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Abstract 

System identifcation is becoming a relevant research area for numerous ap-
plications in power grids due to the increasing complexity of the system. A 
paradigm shift in power system infrastructure driven by renewable energy re-
sources, controllable loads, and new power electronics technologies have given 
rise to new challenges in power systems operation and control. This increased 
complexity of power systems and unavailability of physics-based models of 
most inverter-based resources requires that traditional modeling of power 
systems approaches be complemented by system identifcation-based black 
or grey box modeling techniques. In light of the importance of system iden-
tifcation and little attention paid to the applications of these techniques in 
transforming power systems, this paper provides a comprehensive review of 
active probing-based system identifcation methods in the context of power 
system applications. It reviews applications of both linear and nonlinear 
system identifcation with discussion on their potential and key takeaways. 
To motivate a further practical use in power systems, the paper provides an 
example of system identifcation, to develop a state space model of an un-
known plant with step-by-step details. The paper highlights the advantages 
of using modern power electronics-based sources in the identifcation process 
and discusses the emerging research directions for future. 
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Nomenclature 

ADMM alternating direction method of multi- N4SID numerical algorithm for subspace state-
pliers space system identifcation 

ADN active distribution network NYPA New York Power Authority 

AGILE Advanced Grid Innovation Laboratory NYS New York State 
for Energy 

OPF optimal power fow 
ANN artifcial neural network 

ORT orthogonal decomposition-based sub-
ARMAX autoregressive moving-average model space identifcation method 

with exogenous inputs 
PDCI Pacifc HVDC Intertie 

CPS cyber-physical system 
PEM prediction error method 

DER distributed energy resource 
PLL phase-locked loop 

EI Eastern Interconnection 
PMSM permanent magnet synchronous motor 

ERA eigensystem realization algorithm 
PMU phasor measurement unit 

ERCOT Electric Reliability Council of Texas 
PRBS pseudo-random binary sequence 

EV electric vehicle 
PSS power system stabilizer 

FACTS fexible AC transmission system 
RLS recursive least squares 

FFT fast Fourier transform 
SG synchronous generator 

HVDC high-voltage direct current 
SM Steiglitz-McBride 

IBR inverter-based resource 
SMSW single-mode square wave 

ISO independent system operator 
SNR signal-to-noise ratio 

LLPRN low-level pseudo-random noise 
SVD singular value decomposition 

LQG linear quadratic Gaussian 
VF vector ftting 

MIMO multi-input, multi-output 
VRE variable renewable energy 

MP matrix pencil 
WAMS wide-area measurement system 

MPM microperturbation method 
WECC Western Electricity Coordinating Coun-

MSF minimum spanning forest cil 

1. Introduction 

System identifcation is the generic name given to the techniques that 
are used to characterize an unknown or partially known system with an 
appropriate mathematical model using the system’s output and/or input 
data. System identifcation can be passive, where the input signals are either 
unknown or unintentional, or it can be active, where optimally designed input 
signals are applied to the system being identifed and the resulting input-
output data sets are used to develop an appropriate model of the system. 
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A review of active- or active probing-based system identifcation in electric 
power systems (referred to as power systems hereafter) is the focus of this 
paper. 

We focus on active probing-based system identifcation and its applica-
tions to power systems for the following reasons: 

• Active Probing-Based System Identifcation: Most of the time, the pas-
sively collected grid measurements do not give sufcient observability 
of the entire system. Active probing allows for full control over the de-
sign of the signal that is used to generate a power system’s or a device’s 
response. The appropriate signal type and signal-to-noise ratio (SNR) 
can be designed in the probing signal to excite only the dynamics of 
interest, which can help in developing an appropriate mathematical 
model of the system of interest. 

• Increasing Complexity of Power Systems: Power systems are undergo-
ing rapid transformations with the increase in bulk-connected renew-
able generation technologies and distributed energy resources (DERs) 
(rooftop photovoltaics, electric vehicles (EVs), and smart loads, among 
others). As a result, the number of devices interacting with the power 
systems and each other has increased manifold. Practical utility-scale 
power grids are generally massive in size and involve great complex-
ity (e.g., the U.S. Eastern Interconnection (EI) model consists of more 
than 75,000 buses and thousands of dynamic components [1, 2]). Ac-
tive distribution networks are going to increase the complexity of such 
systems by 2–3 orders of magnitude. Classic physics-based modeling of 
power systems should be complemented by active probing-based sys-
tem identifcation to increase the accuracy of models developed for such 
large and complex power systems. 

• Frequent Changes in Power System Dynamics: The intermittency of 
wind and solar generation and the proliferation of DERs, EV integra-
tion, and smart loads will make the power systems signifcantly more 
dynamic, requiring much more frequent updates of dynamic models 
than the practice today. Active probing-based system identifcation 
can be a critical tool to frequently update the dynamic models of power 
systems. 

• Models of Inverter-Based Resources (IBRs) and DERs are Unknown or 
Unavailable: The mathematical models of the devices being integrated 
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with the grid are either unknown or proprietary. Active probing-based 
system identifcation can help us develop models of individual devices 
or a subsystem with desired accuracy. 

• Enabling an Environment to Perform Active Probing-Based System 
Identifcation: The widely deployed smart metering infrastructure, mod-
ern communication networks, and computation capabilities can foster 
the emergence of advanced system identifcation techniques and their 
application in power systems. DERs, as fast-responding sources [3], can 
efciently participate in this process to facilitate the increased speed 
and performance of system identifcation. 

The discussion that follows attempts to provide an exhaustive review of 
the applications of system identifcation in power systems. The review is 
divided into several sections, where each section focuses on one application 
of system identifcation in power systems. Because system identifcation has 
found limited applications in power systems so far, some sections review 
signifcantly more papers than others. To provide an exhaustive review, 
however, we retained the applications where we found even one relevant 
research paper. 

Figure 1 shows a schematic diagram outlining the diferent applications 
in power systems using the active probing-based system identifcation tech-
niques that we review in this paper. The applications can be broadly classi-
fed into those that focus on the power transmission system and the power 
distribution system. The literature review shows that, between linear and 
nonlinear system identifcation, the former has found signifcantly more ap-
plications in power systems. This could be because, in nonlinear system 
identifcation, it is not straightforward to build a comprehensive nonlinear 
model due to arbitrary functions needed to be found to ft a system. How-
ever, we review as many applications of nonlinear system identifcation in 
power systems as we could fnd to provide a well-rounded review of sys-
tem identifcation applications in power systems. In addition, an end-to-end 
schematic diagram is provided in Figure 2 to illustrate the classifcation of 
the references collected related to diferent parts of the power system. The 
details of the available research papers corresponding to the assembled list 
of applications are critically reviewed in the following sections. 
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Figure 1: Literature on applications of active probing-based system identifcation to power 
systems. The details of the references to existing literature are as follows: A = [2, 4, 5, 
6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22], B = [15, 17], C = [23, 24], D 
= [25, 26, 27, 28, 29], E = [30], F = [31, 32, 33, 34], G = [35, 36, 37, 38, 39, 40], H = 
[41, 42, 43, 44, 45, 46, 47, 48, 49], I = [50, 51, 52, 53], J = [54, 55, 56, 57, 58, 59, 60, 61, 
62, 63]. 

2. System Identifcation Using Active Probing Signals 

System identifcation is the approach of developing dynamic models of 
systems using measurements of inputs and outputs. The outputs are mea-
sured in response to inputs, usually carefully designed, applied to the system 
being identifed, unlike sensors/data-based modeling of power systems where 
the mechanism generating the output is either not considered or is unknown. 
Figure 3 shows the main system identifcation steps that can be used to 
develop the dynamic model of a linear, multi-input, multi-output (MIMO) 
system. The three main steps of system identifcation are 1) design the 
probing signal, 2) process the input and output signals, and 3) estimate the 
dynamic model of the system, as discussed in the following. 
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Figure 2: Power system schematic diagram of diferent applications of system identifca-
tion. 

• Design the Probing Signal: The type of the signal, its bandwidth, am-
plitude, and duration are decided based on knowledge and assumptions 
of the system to be identifed or the dynamics of the system of interest. 
For instance, if high-frequency dynamics are not of interest, one can 
pass the probing signals through a low-pass flter to avoid unintentional 
perturbation or instability of the system with high frequencies. Table 
1 summarizes the probing signals and methods for the power system 
identifcations in the works reviewed in this study. 

• Process the Input and Output Signals: Once the response to the probing 
signals is observed, the probing signal and the output measurements 
are processed in the time or frequency domain to obtain the parameters 
necessary to develop the dynamic model—e.g., in linear systems or 
systems linearized about an operating point, these can be the Bode 
plots of outputs and the poles of the system identifed from these plots. 
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Figure 3: Steps for system identifcation in the frequency domain. 

