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Abstract—The increasing integration of inverter-based re-
sources (IBRs) in modern power systems has led to a critical
need for accurate dynamic models in system stability analysis.
However, the proprietary nature of IBR control structures often
limits access to these generic models. A widely adopted alternative
is the probing-based frequency scanning approach, where the
device under test is excited using a small-magnitude, wide-
band perturbation signal. The resulting steady-state terminal
measurements are used to extract the frequency-domain small-
signal model. Despite its popularity, this approach can yield
inaccurate models due to measurement noise, insufficient exci-
tation, or nonlinear effects such as controller saturation. This
paper proposes a systematic methodology for evaluating the
reliability of online scanning-based linearized IBR models using
a multi-coherence-based validation index. By examining the
complementary coherence function and the variation in the
extracted frequency response, it determines whether the current
model is trustworthy or corrupted by measurement noise or
nonlinearity. The proposed approach is validated using an IBR
in the WECC three-IBR test system. The results demonstrate
that this approach can effectively identify unreliable small-signal
models and enable adjustment of excitation signals, thereby
improving the accuracy of online model estimation.

Index Terms—Probing-based system identification, IBR model
estimation, frequency scanning, multi-coherence.

I. INTRODUCTION

The proliferation of IBRs, such as renewable energy sources
and battery energy storage systems, has transformed the dy-
namic behaviour of modern power systems. Unlike conven-
tional synchronous machines, IBRs have complex, fast-acting
control systems that introduce unique higher frequency control
interactions [1]. To analyze and mitigate such interactions,
linear time-invariant (LTI) models of the IBR are required,
which are valid for small excursions around the equilibrium
point. However, such analytical IBR models are not readily
provided by the OEMs due to proprietary reasons. As a result,
system operators often rely on model identification techniques
such as frequency scanning [2], [3] to extract the small-
signal model from terminal measurements. In this method,
the device under test is perturbed with a small-magnitude,
wide-band excitation signal, and the frequency response can
be extracted from the steady-state waveforms. This process
can also be implemented online, by leveraging nearby voltage
source converter (VSC)-based devices as actuators, where the
wide-band excitation is injected through reference modulation
of the fast inner current control loop [4].
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Despite its conceptual simplicity, frequency scanning—based
online model extraction faces significant practical challenges.
The accuracy of the obtained LTI model strongly depends
on the magnitude of the excitation signal, ambient noise,
and other parameters [4]. If the perturbation signal is too
small, measurement noise dominates, leading to inaccurate
estimates. Conversely, if the excitation is too large, the non-
linearities or controller saturations are triggered, violating
the small-signal assumption. Additionally, the extent of the
response observed at the device terminals also depends on
the network characteristics between the point of excitation
and the measurement. As a result, predicting the optimal
excitation level for such an exercise in a large network is often
challenging and requires considerable engineering judgement.

To address this issue, this paper presents a systematic
methodology for validating the fidelity of such online scan-
ning-based linearized IBR models. The proposed method
utilizes the concept of multi-coherence, which helps to identify
whether a certain frequency component in the input and output
signals is linearly correlated. The scanning procedure begins
with a small-amplitude excitation signal, which is gradually
increased. By analyzing the multi-coherence values and the
variation in the extracted frequency responses across different
excitation levels, the proposed approach determines whether
the current model is trustworthy or requires re-excitation with
an adjusted amplitude of the excitation signal. The method-
ology is implemented and tested on a grid-connected IBR in
the three-IBR test system [5]. Simulation results demonstrate
that the proposed approach can effectively identify unreliable
small-signal models and highlight when nonlinearity is ex-
cited. The method is expected to facilitate a practical tool
for enhancing the reliability of model identification in IBR-
dominated grids.

