advances, there remains limited guidance on how GFM IBRs
model parameters influence dynamic performance metrics for
the quantities at the Point of Interconnection (POI). In parallel,
Independent System Operators have introduced strict model
validation and acceptance requirements, such as the ERCOT
Model Quality Test [8] and the PJM model requirements
[9], underscoring the need for accurate and reliable inverter
models. Therefore, understanding the sensitivity and influence
of generic GFM IBRs dynamic model parameters on dynamic
response metrics is critical for effective model validation,
large-signal stability analysis, and robust transmission plan-
ning studies in inverter-dominated grids.

The gap between detailed model development and practical
parameter guidance highlights the need for additional anal-
ysis methods. Sensitivity analysis addresses this by linking
parameter variations to performance metrics and identifying
critical parameters for validation and tuning. The role of
sensitivity analysis in quantifying uncertainty and guiding
robust power system studies is highlighted in [10]. Trajectory
Sensitivity Analysis [11] has been widely used in power
system studies [12], [13]; however, its inability to capture
nonlinear effects restricts its suitability for nonlinear models,
including GFM IBR models. This limitation is addressed by
Global Sensitivity Analysis techniques, including Sobol and
Morris, which have been successfully used to identify key
parameters in grid-following IBR models [14], [15]. However,
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a clear link between sensitive parameters and their impact
on dynamic response performance metrics is still unexplored.
Hilbert–Schmidt Independence Criterion (HSIC) [16] provides
a powerful sensitivity analysis framework which be leveraged
to quantify the dependence between GFM model parameters
and dynamic performance metrics. Unlike variance-based ap-
proaches such as Sobol or screening methods like Morris,
HSIC can capture nonlinear and non-monotonic dependencies,
making it particularly well-suited for analyzing the nonlinear
dynamics of GFM IBR models.

This work presents an analytical data-driven approach to
quantify the impact of the GFM inverter’s model parame-
ters on the dynamic response performance metrics. Unlike
existing approaches that often rely on engineering intuition
or hit-and-trial parameter tuning, the proposed HSIC based
sensitivity analysis provides a robust method to systematically
identify the parameters that exert the greatest influence on
the quantities at the POI. The novelty of the work lies in
supporting accurate model validation for GFM IBRs. The
study demonstrates that the sensitivity results obtained through
HSIC are largely independent of the underlying network size
or configuration. By conducting the validation on both the
Single Machine Infinite Bus (SMIB) system and on a 200-bus
synthetic transmission grid, the work shows that the sensi-
tive parameters remain consistent across different grid sizes.
To justify robustness, the HSIC based sensitive parameters
are independently validated using absolute elasticity analysis
based on 30% parameter perturbations. This provides strong
evidence that the proposed approach captures intrinsic model
properties of the GFM inverter rather than artifacts of a
particular test system.

The HSIC-based sensitivity analysis for the GFM inverter
dynamic model is presented in Section II. The results are
presented in Section III. The validation of the parameters
on two different transmission grids is given in Section IV.
Finally, the conclusion, followed by the future work directions,
is presented in Section V.

II. METHODOLOGY

Let the nonlinear dynamic model of the GFM inverter be
parameterized by a vector of parameters

θ = [θ1, θ2, . . . , θp]>, (1)

where p denotes the total number of tunable model parameters.
For global sensitivity analysis, m independent realizations of
these parameters are generated according to their respective
operating ranges or probability distributions, forming the pa-
rameter sample matrix Θ ,

Θ = [θ(1),θ(2), . . . ,θ(m)]>. (2)

For each sampled parameter set θ(i), time-domain simula-
tions are conducted in PSS®E to obtain the dynamic trajec-
tories of voltage (VPOI), reactive power (QPOI), active power
(PPOI), and frequency (FPOI) at the Point of Interconnection
(POI). From each trajectory, a vector of r dynamic response

