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Abstract—This paper introduces the novel formulation of
the quadrature-based balanced truncation (QBBT) method
to identify large-scale power system linear models precisely.
The QBBT interpolates a directional frequency dataset that is
extracted from a dynamic system, by following a quadrature
rule to be applied from weighted data for deriving a linear
system model based on approximations of Gramians and
providing an alternative approach to the balanced truncation
(BT) formulation that makes use of the system model. In this
investigation, an accurate theoretical framework is presented to
achieve the application of QBBT considering power systems as
black-box models. The Boyd/Clenshaw-Curtis (BCC) quadrature
rule is implemented by using different adjustments to identify
linear models of different order. The attained results and their
validation with analytical power system models confirm the
method’s potential to retail oscillatory dynamics. The QBBT’s
effectiveness is compared with the Loewner-based frequency
interpolation (LBFI) approach and the BT method on the
Klein-Rogers-Kundur (KRK) benchmark power system and the
equivalent of the New England transmission system - New York
power system (NETS-NYPS), achieving a small absolute error
in the magnitude of the frequency response of the models of the
order of 1 × 10−3 dB in comparison with other state-of-the-art
methods.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/9597

Index Terms—Balanced truncation, quadrature rules, system
identification, directional frequency dataset, power system linear
model.

I. INTRODUCTION

MODERN power systems are large and complex dy-
namic systems formed by physical components that

are challenging to characterize [1]. Linear models of power
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systems constitute valuable representations that provide key
information about the oscillatory dynamics that can cause
instabilities [1], [2]; they are also fundamental for the analysis
of small-signal stability [3]. Given that the power systems’
growth increases their complexity, appropriate tools are es-
sential to perform the small-signal analysis (SSA).

Large-scale power systems are highly nonlinear dynamic
systems due to the large number of non-linear components
that make them up, such as generators, controllers, nonlinear
loads, transmission lines, etc. Traditionally, power system
linear models are analytically derived by linearizing the set
of differential-algebraic equations (DAE) that describe their
dynamic behavior [4], [5]. To achieve this linearization, the
Taylor series expansion is employed by neglecting the higher-
order terms [5], or perturbing the nonlinear model to solve
the aforementioned expansion numerically [6]. When power
system linear models are derived using these approaches, the
system swing modes are studied considering that the precise
knowledge of the power system components’ parameters [7]
is available, which is not always available. Thus, these ap-
proaches provide linear models with a large number of state
variables, constituting problems regarding their application.

To provide a solution to the large number of states resulting
in the linear models obtained through linearization (analytical
or numerical), the balanced realization proposed by Bruce
Moore in [8] was successfully introduced into power systems.
This concept allowed the balanced truncation (BT) of the non-
controllable and non-observable states of the systems, making
use of the controllability and observability Gramians that
respectively correspond to matrices for defining the optimal
inputs to control the states and the optimal outputs to observe
them. BT is a reduction order-model (ROM) technique that
requires access to the linear model matrices. Its application
in power systems has allowed researchers to obtain a low-
dimensional linear model with a high reduction rate [9].

The system identification techniques applied in power sys-
tems to obtain linear models explicitly as state-space models
(SSM) or transfer functions, can be grouped into two funda-
mental approaches according to the nature (known or non-
intentional) of the input signals in the identification process
[10]. These approaches correspond to probing signals methods
[11], [12], which deal with applying known signals to the
system inputs and measuring their outputs; and the transient
data analysis-based methods that are applied to power systems
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after a disturbance exciting their oscillatory dynamics, and
these are only based on measuring of the power system outputs
[13].