II. LINEARIZED IBR ADMITTANCE MODEL EXTRACTION

If a black-box simulation model of an IBR is available, the
small-signal frequency response can be numerically obtained
using time-domain simulation tools as indicated in Fig. 1. This
technique is known as frequency scanning [2], [3]. In this
method, the IBR is excited with a wide-band probing signal
at its terminals by adding a controlled voltage source. The
frequency domain model of the IBR can then be extracted
using the steady-state terminal voltage and current waveforms.



(Avg (t), Avy(t), Ave(t)) (vao(t), vpo(t), veo(t))
IBR
Aig (t), Aty (t), Aie(t . .
( ® o(t) ) Injections Steady-state waveforms
Avp; O ; Aip;
ult) D ey DQ || Avai oy Dlai | e >
) i JANTY
- A - 4>AI)I/1 flnnimtn‘ L‘bt . Aio:
Mulltl-sme 5 > e |yl Av,; simulator A | ) DQ >
signal
- Admittance matrix model r
FFTJ FFT FFT LFFT
Alp; Alp;
Frequency — Ypp : AV Ypg : AVo, -
domain AVDi(j€) ! @ Alpi(jS2)
Alg; Alg;
Yob : = Yoo : i
AVaiG) | %7 AV % BVGi [T Ali(j)

Fig. 1. Estimation of transfer functions using frequency scanning.

Assuming that the excitation signal is sufficiently small to
excite the linearized response of the IBR, a multi-sine input
of the following form can be used for the frequency scanning.

N2
u(t) =Y asin(2rlfat + 1) (1)

I=N;
Note that this signal has No — N7 + 1 frequency components
(from N fy to Nofy) each spaced by f; Hz. The magnitude
a; and the phase ¢; of the individual components need to be
selected appropriately [6] to ensure that the overall magnitude

of the multi-sine signal is not very large.

Similar to the simulation-based approach, the small-signal
model of an actual IBR can be extracted online (in the field)
through tests and measurements when it is in service and is
energized. Rather than injecting a multi-sine excitation signal
at its terminals, a more convenient and inexpensive way of
doing this is to use other VSC-based devices in the vicinity
for injecting the signals. Most VSC-based devices typically
have a high-bandwidth inner current controller, whose set point
can be modulated with multi-sine signals to achieve this. A
detailed description of this approach is outlined in [4]. The
key aspects of this approach are as follows:

(1) Since the admittance matrix Ypg(s) of each IBR is a
2 X 2 matrix, two independent injection scenarios are at least
required for this estimation. In practice, these measurements
will be corrupted due to ambient noise, measurement errors,
and other factors. As a result, additional injection data can be
obtained, and a least-squares-type solution can be employed
to tackle this problem.

(2) At any nearby IBR, two independent injection scenarios
can be generated by using the set-points of the d and q axis
variables. However, since more than two injections are pre-
ferred, this implies that the overall excitation process cannot be
done with a single VSC-based device. The extent of the small-
signal response observed at the IBR (under test) terminal due
to the multi-sine input depends on the network characteristics
between these two devices. Additionally, this characteristic is
not fixed but rather depends on the operating conditions and
the network topology. Therefore, it is difficult to pre-decide a
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single excitation amplitude that would work suitably for any
device and at any operating condition.

As a result, the amplitude of the multi-sine excitation has
to be carefully chosen to ensure that the linearized response
of the IBR is accurately captured. In practical systems, the
suitability of the applied multi-sine input and the fidelity of the
extracted models cannot be determined beforehand, but must
be inferred from the recorded measurements themselves. The
following section presents the applicability of the “coherence
function”, which is a commonly used metric for this purpose.

III. APPLICABILITY OF COHERENCE FUNCTION TO
VALIDATE LINEARITY

The coherence function is a normalized index that helps to
identify whether the input and output signals at a particular
frequency are linearly related. For a system with input u(¢) and
output y(t), the coherence function ~,, (j€2) at a frequency
Q rad/s is defined as follows.