• Estimate a Dynamic Model of a System: This step may be combined 
with Step 2 and involves translating the time or frequency domain 
information obtained in Step 2 into a dynamic model, e.g., in the state-
space form. 

Although system identifcation is an established approach to identify 
plant dynamics in control systems, and although commercial software such 
as MATLAB provides a toolbox to perform system identifcation [64], system 
identifcation has found limited application in power systems. The literature 
survey of this review paper identifes and summarizes the techniques that 
might be relevant to applying system identifcation to electric power systems 
using active probing input and measured output signals. 

Before beginning the relevant literature review on this topic, it is impor-
tant to mention the diference between a system and a model. In general, 
a system is any kind of physically or conceptually bounded object. On the 
other hand, a mathematical description of the system is called a model. For 
brevity, however we use system and model interchangeably to describe cor-
responding research history on the reviewed topic. 

3. Applications of Linear System Identifcation in Power Systems 

The classic works on the identifcation of linear dynamics in system theory 
can be tracked down to as early as the late 1950s. Zadeh [65] demonstrated 
the necessity for a well-defned system identifcation framework, followed by 
a broad substratum of overviews on the topic [66]. Eventually, a series of 
books [67, 68, 69, 70, 71] was published that led to the foundation of the feld. 
Because solving linear equations is straightforward compared to nonlinear 
equations, early researchers spent signifcant efort on building the linear 
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Table 1: Summary of Probing Signals and Methods. 
Probing Signal Probing Methods Ref. 

Impulse excitation Brief MVAr load pulse [4] 
(short duration 1400 MW, 0.5 Sec load pulse from chief Joseph [5] 
change in operating dynamic braking register 
point) 

Pulse applied to the voltage regulator of excita-
[6]

Pulse Signal tion system 

Low-level pseudo-
random noise 

1400 MW, 0.5 Sec load pulse from chief Joseph 
dynamic braking register [7] 
HVDC Modulation of the pacifc HVDC intertie 
(PDCI) 

1400 MW, 0.5 Sec load pulse from chief Joseph 
dynamic braking register 
HVDC Modulation of the pacifc HVDC intertie [8] 
(PDCI) 
Synchronise recording of ambient background ac-
tivity in network signal 

Triggering contingen- Multisine signal with low crest factor [9] 
cies - Ringdowns 
Exogenous inputs HVDC modulation (software) [10] 

[11]
Chief Joseph dynamic braking register 

Low-magnitude multi- HVDC Modulation of the pacifc HVDC Intertie 
frequency periodic sig- (PDCI) 

[14]
nal 

Pulse excitation of voltage references of excitation 
[12]

system of generators and synchronous condensers 

Pulsed excitation [13] 

Three NYISO specifed contingency (nature of 
[2, 21] 

contingency not specifed) 
Micro perturbation Probing device with the same clock as the PMU [19] 
- amplitude limited 
multi-sine 

Injection of amplitude-modulated signal with two 
components that are orthogonal to each other in 
each phase. Signal injection was accomplished us-

Small-signal frequency ing: [25] 
sweep a) Three-phase bridge converter, 

b) Three-phase chopper circuit, 
c) Wound rotor induction Machine. 
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Probing Signal Probing Methods Ref. 

Negative-
positive-sequence 
voltage signals 

and Frequency response network analyzer is used to 
validate the modeling. 

[26] 

Perturbation both on 
DC and AC sides of 

Method not mentioned [28, 29] 

voltage source con-
verters 
Single line-to-line si- Practical current injection is implemented using: [35] 
nusoidal current injec-
tion signal 

a) H-Bridge circuit (using PWM), 
b) Chopper circuit (creating a variable Z). 

Pseudo-random bi- Impedance estimation is achieved using a single- [36] 
nary sequence voltage 
perturbation (white 

phase inverter by: 
a) subtracting baseline voltage spectrum ob-

noise approximation) tained during standby from the spectrum under 
injection, 

b) disregarding spectrum data at fundamental 
and harmonic frequencies and interpolating using 
the of-fundamental response. 

Chirp voltage signals Impedance measurement unit uses a three-phase 
voltage source inverter injecting voltage pertur-
bation signals through transformers inserted be-
tween source and load. Two independent pertur-
bations are made: one aligned with d-axis (i.e., 
zero q-axis voltage) and the other with q-axis. 

[37, 38] 

Voltage and current 
injection at target fre-
quency 

1-MVA cascaded H-bridge multilevel inverter op-
erating at 100 kHz injects a voltage or current 
perturbation at a specifc frequency of interest. 
Demonstrated at 1 Hz, 1 kHz, and 10 kHz. 

[39] 

Current impulses with 
diferent polarity and 
symmetry (square, 
sawtooth, and trian-
gular 

Grid-tied inverter programmed with the pulse 
current controller injects the probing signal (cur-
rent impulse). Grid impedance is estimated with 
extraction of baseline and 20 samples averaged for 
accuracy. 

[40] 

system identifcation theory. Even though real-world systems are nonlinear 
in nature, many of them can be linearized, in general, around equilibrium 
points to make the analysis tractable and computationally reasonable. 

In power systems, system identifcation is considerably simplifed if the 
system is linear or can be assumed to be linear without introducing large 
errors. Linearity assumption has been widely used for estimating power sys-
tem oscillation modes [11, 8, 9, 72]; however, the authors in [73] are of the 
opinion that the linearity of power systems is understated and that power 
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systems can be linear for large disturbances (e.g., 1,600-MW loss of genera-
tion in the Eastern Interconnection of the United States). Although limited 
simulation-based evidence is provided in support of this assertion, the refer-
ences mentioned here point to the importance of understanding the system 
to be identifed before designing the probing signals and the overall method 
of system identifcation. If the power system can indeed be linear for likely 
large disturbances, then system-level dynamics can be well estimated using 
linear system identifcation techniques. If system identifcation is applied to 
individual equipment or feeders to estimate their dynamics, however, then 
nonlinearities might still need to be considered even if on a system-wide level 
the system is likely to behave linearly. 

3.1. Identifcation of Inter-Area/Electromechanical Oscillation Modes and 
Stabilizing Damping Controller Design 

The occurrence of inter-area oscillations is a well-known phenomenon in 
synchronous generator (SG)-based traditional power systems, or a legacy grid 
[74]. Moreover, the identities of the coherent areas can vary with increasing 
penetration levels of renewable energy across the grid [75]. A well-known 
example of such a phenomenon has been observed in the system managed by 
the Electric Reliability Council of Texas (ERCOT). Massive wind generation 
integration in the western portion of Texas has led to new oscillation modes 
in the interconnection points [76]. These slow time-scale electromechanical 
swings afect the security and reliability of power delivery; therefore, during 
the last few decades, signifcant research thrusts have applied system iden-
tifcation techniques to monitoring the oscillation modes and to designing 
damping controllers for improving the system transient performance. 

Researchers [4, 5] since the early 1990s have applied Prony analysis to 
estimate the diferent attributes (e.g., magnitude, phase, frequency, damp-
ing) of modal components of the grid. The power system is probed with a 
short-duration change in operating point (i.e., impulse excitation). There-
after, the reduced-order linear system equivalent is derived from the measured 
responses, which are exponentially decaying in nature. However, computa-
tion efciency was found to be a bottleneck for these initial developments 
on Prony analysis when applied to a large-scale power grid. Later, Chow 
et al. [6] made a comparative analysis of the Prony method with two other 
techniques: the Steiglitz-McBride (SM) algorithm and the eigensystem real-
ization algorithm (ERA). Impulse probing was applied through the voltage 
regulators, and the associated real power output of the SG was measured. 
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Prony and ERA were found to be superior to SM. In addition, ERA was 
recommended for MIMO applications. The authors also emphasized the use-
fulness of a persistently exciting probing signal to improve the performance 
of the SM algorithm. 

In [7, 8, 9], Pierre et al. showed that unlike the Prony analysis, which 
gave rise to high-transient probing, the numerical algorithm for subspace 
state-space system identifcation (N4SID) can be used for mode estimation 
through low-level probing signals. The authors discussed diferent types of 
active probing signals, including dynamic braking (1,400-MW load pulse last-
ing 0.5 s), low-level pseudo-random noise (LLPRN), and mid-level (125-MW) 
single-mode square wave (SMSW) with two cycles at 0.30 Hz injected at the 
Celilo terminal of the Pacifc HVDC Intertie (PDCI) in the Western Inter-
connection of the United States. LLPRN signals were generated by passing 
a Gaussian white noise through a [0.05, 0.90] Hz bandpass flter and then 
saturating the high peaks. SMSW probed single modes, whereas LLPRN ex-
cited all inter-area modes. N4SID revealed that system identifcation can be 
done with very weak probing signals whose efect might be almost unnotice-
able in the measured data; however, N4SID was computationally expensive 
because of the calculation of the singular value decomposition (SVD) of the 
large-dimensional matrix. To address this limitation of the then system iden-
tifcation techniques, researchers in [10] proposed an autoregressive moving-
average model with exogenous inputs (ARMAX) algorithm for estimating 
both eigenvalues (modes) and right eigenvectors (mode shapes). ARMAX 
was faster and more accurate than N4SID. 