Probing signals methods: As part of this approach, the
Vector Fitting (VF) method is one of them, whose main
disadvantages are that it is iterative, and that a poor selection of
the initial location of the system poles can require numerous
iterations to guarantee an accurate modal extraction of the
power system. Also, the Chirp-based ERA algorithm was
correctly applied in [14], modulating with Chirp signals the
reactive and active reference power of battery chargers to
identify accurate power system linear models, however the
accuracy of the identified model is not explored. Another
method is the Loewner-based frequency interpolation (LBFI)
which obtain an SSM from a directional frequency dataset or
also known as tangential interpolation data [15]. The LBFI
method was introduced in power systems in [16] to obtain
its linear model represented as an SSM in descriptor form.
The authors in [17] and [18] applied the LBFI to identify
linear models from large power systems in selected frequency
ranges. Nevertheless, its application does not incorporate an
error control criterion.

Transient data analysis: The authors in [19] obtain linear
models using the Matrix Pencil (MP) technique [20], and the
Eigensystem Realization Algorithm (ERA) [21], demonstrat-
ing that the MP has greater accuracy. Both MP and ERA
constitute subspace methods, that make use of the singular
value decomposition (SVD) [22], for determining appropriate
system orders and capturing the most significant energy con-
tained in the singular values. Also, these methods were applied
to the ringdown analysis of selected system outputs, from
events that excite their low-frequency dynamics and provoke
undesired operating conditions [19], [23]. Furthermore, the
numerical algorithm for system identification (N4SID) was
used to identify an accurate linear model of the Western
Electricity Coordinating Council (WECC) from time-domain
signals [24].

Obtaining accurate models is a premise in the identification
process, and this characteristic is achieved to a greater extent
in techniques based on the probing signals methods where the
frequency interpolation process improves the system identi-
fication [16]–[18]. Methods such as N4SID, MP, ERA, VF,
and LBFI use the SVD, making it possible to obtain linear
representations in which there is control over the number of
state variables that describe the system. Thus, one of the key
needs lies in deriving accurate linear models that benefit the
tuning of local or global system controllers.

Recently, the Quadrature-Based Balanced Truncation
(QBBT) method was proposed in [25], where the authors
developed and demonstrated a new formulation based on the
classical BT model reduction technique, but they approx-
imate the controllability and observability Gramians using
quadrature rules instead of the analytical linear models. From
these approximations and interpolating weighted directional
frequency data, an accurate linear model can be obtained
in comparison with the ROM technique based on BT, but
without requiring explicit access to the model. Numerical
results were reported in [25], working from frequency dataset

and extracting the model from transfer functions of dynamical
systems using the Boyd/Clenshaw-Curtis (BCC) quadrature
rule.

According to the notable differences among the above-
mentioned methods, Table I showcases a comparison among
the main features, where each feature is marked by X. The
characteristics were selected based on the type of data used
for identification, the number of signals or channels, the
mathematical foundations of the methods, and the provided
representation.

The large-scale power systems and their complexity in mod-
eling their oscillatory dynamics have turned the investigations
to explore and develop techniques in a data-driven manner
[13], [29]. For this perspective, power system linear models
have been derived through different identification techniques
that consider the power system as a black-box model, which
is useful for the identification of electromechanical modes
[13], tuning wide-area damping controllers [30], and coherent
analysis [31]. One of the main challenges that face the system
identification methods in power systems whether they are
based on frequency data or time data, is the accuracy of the
identified models [16]–[19], [32]. Where the reduced order
in the identification process is a desired characteristic, as
well as in analytical or numerical linearizations [33], [34].
Thus, the contribution in the state-of-the-art is to introduce
the use of weighted data, regarding the identification of power
system linear models. Thereby, the order and accuracy of
linear models identified from weighted data are investigated
in this research.

A. Contributions

The major contribution of this paper lies in proposing
a methodology to identify the power system linear model
through the non-intrusive QBBT method retaining the oscil-
latory dynamics of the full model. Thus, our contribution
simultaneously solves two problems associated with system
identification in power systems, which are accuracy and the
rate of the reduction rate of models. The key contributions of
this paper are summarized as follows:
• The QBBT is formulated and adopted to provide power

system linear models, changing the traditional paradigm
from BT to a data-driven technique.