‘)2
() = oL @
Suu(J82) Syy (7€2)
where Sy, (7€) denotes the cross-power spectral density be-
tween u(t) and y(t). If Ry, (7) denotes the cross-correlation
sequence between u(t) and y(t), then Sy () = F(Ruy (7))
where F() denotes the Fourier transform operation.

The coherence function helps to understand how well the
input and the output are correlated at a certain frequency.
For example, it is easy to verify that R, (7) and therefore,
Suy (7€) and ~2,(jQ) will be approximately 0 if the out-
put is dominated by uncorrelated white noise. Although the
coherence function defined in (2) is valid for scalar inputs
and outputs, a formal definition also exists for multi-input
output systems, which will be defined later. For the sake
of convenience and without loss of generality, the following
analysis is presented for the scalar input-output scenario.
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Fig. 2. Schematic of the closed-loop system model
For the probing-based approach discussed in the previous

section, the overall power system can be represented as shown
in Fig. 2. The network, along with the other devices, is
reduced to two inputs: (a) the current injected by the nearby
VSC providing the multi-sine excitation, denoted by 7(t), and
(b) the current injected by the IBR under test, denoted by



y2(t). The IBR under test, whose model is to be extracted, is
represented by a superposition of a linear component Gy (s),
which outputs the linearized response of the IBR, and a non-
linear component fy (), which outputs the non-linearities due
to the excitation input us(t). Note that for a sufficiently small
input us(t), the IBR does not exhibit any perceptible non-
linearity, and therefore, can be approximated by the linear
block Gar(s) only. The IBR terminal measurements us(t)
and yo(t) are superposed with measurement noises nq(t)
and no(t), respectively. In addition, the noise source n3(t)
represents the ambient load switching noise. It is assumed that
the noise sources are uncorrelated and follow a Gaussian dis-
tribution. The small-signal model of the IBR is then estimated
using the measured signals ug,,(t) and ya,,(t), as shown in
Fig. 1. The cross-correlation can be represented as follows.

T
lim u2m(t) y2m(t
T—o0 Jo

= Rusys (7) + Rugny (T) + Rysna (7) + Rnyna ()

~ 0 since n1(t) and no(t) are uncorrelated

Ruy(T) = —7)dt

The accuracy of the extracted model and the nature of the
coherence function are now presented for different conditions.

A. Excitation r(t) is very small

If the magnitude of r(¢) is very small, then the non-
linearities can be neglected, and both ws(t) and yo(t) will
contain the same frequency components as in r(¢). However,
for very small r(t), the measurements will be as follows.

o (t) = us(t) + ma (t) ~ i (0),
Yo (£) = ya(£) + na(t) ~ nalt)

The IBR model Gyp(s) cannot be accurately captured since
n1(t) and ns(t) dominate the measurements. Additionally,
since n1(t) and no(t) are uncorrelated, the correlation se-
quence R, (7) ~ 0. As a result, the coherence function will
be 72, (t) o [Suy (72)|* & 0. Therefore, the frequency domain
model will be erroneous, and the coherence will be very low
if the excitation signal magnitude is very small.

B. Excitation r(t) is sufficient

In this case, the magnitude of the excitation 7(t) is just
sufficient to ensure that the steady-state responses are not
dominated by measurement noise, while it is not large enough
to excite the non-linear behaviour. Therefore, both ws(t) and
y2(t) will contain the same frequency components as in r(t).
The measured outputs are as follows.

u2m(t) ~ u2(t)7 y2m(t) ~ yQ(t)

In this case, Gor(s) can be accurately captured using these
measurements us(t) and yo(t). For any excitation frequency
Q rad/s, the corresponding frequency component in wus(t)
and yo(t) in steady-state will be related by Gar(j2). As a
result, vgy(jQ) ~ 1, as expected for correlated frequency
components in the input and output signals. Therefore, in this
condition, the frequency domain model will be accurate, and
the coherence will be ~ 1.
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C. Excitation r(t) is very large to excite IBR non-linearity