The work discussed in [11, 8] was performed with the objective of ac-
curately estimating the electromechanical inter-area modes in the Western 
Electricity Coordinating Council (WECC) system. The design of low-level 
probing signals for identifying these modes is described in detail in [11]. A 
multi-sine probing signal was selected. The considerations that were made 
while designing the probing signal can also be relevant to other applications 
in power systems. Some key considerations were: i) the frequency content 
of the probing signal should be such that most of the signal energy is used 
in exciting the inter-area modes (0.1 to 0.9 Hz); (ii) using a 2-minute signal 
duration to increase the frequency resolution with a wide sampling window; 
(iii) using PDCI to inject the probing signals, which was likely because of 
the ease of signal injection with power electronics converters that can be 
programmed for system identifcation requiring no additional hardware; (iv) 
ensuring that not too many sharp transitions occur in the modulated PDCI 
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signal, i.e., the probing signal should start and end near zero so that sharp 
transitions do not occur at the beginning and end of the probing signal; (v) 
limiting the maximum amplitude and thus the impact of the probing signal 
to 20 MW so that the system is not disturbed much and does not impact 
normal grid operation; (vi) the signal should not be a single sinusoid but 
should be a multi-frequency perturbation because it can be mistaken as a 
sustained oscillation; and (vii) the signal had no content less than 0.1 Hz to 
avoid exciting speed-governor responses. A key challenge was the low SNR of 
the measurements (∼2 db), and the strategy adopted for increasing the SNR 
was to apply 15 cycles of 2-minute signals and average the 15 responses. An-
other strategy for improving the SNR was to use an integral number of cycles 
of the probing signal (15, as mentioned above) so that any spectral leakage 
during the signal processing could be avoided. It was also mentioned in [8] 
that Bonneville Power Administration considered using low-noise probing to 
assess dynamic security. 

Because power systems’ identifcation will likely need to proceed under 
normal system operation, where low-level disturbances caused by load switch-
ing or outputs of variable renewable generation resources will introduce mea-
surement noise, considerations such as those discussed here will be critical 
to reducing the corruption of the desired signal so that the accuracy of the 
estimated dynamics of interest is increased. 

The authors in [12, 13] argued that system identifcation can be used 
to complement small-signal stability analysis programs to identify oscillation 
modes in the bulk power system and to tune the controllers to damp them. 
They used pulsed excitation to develop a linear state-space model of the 
system modeled in a software. Because system identifcation is applied to a 
software model, practical issues when applying system identifcation to a real 
system (e.g., constraints on the design and injection of the probing signals) 
were not encountered; however, this is an interesting application of system 
identifcation, particularly for systems dominated by IBRs, whose models 
might be proprietary, and those dominated by black boxes. This means that 
the analytical model for small-signal stability analysis cannot be developed, 
but system identifcation can still be used to probe the system to develop a 
satisfactory model to understand the small-signal stability of the system and 
to improve it by appropriately designing and tuning controllers. 

The authors in [14] proposed probing the power system with a low-
magnitude periodic probing signal and empirically deriving a transfer func-
tion estimate from the output measurements. Subsequently, the electrome-
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chanical mode shape can be accurately obtained from the extracted trans-
fer function estimate. There are additional references [15, 16, 17, 18] on 
MIMO model identifcation and control using wide-area measurement sys-
tems (WAMS) in the context of power system that present incremental ideas 
over the papers discussed above. 

Following the research eforts in low-level probing to reduce system se-
curity risks, reference [19] proposed the microperturbation method (MPM), 
which used the amplitude-limited probing response from multisine signal 
perturbation. Statistical signal processing was used to denoise the probing 
response, and then the orthogonal decomposition-based subspace identifca-
tion method (ORT) was applied for model identifcation. The probing signal 
was designed with optimal SNR. In contrast to the other small-signal prob-
ing studies, MPM allowed more energy injection to the particular frequency 
range of interest while maintaining the same amplitude in the time domain 
response. Overall, MPM achieved improved modeling accuracy with a fast 
computation speed for real-time application. 

In [20], low-level probing signals were designed according to [11] and then 
added to the dispatched controller set points (e.g., power system stabilizers, 
fexible AC transmission systems, HVDC operational set points) to excite the 
critical oscillation modes. The phasor measurement units (PMUs) of WAMS 
can collect the response of the probed system, which, in turn, can be used 
to damp inter-area oscillations. A good choice of performance variable can 
be generator speed diferences, inter-area frequency diferences. Tracking the 
tie line power fows provides good observability of the area-to-area swing. 
According to the authors, key factors to be considered in this context can be 
as follows: 1) analyze historical data on oscillatory mode shapes and identify 
the critical tie lines connecting the most oscillatory areas; and 2) tag the 
inter-area links as per their degree of weakness, where the removal of a “weak 
link” causes high oscillations in parallel corridors. The proposed method, as 
a physics-aware data-driven approach (grey-box solution), can provide better 
and trustable decisions than purely model-based design. The authors used 
the N4SID algorithm to identify the reduced-order MIMO equivalent of the 
grid. Eventually, this identifed low-order MIMO model could be used for 
oscillation damping controller design; however, their design was centralized, 
which can be a bottleneck to devise a controller for large-scale power systems. 

The authors of [21, 2] considered an EI model of New York State. This 
representative system consisted of more than 70,000 buses and was studied 
in the PSS/E platform in the Advanced Grid Innovation Lab for Energy at 
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New York Power Authority. Very short-duration pulses were used to excite 
the system to mimic an impulse excitation. A practical candidate for this 
purpose was chosen as the voltage reference of the STATCOM in central New 
York, where the probing can be applied. Once the impulse responses were 
imported from the PMU channels of the PSS/E, the ERA was implemented 
in MATLAB to identify the reduced-order state-space representation. In 
addition, the authors developed a linear quadratic Gaussian-based output 
feedback optimal controller for inter-area mode damping. The authors rec-
ommended the following criteria for the feedback signal selection: (i) The 
overall observability of the inter-area oscillation modes should be captured 
in the feedback signal going into the controller, and (ii) the angular separa-
tion of the residues for both identifed oscillatory modes should not be 180 
degrees apart. This can be ensured if the feedback signals are selected from 
the existing PMU channels. 

Unlike the above, active probing techniques can also be in terms of sudden 
changes in system status, which can trigger ringdown responses. Each output 
response can be modeled as an algebraic sum of the exponentially damped 
sinusoidal components [55] as described in equation (1). The usual way to 
obtain these responses is by changing the system operating point in a very 
short time window, such as load, generator, line tripping, and brake insertion. 

n nX X 
λit σit y(t) = αie = βie cos(ωit + θi), (1) 

i=1 i=1 

where λi = σi ± jωi denotes the eigenvalues of the linearized state-space 
model of the power system, and ωi = 2πfi and σi are the angular frequency 
and damping factor, respectively. αi = βi.e

± jθi 
is the residue of the ith mode, 2 

and βi and θi are the corresponding amplitude and phase angle. 
Therefore, the modal decomposition of the system impulse response can 

be broadly related to ringdown analysis; however, because ringdowns are 
mainly generated by triggering contingencies in the system, we do not have 
precise control over the probing signal. Hence, the SNR of the response could 
be substandard because of the many sources of noise present in a large real 
system. This makes the ringdown-related system identifcation less appealing 
than other active probing-based techniques mentioned earlier. 

A key assumption in these references is the linearity of power systems, 
which works well for the dynamics that the authors were interested in but 
does not help if large-signal dynamic behavior is of interest. This point is 
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mentioned in [9], which discusses another approach of probing the WECC 
system to fnd the inter-area modes. In this approach, a dynamic braking 
resistor is applied for a half second near the Chief Joseph hydropower dam 
that resulted in the application of a 1,400-MW disturbance. The resulting 
transient response, or ringdown, was measured, and the measurements af-
ter the frst swing were used to estimate the inter-area modes. The reason 
for skipping the frst swing was that these data did not ft well in a linear 
model because the magnitude of the swing was large enough to excite the 
nonlinearities in the system. Table 2 shows the salient points from the above 
literature. 