• It proposes adjustments to the quadrature rule
Boyd/Clenshaw-Curtis (BCC), which are associated
with the number of points and the truncation constants in
the approximations. Such adjustments guarantee accurate

TABLE I
COMPARISON OF FEATURES OF THE SYSTEM

IDENTIFICATION METHODS APPLIED TO POWER SYSTEMS

Methods Data Weighted Iterative System Multi
Time Freq. data realization channel

N4SID [24] X X X
MP [19], [20] X X X

ERA [19], [23], [21] X X X
ERA Chirp [14] X X X

VF [26], [27], [28] X X X X
LBFI [16], [17], [18] X X X

Proposed QBBT X X X X
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monitoring of the frequency in a range of interest within
the interpolation process.

• The proposed QBBT reduces the error associated with
the identification of linear models concerning the LBFI
technique applied in power systems in [17] (LBFI also
uses frequency data), achieving a small absolute error in
the magnitude of the frequency response of the models
of the order of 1.00× 10−3 dB.

• The new QBBT formulation makes use of the SVD,
thereby the obtained models, besides accuracy, have a
reduced number of state variables which manage to
describe the power system linear behavior.

II. MATHEMATICAL FUNDAMENTALS

Let’s consider a power system model as an LTI dynamical
system in descriptor form, represented by

Eẋ (t) = Ax(t) + Bu (t) , x (0) = x0,
y (t) = Cx (t) + Du (t)

(1)

where E ∈ Rn,n, A ∈ Rn,n, B ∈ Rn,m, C ∈ Rp,n, and
D ∈ Rp,m are the model’s forming matrices, x (t) ∈ Rn

is the vector of states with full order n, and u (t) ∈ Rm

represents the control inputs and y (t) ∈ Rp defines the system
outputs from a MIMO system with p outputs and m inputs,
respectively. The initial condition of the states is known and
represented by x0 ∈ Rn. Under this form, the transfer function
of (1) can be expressed as:

H(s) = C(sE−A)−1B+D (2)

A. Balanced Truncation

From the classical formulation of BT, the controllability and
observability Gramians are calculated from (1), by using the
Lyapunov equations [8], such that:

APET +EPAT +BBT =0

ATQE+ETQA+CTC =0
(3)

where P and Q are respectively the controllability and ob-
servability Gramians, and they are defined in the frequency
domain as [8]:

P =
1

2π

∫ ∞
−∞

(iςE−A)
−1

BB−1(−iςET −AT )−1dς

(4)

Q =
1

2π

∫ ∞
−∞

(
−iωET −AT

)−1
C−1C(iωE−A)−1dω

(5)
To calculate P and Q via BT, the Lyapunov equations in

(3) are solved requiring access to the linear model, which
makes BT a ROM method but not a data-driven identification
technique. Then, a balanced realization of the reduced order
system can be derived in the form [8]:

Erẋr (t) = Arxr(t) + Bru (t) , xr (0) = x0,

yr (t) = Crxr (t) + Dru (t)
(6)

where xr (t) ∈ Rr is the reduced vector of state with order r.

B. Quadrature-based Balanced Truncation

Contrary to the BT statements, the QBBT proposes express-
ing the Gramians (4) and (5) through approximations formed
by a sum of terms. Thus, a quadrature rule is advocated for
the selection of these terms associated with weight vectors,
thereby the approximated Gramians become [25]:

P̃ =
∑Np

j=1 ρ
2
j (iςjE−A)

−1
BBT (−iςjE

T −AT )−1+

+ρ2∞E−1BBT E−T
(7)