TABLE I
DYNAMIC RESPONSE PERFORMANCE METRICS DESCRIPTION

Performance Metric Intepretation
Delay Time (td) Time to reach 50% of steady state value
Rise Time (tr) Time to reach 90% of steady state value
Peak Time (tp) Time to reach the first peak of the overshoot

Settling Time (ts) Time required for the oscillation
to reach within ±5% of the steady state value

Maximum
Overshoot (mp) Maximum deviation above steady state value

Ramp Rate (rr) Rate of change per unit time
Rate of Change

of Frquency (rocof)
Maximum instantaneous rate of change

of system frequency
Frequency Nadir (fnadir) Lowest frequency point

performance metrics (as shown in Table I) is computed and
represented as

M = [M1,M2, . . . ,Mr]>. (3)

The complete dataset D, of simulation outcomes can thus
be expressed as

D = {(θ(i),M(i))}mi=1. (4)

The sensitivity between a given model parameter θp and a
performance metric Mr is quantified using the HSIC, which
measures the statistical dependence between two random vari-
ables in reproducing kernel Hilbert spaces (RKHSs).

The HSIC between θp and Mr is defined as

HSIC(θp,Mr) =
1

(m− 1)2
Tr(K̃(p)L̃(r)), (5)

where Tr(·) denotes the trace operator, and K̃(p) and L̃(r)

are the centered kernel matrices corresponding to θp and Mr,
respectively.

The centered matrices are computed as

K̃(p) = HK(p)H, L̃(r) = HL(r)H, (6)

where the centering matrix H removes mean effects and is
given by

H = Im −
1

m
11>, (7)

with Im denoting the m×m identity matrix and 1 a column
vector of ones of length m.

The elements of the uncentered kernel matrices are obtained
using the Gaussian Radial Basis Function (RBF) kernel:

K
(p)
ab = exp

[
− (θ

(a)
p − θ(b)p )2

2σ2
p

]
for all a, b ∈ {1, 2, . . . ,m}

(8)

L
(r)
ab = exp

[
− (M

(a)
r −M (b)

r )2

2σ2
r

]
for all a, b ∈ {1, 2, . . . ,m}

(9)
The kernel bandwidths σp and σr are determined using

the median heuristic to ensure appropriate scaling between
parameters and metrics.
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Fig. 1. Heatmap of REGFM A1 HSIC Sensitivity Indices for VPOI

To obtain a dimensionless and comparable measure of
dependence, the HSIC value is normalized as

Sr
p =

HSIC(θp,Mr)√
HSIC(θp, θp) HSIC(Mr,Mr)

. (10)

The normalized index Sr
p ∈ [0, 1] quantifies the degree of

statistical dependence between the p-th parameter and the r-
th performance metric. A higher Sr

p value indicates stronger
nonlinear dependence and a greater influence of θp on Mr.

A multidimensional parameter space is constructed to span
the practical range of variation for each model parameter
based on engineering judgment and manufacturer specifica-
tions. Using Latin Hypercube Sampling (LHS) or equivalent
low-discrepancy sequences, m parameter sets {θ(i)}mi=1 are
generated to ensure uniform coverage of the space.

For each parameter set, time-domain simulations are exe-
cuted in PSS®E, and the corresponding dynamic performance
metrics M(i) are extracted following Table I. The resulting
parameter–metric pairs (θ(i),M(i)) serve as inputs to the
HSIC computation pipeline defined by (5)–(10). The sensi-
tivity indices Sr

p are arranged in the sensitivity matrix

S =


S1
1 S2

1 · · · Sr
1

S1
2 S2

2 · · · Sr
2

...
...

. . .
...

S1
p S2

p · · · Sr
p

 , (11)

where each row corresponds to a model parameter and each
column corresponds to a performance metric.

Parameters are ranked based on the magnitude of the
normalized sensitivity indices Sr

p . Parameters exhibiting con-
sistently high Sr

p values across performance metrics mentioned
in Table I are identified as globally influential and priori-
tized for model validation and tuning. Visualization through
heatmaps of the sensitivity matrix (11) provides an intuitive
representation of parameter–metric dependencies, highlighting
the dominant GFM control loops and dynamic parameters
influencing voltage (VPOI), reactive power (QPOI), frequency
(FPOI), and active power (PPOI) at the POI.