3.2. Power System Inertia Estimation 

System inertia plays a vital role in traditional bulk power system dynam-
ics and control. It has been demonstrated that renewable integration leads 
to a reduction in system inertia [77, 78, 3]; therefore, with a large number 
of IBRs replacing SGs in the transmission grid in the foreseeable future, it 
will become essential to estimate the inertia of the system for safe operation. 
Active probing signal-based system identifcation can play an important role 
in estimating the inertia of the transformed grid. Reference [23] presented an 
ofine identifcation process to estimate the inertial response of the system. 
Probing is induced through small step changes in the system load as well as 
the excitation signal, and the corresponding change in frequency is measured. 
To remove noise and bias from the data, the authors used a moving average 
flter with a sliding window of 3,000 samples and a sampling time 0.1 ms. 
This helped smooth the collected measurements without inciting any con-
siderable delay. The inertia constant of the simulated generator model was 
estimated using the least-squares approach with an error of less than 5%. 
On the other hand, authors of [19] extended the microperturbation-based 
approach to estimate system inertia in real time, keeping minimum impact 
on system security [24]. Independence from transient feld experiments make 
MPM a viable option for economic and time-efcient inertia estimation. This 
kind of accurate and fast estimate of system inertia can help to better tune 
the parameters for controllers regulating the system frequency to synchronous 
value (50 or 60 Hz depending on regions) and thereby improve the dynamic 
performance over a wide range of contingencies. 
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Table 2: Comparison of Power System Oscillation Mode Identifcation Techniques. 
Ref. Modeling method Probe signal Validation Notable feature 

[4, 
5, 6] 

Prony, SM, ERA Impulse excitation 
(short duration 
change in operating 
point) 

Field Reduced order linear sys-
tem equivalent with lightly 
damped modes 
Computation efciency re-
strained the initial applica-
tion. 

[7, 
8] 

N4SID Dynamic braking, 
LLPRN, SMSW 

Field System identifcation was 
demonstrated with very weak 
probing signals. 
Computationally expensive 
due to the involvement of 
SVD. 

[9] N4SID Triggering contin-
gencies - Ringdowns 

Field Substandard SNR for prob-
ing. Can trigger nonlineari-
ties of the system. 

[10] Autoregressive 
moving average 
model 

Exogenous inputs Field estimating both eigenvalues 
(modes) and right eigenvec-
tors (mode shapes) 
Autoregressive moving-
average leading to faster and 
accurate identifcation. 

[11, 
14] 

Transfer function 
representation 
(frequency do-
main approach) 

Low-magnitude 
multi-frequency 
periodic signal 

Field Electromechanical inter-area 
modes are estimated using 
probing signals generated 
from power electronic con-
verters. 

[12, 
13, 
21, 
2] 

Minimum real-
ization, ERA to 
derive equivalent 
MIMO 

Pulsed excitation Software Developed linear models for 
designing damping controllers 
and perform small-signal sta-
bility analysis. 

[19] Orthogonal 
decomposition-
based subspace 
identifcation 

Microperturbation 
- amplitude limited 
multi-sine 

Laboratory Improved modeling accuracy 
with a fast computation 
speed. 

* All focused on centralized identifcation and small-signal modeling - limitation 
for a large-scale grid model with nonlinear components. 

3.3. Distribution Feeder Dynamic Model Identifcation 

Knowledge of the dynamics of a distribution feeder is essential for ensur-
ing stable and reliable operation in the presence of large numbers of DERs 
and smart/legacy loads [79, 80]. With this theme, we discuss the applica-
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tion of active probing-based system identifcation in distribution systems. 
The authors in [54] made an initial efort using Prony analysis and nonlin-
ear least-square optimization tools to identify the most dominant oscillatory 
mode in a distribution feeder by collecting the responses from various inten-
tional small disturbances, which were small increases in network loads and 
torque reduction of rotating inertia present in the system. The presented ap-
proach was largely limited to small-signal stability studies of largely coupled 
distribution and transmission networks. Kontis et al. [55] thoroughly investi-
gated eight system identifcation techniques: the Prony method, ERA, matrix 
pencil (MP), N4SID, prediction error method (PEM), fast fourier transform 
(FFT), vector ftting (VF), and the hybrid FD/TD approach. They studied 
the performance of these algorithms for analyzing the oscillation modes of 
active distribution networks (ADNs). The Prony, N4SID, prediction error, 
and fast Fourier transform methods were found to be suitable for small-
signal studies in low noisy conditions. On the other hand, accurate modal 
estimation can be obtained from the VF, hybrid FD/TD, ERA, and matrix 
pencil methods even if high noise is present. The VF and hybrid FD/TD 
methods were specially suited for online or real-time applications because of 
their robust performance guarantees and reasonable numerical accuracy with 
efcient computation time. Accordingly, both the VF and hybrid FD/TD 
methods can be promoted as reliable and suitable methods for investigating 
modern ADNs. 

The authors of [56] used system identifcation for the dynamic equivalenc-
ing of a distribution network connected to the transmission system. They 
showed that following a contingency, eigenvalue analysis can be a useful tool 
to ensure good performance for potential cosimulation of a transmission-and-
distribution network. 

In [57], system identifcation was applied to obtain the dynamic model of 
a simple distribution system that included induction motors. The objective 
was to use the estimated distribution system model for bulk power system 
stability studies. The estimated model performed well for a disturbance that 
resulted in a stable post-disturbance system; however, the same model did 
not perform well for another disturbance, where although the actual model 
of the distribution system resulted in instability, the estimated distribution 
system model showed oscillations but no instability after the disturbance was 
removed. The authors opined that for the second disturbance, nonlinearities 
of the system came into play that were not captured in the estimated distri-
bution system model. This result provides further support to the idea that 
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the selection of the system identifcation technique must be made based on 
a good understanding of the system dynamics of interest. It also points to 
the need for research on nonlinear system identifcation in power systems. 

3.4. Microgrid Dynamic Model Identifcation 

Distribution systems sometimes face reliability issues because of the stochas-
tic nature of the node-level renewable energy penetration and load demands; 
therefore, distribution feeders are commonly divided into a number of smaller 
regions with individual identities to better manage their controllable devices 
with minimal disturbance to the rest of the system. These self-regulating 
independent or semi-independent regions are called microgrids [81]. System 
identifcation can fnd its application in the stable operation of such clus-
ters, especially for identifying the dynamic models of multiple microgrids or 
networked microgrids to cater to the involved intermittency/variability. 

In [58], principles of system identifcation were used to obtain equivalent 
dynamic models for the portion of microgrids that were associated with slow 
dynamics. A grey-box system identifcation approach was adopted, which 
meant that the structure of the model to be identifed was developed based 
on the knowledge about the system, and its parameters were then identi-
fed using the system’s response to perturbations. The perturbations applied 
were deviations in voltage and frequency. To account for the nonlinearities 
in the system, evolutionary particle swarm optimization was used to tune 
the parameters of the equivalent dynamic model by minimizing the error be-
tween the output of the detailed system and the equivalent model. Few tests 
that were performed showed a good match in system-wide simulation results 
between the detailed microgrid model and the equivalent dynamic model 
of the microgrid. One key observation made by the authors was that tra-
ditional coherency-based techniques to develop equivalent dynamic models 
cannot be applied to inverter-dominated systems. Moreover, real and reac-
tive power cannot be decoupled because of the high R/X ratios of medium-
and low-voltage distribution networks or microgrids. This is where system 
identifcation techniques to develop good dynamic models of feeders can be 
very useful. 

Reference [59] used Prony analysis for the identifcation of the dynamic 
model of the microgrid. The electromechanical modes were calculated through 
eigenvalue estimation. The observations from the paper are as follows: The 
dominant modes seem to be driven by the setpoints given to the rotating ma-
chines in the system. In particular, generator torque changes were observed 
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to have a greater infuence on the modes than the excitation setpoints. The 
line impedances and feeder short-circuit capacity also had a substantial im-
pact on the electrical modes; however, inverter-based, low-inertia units posed 
negligible impacts on the modes. 

3.5. Role of System Identifcation in Black-Start and System Restoration Op-
eration 

As shown by the recent winter events in Texas [82], extreme climate events 
can cause widespread power outages in otherwise highly reliable power sys-
tems. After any local or system-wide blackout, black-start resources must 
be used to repower the system. With the increasing penetration of IBRs, 
the speed of centralized bulk start can be increased. At the same time, 
bottom-up black-start approaches can be used to power local communities 
to provide seamless electricity to critical loads while the utility power is being 
restored [83, 84]. The frst step in system restoration is to identify the con-
dition of the post-blacked-out system. This leads to the detection of system 
islands (if any) and requires a decision on how the isolated parts should be 
energized—whether through independent generation resources or reconnect-
ing the islands gradually. A recent patent [30] proposes a system identifca-
tion technique called a “minimum spanning forest” approach to identify the 
condition of devices, especially the inter-bus links in the distribution grid for 
power restoration. Each spanning tree in the identifed forest is a sustain-
able, islanded microgrid with high-priority links to restore power to critical 
loads frst. Then the process is repeated until the damaged infrastructure is 
recovered or the utility comes back. 