Q̃ =
∑Nq

k=1 ϕ
2
k

(
−iωkE

T −AT
)−1

CTC(iωkE−A)−1+

+ϕ2
∞E−T CT CE−1

(8)
where ρj and ϕk are the weights associated with the frequency
points iςj and iωk, respectively; and Np and Nq are the
number of frequency points used. Under these approximations,
the weights ρ∞ and ϕ∞ are associated with points at infinity
according to the selected quadrature rule. In this way, a
numerical solution to (4) and (5), in an implicit manner, can
be derived by employing a quadrature rule for the selection
of frequency points and the calculation of their associated
weights. Thus, a QBBT-based balanced realization of the
system, based on the Gramians’ approximations, is achieved
in the form [25]:

Ẽr
˙̃xr (t) = Ãrx̃r(t) + B̃ru (t) , x̃r (0) = x0,

ỹr (t) = C̃rx̃r (t) + D̃ru (t)
(9)

where r corresponds to the new order of this representation,
and matrices Ẽr ∈ Rr,r, Ãr ∈ Rr,r, B̃r ∈ Rr,m, C̃r ∈ Rp,r,
and D̃r ∈ Rp,m can be obtained via the QBBT method using
the set of real value matrices L̃R, M̃R, H̃R and G̃R [25]. These
matrices are obtained from the interpolation of the iςj and
iωk frequency points, the ρj and ϕk weights, and the H(iςj)
and H(iωk) frequency maps, extracted from a dynamic system
dataset. It is important to note that although matrices E, A, B,
C and D appear in (7) and (8), the application of the QBBT
method does not require knowledge of them, as can be seen
in the stages for its application.

C. Adjustments of Quadrature Rules

Quadrature rules provide numerical solutions to different
mathematical operations such as integration. For instance, the
authors in [35] use different mapping functions to obtain
numerical approximations of indefinite integrals in different
coordinate systems; meanwhile, the quadrature rule proposed
in [36] approximate solutions to semi-definite integrals using
Chebyshev polynomials.

In this work, the terms of the Gramians’ approximations
shown in (7) and (8) are selected from the BCC quadrature rule
[37]. In [25], the authors worked from this rule for the QBBT’s
application based on dynamics characterized by their transfer
functions. In this paper, an adjustment of the quadrature rule
is needed for its application to power systems.

D. Boyd/Clenshaw-Curtis quadrature rule

The Boyd/Clenshaw-Curtis quadrature rule in [37] solves
indefinite integrals by approximations. For instance, let F(ϑ)
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be an integrable function in [−∞,∞], which can be mapped
into a new space such that ϑ = L cot (τ), ∀τ ∈ [0, π], then
the integral of F(ϑ) becomes [37]:∫ ∞

−∞
F (ϑ) dϑ =

∫ π

0

F (L cot (τ))L

sin2 (τ)
dτ (10)

where L is a truncation constant in the domain of the mapping
function that must be adjusted, bounding the integration into
a certain interval within the domain of the original function.
In this way, the integration in the domain of the mapping
function [0, π] can be solved by selecting a certain number of
quadrature points within the interval. If the points are selected
equidistantly, the distance (h) among them can be calculated
as:

h =
π

N + 1
, N ∈ N (11)

where N is the number of quadrature points. The value of the
ℓ-th quadrature point (τℓ) in the interval [0, π] is expressed as:

τℓ = ℓh, ℓ = 1, 2, 3, ..., N (12)

Finally, the integral in (10) can be approximated as a sum of
N terms, resulting in:∫ ∞

−∞
F (ϑ) dϑ ≈

N∑
ℓ=1

hL
F (L cot (τℓ))

sin2 (τℓ)
+

h

L
M (13)

The number of terms and the truncation constant are adjust-
ment parameters of the BCC rule. Under this quadrature rule,
there exists a point at infinity ( hLM), where M is a Markov
parameter that corresponds to the vertical asymptote of the
mapping function at τ = 0 and τ = π. When this quadrature
rule uses the weights associated with each one of the points,
the approximation is expressed as [25], [37]:∫ ∞