In this case, r(t) is large enough to excite the non-linear

behaviour (due to fn) of the IBR. Therefore, the non-linear
output 25y (t) can be considered as an additional source of
excitation for the frequency components triggered by the IBR
non-linearity. Even if r(¢) consists of only one frequency
input €, the non-linear response y2(t) can contain other
frequency components. However, assuming that the rest of the
system still operates in the linear range, the new frequency
components injected by the IBR will propagate, and in steady-
state, will also be present in us(t) through the feedback path.
Two different injection scenarios are analyzed here.
Only one frequency component €2 injected via r(t): For any
frequency €2y, rad/s that is injected by y2x (¢) and not injected
by r(t), the corresponding frequency component in the steady-
state waveforms of uo () and yo(¢) will be as follows.

yh(t) = Asin(Qut + ¢,), ub(t) = Bsin(Qut + é.)  (3)

where G1, (jQ) = B e7(9e=%). As a result, Y2, (1) = 1
at frequency €25, even though this frequency was not injected.
Therefore, non-zero coherence at any non-injection frequency
can be utilized to detect non-linearity, only when one fre-
quency is injected at a time.

Multi-sine injected via r(¢): If multiple frequencies are in-
jected, even without non-linearity, all these frequency com-
ponents will be present in us(t) and yo(¢). The non-linearity
fnr can result in exciting some of these frequency compo-
nents or some additional components as well. If the same
frequency components are excited, they will be due to the
superposition of the response due to r(¢) and fyr. The
presence of correlated frequency components will result in
'ygy () = 1. For any other frequency 2, being excited by
the non-linearity, the analysis presented earlier will also hold
in this case, which shows that vzy(jﬂh) ~ 1. However, to
capture coherence at any other intermediate frequency, it is
essential to ensure that the frequency resolution is greater than
the fundamental frequency component, which requires that the
DFT computation window be longer than one fundamental
cycle. In this condition, the extracted small-signal model will
be inaccurate due to the non-linearities (depends on the extent
of the non-linear behaviour), and the coherence will be ~ 1.

D. Multi-Coherence Function for Multi Input-Output System

Although the previous analysis was presented for scalar
systems, the concept of coherence function extends to multi-
input-output systems as well. For the IBR D-Q admittance
estimation, Avp and Avg are the inputs, and Aip and i are
the outputs. The multi-coherence function [7] can be evaluated
for the outputs, one at a time, as shown in (4).

SY_, G Skt x (5Q) Sx i, (7Q)
SiD*iD (JQ)

’YZX—iD(jQ) =

S0 (79) SxLx (792) Sx—iq (1)

Siq—io (1) @)

VP x—io (1) =



. Sup—uv (]Q) Svp—u (JQ) :|
where, Sx_x(jQ) = p=vD pTvQ ;
x-x(79) { SUQ*'UD (39 SUQ*UQ (39

oy | Suop—in (G | . ) — | Sop-ie(GQ)
Sx—ip (72) = [ SUQ,iD(?jQ) } P Sx-ig (1) = { SUWZ(;'SZ) } '

The multi-coherence function for each output lies between 0
and 1. Similar to the scalar case, it equals 1 if a particular
frequency component is strongly correlated in any of the inputs
and the outputs. If it is significantly below 1, then it indicates
that measurement noise is dominant and is responsible for
what is observed in the outputs. The multi-coherence function
is also expected to be ~ 1 at a particular frequency if it is
excited by a non-linearity.

For n different injection scenarios, there are going to be 2n
coherence functions (one for Aip and one for Aig for each
injection). However, it is preferable to have a scalar index
rather than comparing 2n coherence functions to identify the
validity of the extracted model. To achieve this, we propose
here the complementary coherence function (CCF), denoted by
ﬁy (j€2), which combines all these coherence functions into
one scalar function and is defined as follows.