3.6. Load Model Identifcation 

Power system consists of a wide variety of load consumption, which has 
a signifcant efect on the operational limits of the system; therefore, ac-
curate load modeling is essential for maintaining reliability and improving 
the dynamic performance of the grid. Here, we discuss the available active 
probing-based technique in the literature applied to load modeling. 

Load modelling has been an important area of research in power systems 
for several decades. There are two approaches to developing load models 
– measurement-based approaches and component-based approaches [41]. In 
measurement-based approaches, data is collected from live feeders and ana-
lyzed to obtain load characteristics whereas in component-based approaches 
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load class and load composition data is combined with electrical charac-
teristics of individual end-use loads to develop a load model for an entire 
feeder or even for an entire transmission substation. Measurement-based ap-
proaches can be either active-probing based or passive data collection based 
[42, 43, 44]. 

In [45], voltage perturbations were applied to several distribution feeders 
by changing the taps of the on-load tap changers at the feeder head. The 
resulting changes in real and reactive powers were recorded. Before apply-
ing the perturbations, several steps were taken to reduce interference from 
unexpected change, e.g., studying load response for a few days before ap-
plying voltage perturbations and locking switched capacitors on the feeders 
under test. Steps were also taken to avoid any adverse impact on customers, 
which included switching critical customers to alternative substations before 
conducting the tests. The results showed that the feeders have varying load 
behaviors including instantaneous linear variations with voltage changes and 
a mix of instantaneous linear and dynamic variations with a long time con-
stant. The main advantage of this study was that load behavior of actual 
feeders was obtained. The limitations included (i) inability to eliminate un-
expected variations in a real feeder that interfere with the injected voltage 
perturbations, and (ii) slow voltage changes (14 tap changes in 90 seconds), 
which limits the utility of the developed models to steady state and quasi 
steady state analyses. Nonetheless, this work outlines a useful approach for 
periodic evaluation of the aggregate electrical characteristics of live feeders 
without the power quality to customers compromised. 

In [46], the authors applied the concept of system identifcation to ob-
tain the voltage sensitivity of space-heating loads. The dynamic behavior of 
interest was slow variations associated with the thermodynamics of space-
heating loads. The authors used the time domain implementation of system 
identifcation, and under the assumption of linearity and time invariance, 
they applied the well-known least-squares formulation to obtain the impulse 
response coefcients to characterize the voltage dependence of space-heating 
loads. Simulation results showed that the load diversity and the energy-
neutral nature of space-heating loads was captured very well by the impulse 
response coefcients. The pseudo-random binary sequence was used as the 
probing signal; the authors argued that this can be simulated in real distribu-
tion feeders in multiple ways, including the switching of a tap-change under 
load transformer, the switching in and out of a capacitor, and the switching 
of a series inductor. Because only slow dynamics were of interest, the authors 
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suggested that less than 1-Hz variations can be superimposed on the 60-Hz 
signal and their amplitudes should be at least 0.5% of the line voltage. This 
is a practical application of system identifcation for real-world use. 

3.7. Topology Identifcation 

Topology identifcation is a fundamental step for the optimal operation 
of the grid. Finding both connectivity and line impedance values are part of 
the identifcation process, which makes the problem more challenging to deal 
with. In [50], the authors proposed an active probing-based method to iden-
tify the topology of a single-phase distribution network integrated with power 
electronics converters. A set of lead nodes are probed, and all nodal voltages 
are used as monitored variables in a recursive algorithm that estimates the 
grid topology. If the probing input and measured output are placed at the 
same buses, a reduced topology can be found as an equivalent model. To 
handle the stochastic nature of loads and any process noise, a preprocessing 
phase is recommended for the incoming data stream. The following guidelines 
are given for the probing signal to guarantee the satisfactory performance of 
the algorithm from the noiseless to the noisy case: 

• The injected perturbation should be identical (consider, amount δm) at 
every probed bus over Tm consecutive periods. 

• The perturbation happens one bus at a time; therefore, during Tm 

probing periods, the other probing buses sit idle. 

However, the authors did not consider the coupling between active and re-
active power in this work. They gave some research direction regarding the 
recovery of both resistive and reactive Laplacian matrices with joint active 
and reactive probing in [51]. In that case, the topology identifcation be-
comes a nonconvex minimization problem to fnd the Laplacian matrix of a 
radial feeder; however, a convex relaxation is efectively applied by using the 
closed-form alternating direction method of multipliers (ADMM) updates. 
After potential radial graphs are identifed, the line resistance calculation is 
posed as a least-squares ft on the collected data. At the end of these steps, 
the best-ft topology is selected. To avoid experiments on exponentially many 
candidate topologies, Kekatos et. al. [52] developed a two-step method as a 
mixed-integer linear program using the McCormick relaxation. 

Unlike the foregoing works which shows ofine approaches for topology 
identifcation, [53] adopts an online procedure to learn the admittance matrix 
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of a phase-balanced feeder using optimal voltage excitations at DER nodes. 
Although the proposed recursive least-squares (RLS)-based algorithm in [53] 
shows robustness to measurement noise and changes in feeder topology, it 
assumes full observability of the network and stresses DERs with frequent 
changes in voltage setpoints. 

Based on the above literature, a potential research direction is to develop 
an active probing-based online method to identify the topology with sys-
tematic formulation considering limited availability of noisy measurements 
of network variables in an unbalanced, meshed distribution system. 

3.8. Impedance Characterization of Power Electronics-Interfaced Systems 

The impedance characterization of power electronics converters that are 
used in HVDC systems or in wind and solar power plants is motivated by 
the small-signal stability criteria, which states that a single DC bus power 
electronics system will be small-signal stable at an operating point if the 
Nyquist contour of the product of source impedance and load admittance at 
that operating point stays within the unit circle [85]. Several authors have 
proposed methods of formulating and calculating the impedance matrices 
[25, 26, 27, 28, 29]. 

In [25], the authors proposed a new method of obtaining the incremental 
impedance of a power electronics-based system. To obtain the incremental 
impedance, the system under test is perturbed by a small signal in the form 
of a frequency sweep, one frequency at a time. The approach to applying 
the signal is to inject an amplitude-modulated signal with two components 
that are orthogonal to each other in each phase. In a synchronous reference 
frame rotating at the speed of the fundamental frequency, these appear as 
constant amplitude sine signals of the frequency of perturbation along the 
d and q axes. The Fourier transform applied to these d-q axis signals for 
any measured voltage and current gives the amplitude of change in voltage 
or current at the excitation frequency. This method would work only if 
the measurements of the excitation signals and the corresponding outputs 
are synchronized. The authors also presented three practical methods of 
hardware implementation of the proposed method. 

The authors, in [26], presented an approach for obtaining the impedance 
response of a voltage source converter in grid-following mode by assum-
ing ideal (no dynamics) and nonideal (with dynamics) phase-locked loops 
(PLLs). The perturbations applied to obtain the impedance response are 
voltage signals that rotate in the clockwise and anticlockwise directions and 
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hence are called negative- and positive-sequence components, respectively. 
Expressions for impedance in the sequence domain (positive and negative) 
are also obtained under these assumptions: (i) all circuits are balanced, (ii) 
positive- and negative-sequence impedances are decoupled, and (iii) PLL is 
ideal or linearized. Similar to [25], the focus of [26] is on obtaining models 
useful for small-signal stability analysis. 

In [27] too, the authors discussed small-signal stability analysis of a bal-
anced three-phase power system connected to constant power loads with the 
impedances measured in the d-q frame. In [28, 29], the authors proposed 
a unique transfer impedance matrices in the abc, d-q, sequence, and pha-
sor domains that would allow the small-signal dynamic response of voltage 
source converters to be obtained by applying perturbations on the DC and 
AC sides of the voltage source converters. The key quality of the transfer 
matrices was their ability to capture the coupling between the DC and AC 
sides, which was shown to be important in evaluating system stability un-
der certain conditions. It was shown by an example that if the diagonal 
elements of the transfer impedance matrix are dominant, then coupling be-
tween the AC and DC sides may be ignored, but below a certain frequency, 
this coupling becomes important in evaluating the small-signal stability of 
the system. The key assumptions based on which the transfer impedance 
matrices were developed in [28, 29] were (i) fxed relations between harmon-
ics on the AC and DC sides as explained in [86], and (ii) linearity of circuits 
on the DC and AC sides of the voltage source converters. Common features 
of the impedance characterization work presented in [25, 26, 27, 28, 29] were 
balanced three-phase AC networks, a focus on small-signal stability analysis, 
and validation using very small and simple AC networks. A summary of the 
literature is presented in Table 3. 