−∞
F (ϑ) dϑ ≈

N∑
ℓ=1

γ2
ℓ F (τℓ) (14)

where the frequency points ϑℓ and the weights γℓ can be
obtained by

ϑℓ = L cot (τℓ) (15)

γℓ =

√
Lπ

(N + 1) sin2 τℓ
(16)

By applying this quadrature rule to the approximation of the
Gramians P and Q in (7) and (8), respectively, the quadrature
points τj , frequency points ς̂j , and weights ρ̂j associated with
the approximation P̃ based on the selection of Np points in
quadrature and the adjustment of the truncation constant Lp.
Similarly, τk, ω̂k, and ϕ̂k are associated with the approxima-
tion Q̃ from the selection of Nq points in quadrature and the
adjustment of Lq . For the application of QBBT, Np = Nq and
Lp < Lq will be adjusted to achieve rational interpolation.

The quadrature points τj and τk are calculated using (12).
It has the same value in positions j = k as a result of the
adjustment Np = Nq . From these quadrature points and using
the truncation constants Lp and Lq , their weights ρ̂j and ϕ̂k

are calculated using (16). The frequency points iς̂j and iω̂k,
derived from the quadrature points, are obtained by (15). The
distribution of these frequency points is shown in Fig. 1.

a)

b)

Fig. 1. Unsorted frequency points: a) frequency points for P̃ approx-
imation; and b) frequency points for Q̃ approximation.

As seen in Fig. 1, the distribution of these points is associ-
ated with the decreasing monotony of the mapping function.
By selecting the same number of points for both approaches
and Lp < Lq , the highest frequency value for which the model
to be identified will be valid is found in the first position of
the frequency vector iω̂k. This value can be calculated by
substituting (11) and (12) into (15), for k = 1 as:

ω̂max = Lq cot(
π

Nq + 1
) (17)

The maximum frequency calculated by (17) corresponds to
the highest frequency at which the model will be valid and can
be expressed in [Hz] as fmax = ω̂max

2π . This frequency range
is directly related to the selection of truncation constants and
the number of quadrature points for each approximation. The
selection of different values of Lp and Lq ensures that ς̂j and
ω̂k are disjoint.

E. Sorting of Frequency Points and Weights

The QBBT method employs rational interpolation, which
requires a data sorting stage. The process of sorting the
frequency points and their respective weights is carried out as

j ≤Np

2

{
ςNp−2j+1 = ς̂j
ρNp−2j+1 = ρ̂j

j >
Np

2

{
ς2j−Np

= ς̂j
ρ2j−Np

= ρ̂j
(18)

k ≤Nq

2

{
ωNq−2k+1 = ω̂k

ϕNq−2k+1 = ϕ̂k
k >

Nq

2

{
ω2k−Nq = ω̂k

ϕ2k−Nq = ϕ̂k
(19)

where j = 1, 2, 3, ..., Np and k = 1, 2, 3, ..., Nq .
Starting from (18) and (19) in the odd positions of the

vectors ςj and ωk, the positive frequencies are positioned in
ascending order until they cover the entire frequency range
under study; and consecutively in the even positions their re-
spective negative values. Likewise, the weights are associated
with their respective frequencies, they are ordered in the same
way, such that these relationships are retained.

F. Frequency Maps Extraction

For the application of QBBT, the frequency maps H(iςj)
and H(iωk) are extracted from the system under study at the
frequency points. The frequency points iςj and their weights
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Fig. 2. Frequency maps H (iςj) in tensor form.

ρj are associated with the approximation P̃, and the frequency
points iωk and their weights ϕk are associated with the
approximation Q̃.

Frequency maps are arrays of matrices or tensors, which
contain the behavior of all the outputs of the system con-
cerning all its inputs for a certain range of frequencies. Fig.
2 shows this structure for a system of q = 1, 2, 3 outputs,
v = 1, 2, 3 inputs, and j = 1, 2, 3 frequency points in the
vector iςj .