72,09 = 1= T] (400 U9 x 7300, GD)  ©)
k=1
where subscript & denotes the k™ injection scenario. Under
normal conditions, 72, (j€2) should be =~ 0 if the coherence
functions are ~ 1. The proposed methodology for identifying
the appropriate injection amplitude is now presented.

IV. PROPOSED METHODOLOGY TO IDENTIFY
UNRELIABLE INJECTION SCENARIOS

Based on the results in Section III, the characteristics of the
extracted model and the CCF can be summarized as follows.
(1) For very low excitation, the measurements are dominated
by noise. The frequency responses will be inaccurate, and
the CCF is expected to be high (since individual coherence
functions are expected to be low).

(2) As the excitation is increased, the effect of measurement
noise will reduce, and the accuracy of the frequency response
will improve. The CCF will also reduce progressively.

(3) As the excitation magnitude is sufficiently large but non-
linearities are not excited, the frequency response will not
change much over successive iterations, and CCF ~ 0.

(4) When r(t) is large enough to excite the non-linearity, the
frequency response will again suddenly change (erroneous due
to non-linearity), but CCF will still be approximately zero.
The proposed approach utilizes this pattern to identify the op-
timal injection scenario. The multi-sine magnitude is increased
iteratively based on the CCF and the change in the frequency
response in successive iterations. The update in the frequency
response AY" (for each term) is evaluated as follows.

& S|YEGR) - v o)
vE(9))

where k denotes the current iteration with updated magnitude
of excitation and Ny is the number of discrete frequency

AY;; (in %) = x 100 (6)

max (
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points over which the estimation is done. Initially, the ex-
citation magnitude should be small enough to ensure that it
is operating in the linear range. To achieve this, the initial
multi-sine magnitude should be such that the CCF is greater
than a pre-determined threshold 42 ;.. After this, the excitation

Final converged Yes
response Ypg

Start with an
initial excitation
level a,

Reduce
excitation
magnitude
and repeat

Increase excitation
magnitude and repeat

Fig. 3. Proposed algorithm for online frequency response estimation

magnitude should be gradually increased until the CCF is
~ 0 (falls below a threshold) and the change in the frequency
response is lower than a threshold AYD”Z‘?”. If the change
in the admittance matrix had reduced initially but is greater
than AYB}SI again, this indicates that non-linearities have
been excited, and the multi-sine magnitude should be reduced.
The key advantage of this approach is its ability to adaptively
guide the excitation process, ensuring that the extracted models
are both robust against noise and valid within the IBR’s linear
range. The overall approach is summarized in Fig. 3.

In certain situations, it may be possible that the IBR is oper-
ating close to a saturation limit and the algorithm repeatedly
fails to find a suitable excitation level. In such a scenario,
the algorithm would stop attempting model extraction, flag
this condition, and notify the user that a reliable model
cannot be extracted under the current conditions. In an online
scenario, the estimation methodology would have to wait for
an opportune moment when the IBR’s operating point has
changed, and it can then be re-initiated by the user.

The algorithm relies on two key thresholds: 42,;,, for the
CCF and AYB’Z‘?” for the percentage update in the frequency
response. Simulation studies with expected noise levels can
help to determine these thresholds for a specific system. The
objective is to find a balance where 72, effectively identifies
noisy measurements accurately, and AY75" reliably flags
both convergence to the linear model and the onset of non-
linearity. For real-world applications, the selection of these
thresholds should account for (a) the converter topologies and
their associated control strategies, (b) the inherent signal-to-
noise ratio of the system under test, and (c) the acceptable
level of error or deviation of the extracted models.