III. RESULTS

The proposed HSIC based sensitivity analysis presented
in Section II is applied to the recently approved Western
Electricity Coordinating Council [17] GFM inveter model,
REGFM A1. The objective of this analysis is to identify the
GFM model parameters that have the strongest influence on
the dynamic response performance metrics for VPOI, QPOI,
FPOI, and PPOI.

A total of m = 500 parameter sets were generated using
LHS to uniformly explore the feasible parameter space defined
for the REGFM A1 model. For each parameter realization,
time-domain simulations were performed in PSS®E to capture
the inverter’s dynamic response under a voltage and frequency
step disturbance as recommended in [18]. Each simulation was
carried out for 50 seconds, and the resulting time-series data
for the quantities at the POI were post-processed to extract
the dynamic response performance metrics defined in Table I.
These metrics include td, tr, tp, ts, mp, rr, along with rocof
and fnadir for the frequency step test.

The computed HSIC sensitivity indices for the parameters
are shown in Figs. 1 − 4, corresponding to the dynamic
performance of the quantities at the POI. In each heatmap, the
horizontal axis represents the performance metrics mentioned
in Table I, while the vertical axis lists the GFM inverter model
parameters. Warmer colors indicate higher HSIC indices,
signifying stronger dependence between a parameter and the
selected performance metric. These visualizations provide a
comprehensive mapping of parameter sensitivities, from which
the most sensitive parameters (Sr

p ≥ 0.20) are identified and
summarized in Table II. Beyond visualization, the tabulated
results highlight clear trends across both models. Parameters
(mq, Tvf, Kiv, mp, Tpf, mp) directly associated with reactive
and active power control loops consistently emerge with
higher HSIC scores, confirming their dominant role in shaping
voltage and frequency responses. Conversely, parameters tied
to slower secondary dynamics show comparatively weaker
influence, indicating their limited impact on the dynamic re-
sponse performance metrics. This separation between sensitive
and non-sensitive parameters provides practical guidance for
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Fig. 2. Heatmap of REGFM A1 HSIC Sensitivity Indices for QPOI
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Fig. 3. Heatmap of REGFM A1 HSIC Sensitivity Indices for FPOI

TABLE II
REGFM A1 HSIC SENSITIVITY ANALYSIS RESULTS

Performance
Metric VPOI QPOI FPOI PPOI

td mq, Kiv mq, Kiv mq, Kpv mp, Kpv

tr
Tvf, mq
Kiv

Tvf, mq
Kiv mq, Kpv Tpf, Pmax

Kpv
tp Tvf, Kiv Tvf Tpf, mp Tpf, mp
ts mq, Kiv Kiv Tpf, mp Tpf, mp

mp Tvf, mq Tvf, mq Tpf Tpf, mp
Kip, Kiv

rr Tvf, Kiv Tvf, Kiv − Tpf, mp
Kpp

rocof − − Tpf −
fnadir − − mp −

model validation and parameter tuning, ensuring that the most
critical parameters are prioritized during studies.

IV. VALIDATION AND CASE STUDY

To validate the parameters identified by the HSIC based
sensitivity analysis, we employ time-domain perturbation sim-
ulations in PSS®E. The central idea is to verify that parameters
with high HSIC indices indeed exert a measurable influence on
dynamic response performance metrics. A baseline simulation
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Fig. 4. Heatmap of REGFM A1 HSIC Sensitivity Indices for PPOI

is first run with the nominal parameter set provided in [3].
Then, each parameter of interest is perturbed individually
by 30% while all other parameters are held constant. For
each perturbed case, the local elasticity is computed. The
local elasticity of a performance metric, Mr, with respect to
parameter θp is given as follows.