As can be seen in Fig. 2, the rows of each matrix correspond
to the outputs of the system and the columns to the inputs,
forming a matrix for each frequency point. In each element
of the matrices, the output/input relationships are stored for
a frequency range and represented by H(iςj)q,v , which corre-
spond to the transfer function of a system in (1), which can
also be expressed as:

H(iςj)q,v =
Y(iςj)q,v
U(iςj)v

(20)

where H ∈ Cp,v,j , Y ∈ Cp,v,j and U ∈ Cv,j respectively
represent the frequency output and input datasets, such that
q = 1, 2, 3, ..., p, v = 1, 2, 3, ...,m and j = 1, 2, 3, ..., Np;
p is the number of outputs, m is the number of inputs,
and Np is the number of frequency points selected in the P̃
approximation. In the Q̃ approximation, this representation is
valid for the frequency map in H(iωk)q,v , where the difference
lies in the use of the Nq frequency points into iωk.

G. Interpolation Matrices Calculation
Since the frequency points and their associated weights are

available along with the frequency maps, then the following
definitions can be applied to carry out rational interpolation
[25]:

L̃k,j =


ϕ1ρ1

H(iω1)−H(iς1)
iω1−iς1 · · · ϕ1ρj

H(iω1)−H(iςj)
iω1−iςj

...
. . .

...
ϕkρ1

H(iωk)−H(iς1)
iωk−iς1 · · · ϕkρj

H(iωk)−H(iςj)
iωk−iςj

 (21)

M̃k,j =


ϕ1ρ1

iω1H(iω1)−iς1H(iς1)
iω1−iς1

· · · ϕ1ρj
iω1H(iω1)−iςjH(iςj)

iω1−iςj

...
. . .

...

ϕkρ1
iωkH(iωk)−iς1H(iς1)

iωk−iς1
· · · ϕkρj

iωkH(iωk)−iςjH(iςj)
iωk−iςj

 (22)

H̃k =
[
ϕ1H (iω1)]

T ϕ2H (iω2)
T

. . . ϕkH (iωk)
T
]T

(23)

G̃j =
[
ρ1H (iς1) ρ2H (iς2) . . . ρjH (iςj)

]
(24)

where L̃ ∈ CpNp×Npm, M̃ ∈ CpNp×Npm, H̃ ∈ CpNp×m and
G̃ ∈ Cp×Npm are matrices for a MIMO system with p outputs
and m inputs.

H. Linear Model Identification

It is desired to identify a real model, so the previously
calculated matrices must be transformed into real equivalents.
For this purpose, a change of base is made, and the new real
matrices are calculated by

L̃R = G∗l L̃Gr, M̃R = G∗l M̃Gr

H̃R = G∗l H̃, G̃R = G̃Gr

(25)

where Gl and Gr are obtained by diagonalizing Np

2 times to
Il and Nq

2 times to Ir, respectively. Il and Ir are calculated
as:

Il =
1√
2

[
Ip −iIp
Ip +iIp

]
, Ir =

1√
2

[
Im −iIm
Im +iIm

]
(26)

where Ip ∈ Rp×p and Im ∈ Rm×m are identity matrices,
whose dimensions are associated with the number of outputs
and inputs.

Once all matrices have been converted to their real equiva-
lents, the SVD L̃R = Z̃S̃Ỹ is performed. More precisely the
SVD is expressed as [22], [38]:

L̃R =
[
Z̃1 Z̃2

] [S̃1

S̃2

] [
Ỹ∗1
Ỹ∗2

]
(27)

The singular values are arranged in descending order on the
main diagonal of the matrix S̃ decomposed into the matrices
S̃1 and S̃2 as follows:

[
S̃1

S̃2

]
=



σ1 0 0 0 0 0 0
0 σ2 0 0 0 0 0

0 0
. . . 0 0 0 0

0 0 0 σr 0 0 0
0 0 0 0 σr+1 0 0

0 0 0 0 0
. . . 0

0 0 0 0 0 0 σn


(28)

where S̃1 ∈ Rr×r is obtained by selecting the order r of the
system to be identified. In the same way, Z̃1 is obtained by
truncating their first r columns of Z̃ and Ỹ1 by truncating their
first r rows of Ỹ. Matrices Z̃1, S̃1 and Ỹ1 are only used for the
identification, thus the uncontrollable and unobservable states
of the system are neglected. The new model Sr of the system
via the QBBT method can be calculated using the definition
[25]:

S̃r


Ẽr = −S̃

−1/2
1 Z̃

∗
1L̃RỸ1S̃

−1/2
1

Ãr = −S̃
−1/2
1 Z̃

∗
1M̃RỸ1S̃

−1/2
1

B̃r = S̃
−1/2
1 Z̃

∗
1H̃R

C̃r = G̃T
RỸ1S̃

−1/2
1

D̃r = 0

(29)
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Algorithm 1 Boyd/Clenshaw-Curtis quadrature rule.
1: Input: Np, Nq , Lp and Lq

2: Ensure: Np = Nq , Lp < Lq

3: Output: [ς̂j , ω̂k, ρ̂j , ϕ̂k]
4: h← Np;
5: τj ← h, j = 1, 2, ..., Np and τk ← h, k = 1, 2, ..., Nq ;
6: ς̂j ← [Lp, τj ] and ω̂k ← [Lq, τk];
7: ρ̂j ← [Lp, Np, τj ] and ϕ̂k ← [Lq, Nq, τk];
8: return [ς̂j , ω̂k, ρ̂j , ϕ̂k]

In this context, a new approach was given to the BT
technique under its classical formulation, combining the use of
the BCC quadrature rule for the selection of frequency points
and the calculation of their associated weights, and obtaining
a linear model through rational interpolation.

III. QUADRATURE-BASED BALANCED TRUNCATION ON
POWER SYSTEM

To incorporate QBBT into power systems, a frequency range
in which the identified model is valid must be defined. The
range will be selected ensuring the inclusion of inter-area
oscillation modes [0.1 : 0.8] Hz and local oscillation modes
[0.8 : 2] Hz, defined in [39]. This can be possible through an
adequate quadrature rule adjustment.

Based on the BCC quadrature rule, frequency points, and
associated weights will be obtained. The frequency maps of
the power system will be extracted through transient simu-
lations and the fast Fourier transform (FFT). Finally, QBBT
definitions will be applied.

A. Boyd/Clenshaw-Curtis Quadrature Rule Adjustment

To select the required frequency points and calculate their
associated weights via the BCC quadrature rule, it is necessary
to adjust the parameters Np, Nq , Lp, and Lq . Then, the
frequency points ς̂j and ω̂k and the weights ρ̂j and ϕ̂k, are
calculated using Algorithm 1.

The calculation of the frequency points and their associated
weights comprise the first stage of the identification process
exhibited in Fig. 3. In this stage, the frequency range is
defined from the maximum frequency point contained in ω̂k

and calculated using (17).

B. Frequency Points and Weights Sorting

To guarantee the rational interpolation of the frequency data
associated with the Gramians’ approximations, these must be
sorted in the way shown in (18) and (19). The sorting process
is carried out through Algorithm 2.

When sorting the frequency points, their associated weights
are sorted in the same way to retain the original relationship.

C. Frequency maps Extraction

To extract the frequency maps from power systems, the
Power System Toolbox (PST) is used [40]. Considering the
system as a black-box model, as shown in Fig. 3, in which
there is only access to a group of inputs and outputs. The
reference voltages of the excitation systems V ref of all the
generators are considered as inputs, and the set of the angular

velocity of the rotors ωg of all generators and the voltage
magnitude |V | of all buses of the system are considered as
outputs. Power systems with ng generators and nb buses are
represented as a MIMO system with q = 1, 2, 3, ...,m inputs,
v = 1, 2, 3, ..., p outputs, where m = ng and p = ng + nb.