3.9. Grid Impedance Identifcation through Grid-Tied Inverters 

With high levels of power electronics inverter-based renewable energy re-
sources in power systems, grid impedance identifcation through grid-tied in-
verter applications is a highly promising use of system identifcation. Based 
on the grid impedance estimates, one can monitor the grid health or sys-
tem stability. Moreover, grid impedance estimates can be used for system 
tuning or adaptive control. Reference [35] presented an impedance measure-
ment technique for three-phase AC systems. Compared to the conventional 
technique using three-phase system perturbation, the technique injects the 
perturbation signal between two lines, which has the potential to reduce 
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Table 3: Comparison of Impedance Characterization Techniques of Power Electronics-
Interfaced Systems. 
Ref. Modeling method Probe sig- Validation Notable feature 

nal 

[25] Chopper and WRIM current Small- Laboratory Works only if the excitation 
injection methods agreed with signal signal are synchronized with 
the linearized small-signal frequency outputs, due to use of syn-
model sweep chronous ref. frame. 

[26] Harmonic linearization Tech- Negative Laboratory Relies on assumptions of bal-
nique and pos- anced system, decoupled pos-

itive se- itive and negative sequence, 
quence and ideal/linear PLL. 
signals 

[28, Development of 3 × 3 transfer 
29] matrices in the d-q, sequence, 

and phasor domains. The ele-
ments of the matrices were es-
timated using the perturbation 
signal and resulting system re-
sponse in frequency domain 

Perturbation 
both on 
DC and 
AC sides 
of voltage 
source con-
verters 

Software Captures the coupling be-
tween AC and DC sides. As-
sumes fxed relations between 
harmonics on the AC and DC 
sides and linearity of circuits. 

* All assumed balanced three-phase AC networks, focusing on small-signal sta-
bility analysis and validating in small AC networks. 

the complexity and cost of estimating the grid impedance, and the method 
could be applied to DC systems as well. By using an H-bridge-based injec-
tion device circuit, it was demonstrated that the system impedance can be 
estimated. 

Compared to [35], where a sinusoidal perturbation signal in current is 
used at every perturbation, [36] proposed using a pseudo-random binary se-
quence voltage perturbation. Using a pseudo-random binary sequence, an 
approximation of white noise, the identifcation technique can excite the tar-
get system across all frequencies of interest. Based on experimental results, 
this paper also provided the following useful insights on the design of the per-
turbation signal and the measurement of the system responses: 1) the need 
for a baseline measurement to extract existing spectral content that should 
be subtracted from the actual measurements, 2) the importance of high-
resolution sensors and analog-to-digital conversion to reduce the impact on 
the perturbed system with reduced magnitude of the injected signal, and 3) 
the potential use of blue noise signals to increase visibility for high-frequency 
perturbations. 
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The authors of [37, 38] discussed the use of a chirp signal as the prob-
ing signal to allow the wide-bandwidth perturbation of the system to be 
tested for low-crest factors and fast measurements because some systems do 
not stay at a certain point for a long time. The proposed technique was vali-
dated in simulation and in experiments with an impedance measurement unit 
equipped with a voltage source inverter coupled through transformers to the 
lines between the source and the load to create the perturbation. In the test 
system, three-phase AC impedance measurement in synchronous coordinates 
was achieved. 

A cascaded H-bridge multilevel inverter topology was presented in [39] 
for injecting perturbations and measuring impedance in medium-voltage en-
vironments. This paper discussed three diferent injection methods, includ-
ing superimposed voltage perturbation and current source perturbation in 
the shunt between the source and the load. The 1-MVA converter hardware 
supported all three methods, and the experimental results were presented. 
By using the multilevel power electronics, 100-kHz switching frequency was 
achieved, indicating that the proposed solution could provide a high band-
width and improved system characterization as well as scalability from a 
modular structure. 

An exhaustive study on diferent impulse probing signals was reported 
in [40]. It compared the accuracy of grid impedance estimates from dif-
ferent impulse signals—including square, sawtooth, and triangular waves— 
because they have diferent advantages and drawbacks. The authors found 
that square waves had the highest magnitude in efective bandwidth, but 
zero points in spectrum posed intermittent loss-of-efect data points. Saw-
tooth wave, the recommended signal in the paper, featured no zero points 
in the frequency spectrum, thereby allowing broadband measurements, but 
the lower magnitude in signals should be properly addressed to obtain a high 
SNR. The triangular wave showed low dynamic performance requirements 
because of no abrupt transition in a probing signal, implying its use in a 
low dynamic system, but it had zero points in the spectrum, similar to the 
square wave. Variations in probing signal polarity (unipolar or bipolar) and 
signal symmetry (symmetric or asymmetric) were also discussed at length. 
It was found that, in general, bipolar signals would be desirable because 
they allow for signal strength aligned with system noise across the frequency 
region of interest, whereas unipolar signals lead to high magnitude in the 
low-frequency region and fallout in the mid- and high-frequency region, lead-
ing to low SNR. Comparing a variety of asymmetric signal variations and 
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their experimental results, the paper concluded that a well-designed asym-
metric bipolar sawtooth wave could provide higher accuracy than traditional 
unipolar triangular and symmetric bipolar sawtooth waves. Multiple sam-
ple averaging was also suggested, implying that fve-sample averaging might 
be enough when a nonlinear average method is applied, but a careful deci-
sion should be made based on dynamics of a system applied. Because this 
method can be applied to an inverter system without additional circuitry or 
cost, it has good potential for application in a wide range of systems. Table 4 
summarizes key takeaways. 

3.10. System Identifcation for Motor Drives 

This subsection reviews the use of system identifcation in motor drives. 
Reference [31] presented a straightforward use of system identifcation in 
three applications: 1) a single-axis magnetic suspension system, 2) a per-
manent magnet synchronous motor sensorless feld oriented control, and 3) 
tracking control of a PLL using the adaptive flter method. It used existing 
devices—e.g., semiconductor switches of inverters for motor drives in the case 
of a motor drive—to perturb the system at diferent frequencies of interest 
and processed the response using a flter tuned to estimate the frequency re-
sponse. Results showed that the performance of this approach is comparable 
with the spectrum analyzer. Reference [32] proposed a more specifc use of a 
system identifcation technique for the sensorless drive of a surface-mounted 
permanent magnet motor. By injecting a high-frequency, fuctuating voltage 
signal, the proposed method enabled estimating rotor position with no addi-
tional sensors required, which eliminates the need for and saves on the cost 
of system maintenance and reduces complexity. Many other applications in 
motor drive can be found, including [33, 34]. 

4. Motivating Example for Linear System Identifcation 

The key steps in a typical linear system identifcation process are high-
lighted through an example where a discrete-time state space model of an 
unknown plant was developed using frequency domain analysis. It is assumed 
that the input and measured signals are digital. 

Step 1: Designing the probing signal 

As mentioned in the review, especially in section 2 and section 3.1, high 
SNR, longer duration signal with excitation in frequencies of interest are 
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Table 4: Grid Impedance Estimation Methods Using Grid-Tied Inverters. 
Ref. Modeling method Probing signal Validation Notable feature 

[35] Impedance matrix es- Line-to-line cur- Software Reduces complexity and cost. 
timated using two lin- rent injection & Labo- Applicable to 3-ph/1-ph AC and 
ear independent mea- ratory DC systems. 
surements 

[36] Wide-band impedance Pseudo-random Software Excites all frequency range of in-
constructed online binary sequence & Labo- terest at once. Requires high-
using cross-correlation voltage pertur- ratory resolution sensors. 
techniques bation (approxi-

mation of white 
noise) 

[37, Impedance matrix Chirp three-phase Software Allows for fast measurement. 
38] estimated using two voltage perturba- & Labo- Multiple measurements benefcial 

independent pertur- tion (swept-sine ratory for accuracy if available. 
bations signal) 

[39] No modeling method A cascaded H- Laboratory Multilevel inverter enables high-
shown (only perturba- bridge multilevel (no esti- bandwidth perturbation and im-
tion capability shown) inverter injects mation proved characterization with high 

perturbation in result efective switching frequency. 
voltage and cur- shown) 
rent 

[40] Grid impedance esti-
mated from voltage 
and current data given 
by extracting steady-
state component from 
the measurements 

Impulse signals 
with diferent 
polarity and sym-
metry (square, 
sawtooth, and 
triangular) 

Laboratory Square waves have the high-
est magnitude in efective band-
width at the cost of intermit-
tent zero points. Sawtooth waves 
allow broadband measurements 
without zero-point spectrum but 
needs higher SNR. Triangular 
waves work well in low-dynamic 
system with zero points. 

* All used voltage source inverters to perturb the system implying promising use 
of power electronics devices for power system identifcation. 

necessary factors to consider for probing signal design [87]. In addition, 
probing signal should not saturate the plant output because every real-world 
plant is linear only within a certain range. Also, probing signal sampling rate 
should be high enough for all frequencies of interest to be excited. Whereas 
the frequency response can be valid up to half of the sampling frequency by 
Nyquist theorem, practical experiences suggest that the sampling frequency 
may need to be 5-10 times the highest frequency of interest in practice, 
because of limits in implementation, including efect of measurement noise 
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with magnitude of perturbation signal constrained, varying sampling delay, 
and switching behavior embedded in power electronics devices [39, 87]. 