V. SIMULATION CASE STUDIES

To validate the accuracy of this approach, the IEEE 9-
bus system with 100% IBR [8], developed on PSCAD [9],
is utilized for this study as shown in Figure 4. The IBRs are
equipped with outer control loops that determine the set points
of the inner current control loop. The small-signal model of
IBR 3 is to be estimated here. The current controllers of both
IBR 1 and IBR 2 are selected as the excitation points.
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Fig. 4. Schematic of the three-bus IBR-based test system

The IBR 3 controller is modelled with limiters, which are
activated if the injection magnitude exceeds 6 A. The multi-
sine signal is constructed with a minimum frequency of 0.1 Hz
and up to 100 Hz at a resolution of 0.1 Hz. The measurements
for the first 50 s are excluded in each case to allow for the
natural transients to decay. Ambient noise is added to the
voltage and current measurements at IBR 3 terminals, which
are then used to obtain the IBR admittance Y (j(2). To assess
the accuracy of the estimated model, the frequency response of
IBR-3 is obtained using the CPSD method [4] and compared
with a reference (true) frequency response obtained under ideal
conditions. The error is quantified using the NRMSE index [4].

The model extraction is performed under different levels of
multi-sine excitation (magnitude a;), and the NRMSE errors
for all the terms of the 2 x 2 admittance matrix are shown in
Table I. The multi-sine magnitude is gradually increased, and
the percentage update AYj; is also indicated in the same table.
As expected, at a very low excitation level, the NRMSE error is
high. As the excitation is increased, the error reduces till about
the 6 A case. The percentage update also saturates around this
point, indicating that the extracted LTI model is not showing
any significant changes. As the excitation is increased further,
the NRMSE error starts to increase along with a sudden change
in AY};, indicating that non-linearities have been encountered.
The frequency response of the Yo term (and the CCF) for
some of these cases is shown in Fig. 5. As expected, the CCF
is higher for very low excitation, and ~ 0 when the excitation
levels are higher. Therefore, the optimal excitation level (which
is approximately 6 A) is identified based on the AY and the
CCEF criteria, as outlined in the proposed approach.

TABLE I
NMRSE AND AYj;; FOR DIFFERENT LEVELS OF MULTI-SINE INJECTION

Amplitud Metric for Ypp (%) [ Metric for Ypg (%) [ Metric for Yop (%) | Metric for Yoq (%)
a; (A) [NMRSE [ AYpp | NMRSE | AYpg | NMRSE Yop | NMRSE | AYgq
0.001 2231.64 - 2367.50 - 2726.63 - 3356.95 -
0.01 1.21 0.05 1.53 0.06 1.47 0.05 1.69 0.06
0.1 1.19 0.52 1.50 0.57 1.46 0.51 1.66 0.62
1 0.97 1.59 127 1.68 1.36 1.67 1.42 2.08
2 0.74 0.67 0.60 0.58 0.77 0.71 0.75 0.71
4 0.33 0.55 0.29 0.44 0.40 0.55 0.40 0.55
6 0.17 0.49 0.16 0.38 0.21 0.46 0.23 0.53
8 0.12 46.67 0.11 49.91 0.11 31.04 0.12 42.43

VI. CONCLUSIONS AND FUTURE WORK

This paper presents a systematic methodology for evaluating
the reliability of online scanning-based linearized models for

979-8-3315-8138-1

Re{Yoo} (S)

Im{Ype} (S)

c
> O
g3 0.4 —aq=1mA[]
S S5o03f —a=1A |
5go02r _—e=tA R | a=6 A |
201t N il _e=sA | @=8 A |
32 o o
o5 .

© 0 1

10 Frequency (Hz) 10

Fig. 5. Estimated Y and CCF with different levels of excitation

IBRs using a coherence-based validation index. By examin-
ing the complementary coherence spectra and the variation
in the extracted frequency response, the method can dis-
tinguish reliable linearized models from those corrupted by
measurement noise or non-linearities. The proposed approach
is validated using the WECC three-IBR test system. Future
research will focus on systematic selection and tuning of
update parameters, including excitation amplitude increments,
frequency resolution, and the CCF thresholds that govern this
process. Although the proposed framework requires further
development, the results suggest that it offers a promising
direction and has the potential to become a practical tool for
online model validation in IBR-rich grids.
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