Ep→r =
∆Mr/Mr

∆θp/θp
(12)

In (12), ∆Mr is the relative change in the metric due
to perturbation of the parameter θp, and ∆θp is the relative
change applied to the parameter. A higher absolute elasticity
value indicates that the parameter has a stronger influence on
the metric. In addition to elasticity, the time-domain response
trajectories under perturbed parameters are compared with
the baseline to visually confirm the nature and magnitude of
parameter effects. This validation procedure is performed on
two different networks to test both isolation and scalability:
a Single-Machine Infinite Bus (SMIB) case, and a 200-bus
synthetic grid network.

A. SMIB

The first validation study is carried out using a SMIB system
with a 100 MW GFM IBR modeled using the REGFM A1
representation. This system provides a controlled environment
in which the influence of individual parameters can be directly
observed, free from the masking effects of network interac-
tions.

Parameters identified as most sensitive by the HSIC-based
screening (Table II) were perturbed by 30% relative to their
nominal values, and the resulting dynamic responses were
analyzed. For a voltage step at the POI, the parameters
Tvf and Kiv exhibit the highest elasticities, with magnitudes
of 0.97, 0.89, and 0.95 corresponding to td, tr, and tp,
respectively. These high elasticity values confirm that even
moderate variations in the fast voltage-control loop parameters
significantly affect the transient voltage and reactive power
response. A three-phase bolted fault at the POI, cleared
within 10 cycles, is applied as the primary disturbance to
evaluate the model’s dynamic behavior. The corresponding
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Fig. 5. Comparison of VPOI and QPOI trajectories in the SMIB system with
the 100 MW REGFM A1 model under sensitive parameter perturbations
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Fig. 6. Comparison of FPOI and PPOI trajectories in the 200-bus network
with the 150 MW REGFM A1 model under sensitive parameter perturbations

time-domain trajectories in Fig. 5 visually corroborate the
quantitative results—perturbations in the sensitive parameters
lead to pronounced deviations from the baseline.

B. 200-Bus Synthetic Grid Network

The second validation is conducted on a 200-bus synthetic
grid with a 150 MW REGFM A1. This large system captures
network interactions and load diversity.

Parameters presented in Table II were perturbed by 30%
relative to their nominal values, and the resulting dynamic
responses were analyzed. For a frequency step at the POI,
the parameters Tpf and mp exhibit the highest elasticities,
with magnitudes of 0.91 and 0.97 corresponding to tr and
mp, respectively. These results indicate that the fast active-
power control loop strongly governs frequency recovery and
overshoot following a disturbance. A three-phase bolted fault
at the POI (bus 152), cleared within 10 cycles, is simulated
to evaluate the robustness of these sensitive parameters. The
time-domain responses in Fig. 6 confirm the perturbations in
Tpf and mp produce noticeable deviations in frequency and
active power trajectories compared to the baseline case.

V. CONCLUSION

This paper introduces an HSIC based sensitivity analysis
framework to quantify the dependence of GFM IBR model
parameters on dynamic performance in power systems. The
motivation stems from the fact that recently approved WECC
GFM models, available in PSS®E and PSLF, include a large
number of parameters that strongly shape their dynamic re-
sponse, yet there is limited clear guidance for their tuning
and validation. The research achieved two major outcomes.
First, the methodology was developed to obtain the sensitive
parameters affecting the dynamic response of the quantities
at the POI. Second, the validation studies demonstrated that
the HSIC-based rankings remain valid across different system
scales and inverter sizes. In a SMIB configuration with a
100 MW REGFM A1 GFM IBR elasticity analysis and time-
domain trajectories confirmed the influence of POI quantities
related parameters. Additionally, in a 200-bus synthetic grid
with a 150 MW GFM IBR, the time-domain response for
the POI quantities similarly validated the sensitivity results.

The benefits of the proposed framework are clear. It replaces
intuition and trial-and-error with a data-driven and analytical
tool for identifying critical parameters, provides results that
are network-independent, and directly supports model valida-
tion, parameter tuning, and planning studies. Future directions
include extending the approach to multi-inverter systems,
exploring mixed grid-forming and grid-following interactions.
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