These requirements suggest that some prior knowledge about the plant 
to be identifed can be useful in designing the appropriate probing signal. 
For the probing signal shown in fgure 4, it was known that for the plant 
to be identifed, bandwidth of 1000 Hz was sufcient. After some trial and 
error with diferent signal types and observed frequency responses, it was 
found that a 131-seconds long, gaussian white noise-based probing signal 
with standard deviation of 1.5, which is sampled at 2000 Hz met the criteria 
for probing signals listed above. 

Figure 4: Gaussian white noise probing signal in time domain. 

Step 2: Designing an anti-aliasing flter 

Anti-aliasing flter is critical to eliminating aliasing of higher frequencies 
to lower frequencies when converting analog signals to digital signals. It is 
therefore placed at the input of an analog to digital (ADC) converter. It 
is a low pass flter that attenuates all frequencies higher than the highest 
frequency of interest. Because for the system to be identifed in the ongoing 
example, 1000 Hz was the highest frequency of interest, an anti-aliasing was 
designed such that the strength of the analog output signal reduced signif-
cantly at 1000 Hz as shown in fgure 5. 

Step 3: Obtaining the frequency response 

The frequency response of each input-output channel pair is obtained by 
taking point-wise ratios of the Fourier transforms of the measured response 
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Figure 5: Filtered probing signal in frequency domain. 

and input signal. Point wise ratios can be taken because, for a linear system, 
input and output signals have identical frequencies. If 3 input and 3 output 
channels exist in the plant to be identifed, 9 frequency response functions will 
be obtained. For the system in the example, one of the frequency response 
functions that was obtained using this approach is shown in fgure 6. 

Figure 6: Frequency response function for one input/output pair. 
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Step 4: Estimating poles and zeros from the frequency response functions 

In a linear system, the number of poles is always identical for all the 
frequency response functions. The number of zeros can, however, be diferent. 
From the frequency response functions, such as those shown in Figure 6, the 
number of poles and zeros can be estimated. The locations of poles at 30 
and 200 Hz can easily be seen from the frequency response magnitude and 
phase plot. In Figure 6, the phase angle decreased by around 180 degrees 
(angle wrapping results in -270 degrees appearing as 90 degrees). Two poles 
at 30 Hz would explain such a phase jump. By a similar argument, two poles 
can be seen at 200 Hz as well. A zero is present at low frequencies because 
the magnitude of the frequency response increased almost linearly from -20 
db to 0 db for a change in frequency of around 10 Hz. A double zero can 
also be seen at 100 Hz because phase angle increased by 180 degrees, from 
around 90 degrees to 270 degrees (represented as -90 degrees due to angle 
wrapping). Therefore, a total of 4 poles and three zeros can be estimated for 
the frequency response function of Figure 6. 

Step 5. Obtaining a state space model 

This is the fnal step of the linear system identifcation. If a discrete state 
space model is desired, functions such as invfreqz () in Matlab should frst be 
used to obtain the discrete-time frequency response functions. The inputs 
to invfreqz () are the frequency response functions, weighting functions (e.g., 
auto spectral densities of the outputs with regard to the inputs) and esti-
mates of the number of poles and zeros. Using this information, invfreqz () 
estimates the discrete-time transfer functions. The zeros, poles and gains of 
the discrete-time transfer functions can then be used to obtain the discrete-
time state space realization of the plant to be identifed using functions such 
as ss() in Matlab. Figure 7 compares the frequency response obtained di-
rectly from the blackbox model of the plant with the responses obtained 
from the discrete-time transfer function generated by invfreqz () and the fnal 
discrete-time state space model that is in good agreement with the discussion 
and validates the method. 

5. Extension to Nonlinear System Identifcation 

As discussed, almost all work on system identifcation in power systems 
has assumed the linearity of power systems. However, nonlinear system iden-
tifcation has been extensively explored in the felds of optimization and con-
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Figure 7: Comparison of frequency response functions obtained from the blackbox model, 
the invfreqz() function, and the fnal discrete-time state space model of the plant. 

trols, especially when linear models become imprecise, or when they do not 
reproduce essential aspects of the behavior of the system under consideration. 
In [88], which is a book dedicated to nonlinear system identifcation, the au-
thors suggested that before deciding on using nonlinear system identifcation 
techniques, linear system identifcation must be carefully considered because 
the complexity of the modeling tasks increases rapidly when moving from lin-
ear to nonlinear system identifcation. They further argued that even when 
changing from a linear to a nonlinear model, it might be a good strategy to 
use models that reduce to a linear model or use a linear model in parallel so 
that the overall model output is the sum of the linear and nonlinear parts. 
In [89], the authors cited the example of the Airbus A400M aircraft, where 
nonlinearities were detected during ground testing and structural resonances 
were incorrectly ftted by linear model analysis software. Reference [89] also 
presented a detailed literature review on nonlinear system identifcation in 
the feld of structural dynamics. It also identifes a three-step approach for 
nonlinear system identifcation: (i) ascertain whether nonlinearity exists, (ii) 
characterize the nonlinearity, and (iii) estimate the parameters of the non-
linear model. For the third step, it is mentioned that researchers in recent 
years have started to quantify the uncertainty in the parameter estimates of 
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the nonlinear model. 
A long list of several methods that are relevant for nonlinear system 

identifcation are listed and briefy discussed in [90]. The list suggests that 
there is no one method that can be universally applied for nonlinear system 
identifcation, and this can be attributed to the vast number of problems that 
can be classifed as nonlinear. The following quote from [90] captures this 
point in an interesting way: “Part of the problem is the negative defnition 
(“non”-linear): it has been commented that this area is as huge as “non-
elephant zoology” (quote attributed to mathematician/physicist Stan Ulam).” 
A similar observation is made in [91], which mentioned that a wide range of 
algorithms for nonlinear system identifcation are available, but the choice 
of the algorithm is often governed by “the process, the choice of input, the 
amount of a priori information and the purpose of the identifcation.” 

6. Application of Nonlinear System Identifcation in Power Sys-
tems 

Nonlinear models generate complex manifolds in high-dimensional space, 
whereas linear models give rise to simple hyperplanes, which are easier to 
characterize; therefore, the need for nonlinear system identifcation should be 
carefully assessed based on the specifc power system application. In recent 
literature, researchers have applied nonlinear system identifcation mainly in 
(i) the analysis of dynamic coupling between diferent resources, e.g., slow-
responding SG and fast-responding DERs (with PLL dynamics, current con-
trol loop, etc.); and (ii) the modeling of distribution-level nonlinear loads. 

6.1. Application to Multi-Machine Bulk Power Systems 

In [22], an artifcial neural network (ANN) is used to obtain the dynamic 
equivalent of the bulk power system. ANN takes care of the nonlinearity and 
gives a better representation of the system than linear equivalents; however, 
ANN-based dynamic equivalencing is not suitable for large disturbances that 
occur by faults, where transient stability studies are crucial. 

6.2. Distribution System Nonlinear Model Identifcation 

Linear methods—e.g., modal analysis or model identifcation-based dy-
namic equivalencing—cannot accurately represent a power system when the 
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operating point moves away from the base case. Conventional nonlinear ap-
proaches use a coherency identifcation technique by analyzing the electrome-
chanical behavior of the nonlinear generator models, but this falls apart when 
dealing with DERs because inverter-interfaced generation is rarely character-
ized by rotor angle or speed. The authors in [60, 61] addressed this research 
gap by using trained recurrent ANNs that can replace the complex distri-
bution system and are expected to interact with the high-voltage network 
under any operating conditions. Diferent types of faults are simulated to 
excite the system. The authors recommended using voltage measurements 
as inputs to the ANN and current as outputs because power variables show 
inferior response in the ANN structure. 

[62] showed the distribution system topology reconstruction problem in 
a graphic model framework. A mutual information-based maximum-weight 
spanning tree algorithm was proposed that minimizes Kullback-Leibler di-
vergence and extends from tree structures to loopy structures for generaliza-
tion; however, the algorithm becomes computationally expensive for power 
networks, which are highly meshed with many loops. 

Because black-box models need large data sets to accurately represent 
ADNs, in [63], the authors proposed a physics-aware, nonlinear, grey-box 
equivalent modeling method for ADNs. The paper proved the suitability 
of the model to be adapted to diferent confgurations of the network by 
modifying a limited set of scenario parameters because the model already 
has a signifcant amount of knowledge on the model physics. 

6.3. Load Modeling 

Researchers in [47, 48, 49] proposed ideas on engaging power electronics-
based resources to probe an electric grid and to record its voltage response 
at actuated and metered buses to infer nonmetered loads. The analysis 
took non-constant-power (ZIP) models [92], which capture the nonlinearity 
of load variation. Sufcient and necessary conditions were obtained in [48] 
using bipartite graph theory, which derived a successful probing setup for 
a partially observable, meshed, and multiphase distribution feeder. Probe 
placement algorithms were developed by mapping nonmetered node variables 
to the available phasor (or non-phasor) measurements of the metered nodes. 
The research work proposed to tackle noisy measurements with penalized 
semidefnite programming-based solvers. The authors also gave guidance in 
[49] on the design of inverter probing set points by forming the probing-
injection library, which is implementable by inverters, is network compliant, 
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and yields diverse system states. In addition, high-precision phasor data 
capture is recommended with a broad voltage regulation range of the feeder 
and tight load uncertainty to accurately estimate the load. Although the 
longer duration of probing seems to increase system state accuracy, it does 
not necessarily give better load estimates. 

7. Conclusion and Future Research Directions 

7.1. Key Takeaways 

The main contribution of this paper is to provide a comprehensive re-
view on active probing-based system identifcation techniques and to critically 
evaluate the important achievements and challenges of the existing research 
outcomes in the context of electric power system applications. The key take-
aways from the papers reviewed for all the applications are summarized in 
Table 5. The following points can be highlighted in this context. 

• The concept of system identifcation has been well-known to researchers 
in the felds of control systems and structural dynamics, but it has 
found limited applications in power systems. 

• The papers on the application of system identifcation to power sys-
tems that are reviewed in this paper predominantly focus on identify-
ing the inter-area oscillations in power systems under the assumption of 
linearity. These papers indicate that developing an appropriate prob-
ing signal can be challenging because multiple competing requirements 
must be satisfed—e.g., the need for a high SNR of the measurements to 
make the response observable but the need to avoid large perturbations 
of the power system. 

• Researchers have shown the potential of system identifcation in char-
acterizing the static and dynamic models of distribution feeders, partic-
ularly under high variable renewable energy (VRE) penetration, where 
traditional techniques to develop equivalent dynamic characteristics are 
unlikely to work. Moreover, power electronics-based inverters can be 
used to generate probing signals and to perform signal processing to 
derive the dynamic models to simplify the hardware requirement and 
to reduce costs. 
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Table 5: Summary of Papers Reviewed in Each Application. 

Application Topic Key Takeaways from the Literature Review 

Identifcation of inter-
area/electromechanical oscillation modes 
and stabilizing damping controller design 
*By far the most prominent application of 
system identifcation in power systems 

Power system inertia estimation 

Static and dynamic model development for 
distribution systems 

• Distribution feeder dynamic 
model identifcation 

• MIMO system identifcation 

• Assumption of linearity 

• Discussion on design of probing signals (including consideration of noise) 

• State-space and transfer function models of the IDed systems were de-
veloped. 

• Only two applications found 

• The change in generator real power output or load power consumption 
and the resulting change in generator speed were used to estimate the 
inertia constant. 

• The design of the probing signal under noise in a practical system was 
not considered. 

• P-V coupling that can happen in a distribution system might limit the 
application to transmission systems. 

• Few papers were found that looked at the system identifcation of dis-
tribution networks. 

• Papers developed linear models of distribution networks. 

• Performance of several methods that could be used for linear system 
identifcation was also compared. 

• Balanced distribution networks/feeders. 
Static and dynamic model development for 
distribution systems 

• Microgrid dynamic model identif-
cation 

• Two papers were found. 

• A balanced model of microgrids was assumed. 

• One paper used system identifcation to develop a linear approximation 
of a microgrid using a black-box modeling approach. 

• One paper used particle swarm optimization to capture microgrid non-
linearity in a grey-box model. 

Load model identifcation • Few references were found for both linear and nonlinear modeling. 

• Assumption of time-invariance for loads. 

• High-precision phasor data capture is recommended for the plausible 
estimation of non-metered loads. 

Power electronics applications 

• Grid impedance identifcation for 
grid-tied inverters—impedance 
characterization 

• System identifcation for motor 
drives 

• This is a promising area of system ID use; well justifed, from no need 
for hardware addition, leading to cost-efectiveness and fexibility from 
power electronics use. 

• Blue noise bipolar sawtooth signals might be efective when high-
frequency characteristics are studied. 

• System identifcation has been widely used in sensorless motor drive, 
bringing benefts in cost and complexity reduction. 

• In addition to developing models of real systems, system identifcation 
techniques could also fnd applications in software simulations. System 
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identifcation can be particularly useful for the qualitative assessment 
of the stability of large systems with very high VRE penetrations and 
where the dynamic models of the VRE are proprietary and not accessi-
ble to develop analytic equations representing their dynamic behavior, 
e.g., as required for small-signal stability analysis. The design of ap-
propriate controllers or tuning their parameters to achieve the desired 
dynamic response can also be facilitated by system identifcation-based 
approaches in such modeling situations. 

• It was observed in some references that using linear system identifca-
tion methods to identify nonlinear systems could cause the estimated 
models to provide incorrect results (e.g., indicating that the system is 
stable when the detailed model suggests that the system is unstable). 
This indicates the need to carefully assess the behavior of the system 
to be identifed before selecting the system identifcation method. 

• Outside of power systems, a lot of literature on nonlinear system iden-
tifcation is available. Although there are several methods that can be 
used for nonlinear system identifcation in power systems, it is recom-
mended to frst check whether nonlinear system identifcation is needed. 
Once such a determination is made, the selection of a system iden-
tifcation algorithm is governed by several factors, including a priori 
knowledge about the system to be identifed, the purpose of the system 
identifcation, and the choice of the probing signals. 

7.2. Future Research Directions 

System identifcation is a promising approach for developing static and 
dynamic models of power systems that has found limited application in power 
systems so far. As orders-of-magnitude more components are integrated in 
power systems, along with VRE resources with proprietary models, system 
identifcation could provide the way forward for developing accurate models 
for real-time operation and planning studies. Leveraging power electronics 
converters as probing sources and computation engines can also enable dis-
tributed system identifcation that will avoid the need to communicate prob-
ing signals and measured data to a central location for system identifcation. 
The potential of IBR-based system identifcation can be exploited because 
of the following pertinent features associated with smart inverter-based sys-
tems: (i) more fexibility in identifcation because the inverter confguration 
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can be easily modifed and a variety of probing signals can be generated with 
less physical limitations, (ii) the faster dynamics of inverters will improve 
the performance of the overall identifcation process, (iii) the simple software 
reconfgurability of inverter control can play an important role in the sim-
pler implementation of system identifcation, (iv) cost-efective solutions can 
be proposed because of the minimal requirement on hardware modifcation 
in diferent applications of system identifcation, (v) more efective/accurate 
identifcation can be performed by using remote/distributed IBRs because 
SG cannot reach the very end of a distribution feeder. 

Although system identifcation has attracted surging attention in the 
power system community during the last few decades, there are still un-
solved problems and challenges that need much more study. A focus on 
linear system identifcation, an assumption of balance (even in distribution 
feeders), and an evaluation on very small software or laboratory models are 
some of the key limitations found in the literature review that should be ad-
dressed in future research. Moreover, the modern power grid is increasingly 
reliant on information technologies, and their complex cyber-physical sys-
tem architecture is vulnerable to cyberattacks. System identifcation-based 
critical control functions are a main target of attackers; therefore, signifcant 
research efort is required to develop reliable system identifcation schemes 
that are resilient to cyberattacks. At the same time, cybersecurity measures 
should not block system identifcation probing signals by mistaking them as 
an active cyberattack. 

Another imperative concern for system identifcation methods is their 
dependence on the communication network to transfer the probing responses 
to computational units. These data transmissions are always associated with 
time delays, which are sometimes time-varying in nature; therefore, time-
delay-constrained solutions are needed in the future for accurate functioning 
of system identifcation when applied to a gigantic and complicated power 
system infrastructure. 

System identifcation can also fnd application in power system economics, 
especially in peer-to-peer energy trading for networked microgrids. Privacy-
preserving policies could open a whole new era in competitive power system 
markets. Every agent might identify the tactics of other agents by actively 
probing the boundary buses and then placing their own bids intelligently. 
Also, system identifcation can become an important tool for independent 
system operators (ISOs) in the transmission system market clearing process. 
Currently, the sub-transmission or distribution systems are modeled as con-
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stant loads for solving the optimal power fow (OPF) in the transmission 
network. With faster system identifcation techniques, independent system 
operators can capture the detailed impact of renewable-integrated distribu-
tion networks and thereby develop better market clearing strategies. 

In conclusion, the wide range of applications of active probing-based sys-
tem identifcation techniques presented in this review paper are expected to 
help future researchers develop novel, data-driven solutions for monitoring, 
operating, and controlling smarter, self-resilient, self-sustainable power grids. 
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