Once the frequency points ςj and ωk are calculated and
sorted using Algorithm 1 and Algorithm 2, transient sim-
ulations are performed using the PST function s_simu.m.
Through the PST function mexc_sig.m, each input is individu-
ally modulated using the signal models uv = α sin (ςjt+ φ0)
and uv = α sin (ωkt+ φ0) for each frequency point ςj and
ωk, respectively; where α is the magnitude of these signals
and φ0 is the phase. In this modulation process, α = 0.001

Algorithm 1

Algorithm 2

Algorithm 3

Transient simulation (offline)PST -

Fig. 3. Flowchart for the QBBT application in power systems.
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Algorithm 2 Sorting of frequency points and weights.
1: Input: ς̂j , ω̂k , ρ̂j and ϕ̂k

2: Output: [ςj , ωk, ρj , ϕk]
3: for j = 1 to Np do
4: if j ≤ Np

2 then
5: ςNp−2j+1 ← ς̂j and ρNp−2j+1 ← ρ̂j ;
6: else
7: ς2j−Np ← ς̂j and ρ2j−Np ← ρ̂j ;
8: end if
9: end for

10: for k = 1 to Nq do
11: if k ≤ Np

2 then
12: ωNq−2k+1 ← ω̂k and ϕNq−2k+1 ← ϕ̂k;
13: else
14: ω2k−Nq ← ω̂k and ϕ2k−Nq ← ϕ̂k;
15: end if
16: end for
17: return [ςj , ωk, ρj , ϕk]

Algorithm 3 Frequency maps extraction.
1: Input: yq,v , α, φ0, ςj , Np, p and m
2: Output: [iςj , H(iςj)]
3: for j = 1 to Np do
4: if j is odd then
5: for v = 1 to m do
6: for q = 1 to p do
7: (βq,v, θq,v);←fft(yq,v)
8: end for
9: end for

10: Re {[H(iςj)]q,p} ← Re
{

βq,p
α ei(θq,p−φ0)

}
;

11: Im {[H(iςj)]q,p} ← Im
{

βq,p
α ei(θq,p−φ0)

}
;

12: else
13: Re {[H(iςj)]q,p} ← Re {[H(iςj−1)]q,p};
14: −Im {[H(iςj)]q,p} ← Im {[H(iςj−1)]q,p};
15: end if
16: end for
17: return [iςj , H(iςj)]

is used to prevent the stimulations of nonlinearities, and φ0 is
assumed zero.

By modulating the system inputs, a sinusoidal behav-
ior is expected at the outputs of the form yq,v =

ŷq,v + β̂q,v sin
(
ςjt+ θ̂q,v

)
+ η̂q,v and yq,v = ŷq,v +

β̂q,v sin
(
ωkt+ θ̂q,v

)
+ η̂q,v , for the frequency points ςj and

ωk, respectively; where ŷq,v and η̂q,v are offset values, which
are removed using the Matlab function movmean.m; β̂q,v and
θ̂q,v are the magnitude and angle of the output signals that are
extracted using the FFT.

Then, the frequency maps H(iςj) and H(iωk), in the form
presented in (20) and according to the structure shown in
Fig. 2, can be constructed from the magnitudes and angles of
the power system outputs/inputs relationship. Algorithm 3 is
used to extract the frequency map H(iςj) from the frequency
points ςj in the input signals, and it is also used to obtain
the frequency map H(iωk) from the frequency points iωk as
shown in the red section of Fig. 3.

D. Quadrature-Based Balanced Truncation Application

To identify a linear model of the system using the QBBT
method, it is necessary to calculate the interpolation matri-
ces L̃, M̃, H̃ and G̃ from the datasets [iςj ,H(iςj), ρj ] and
[iωk,H(iωk), ϕk] by using Algorithm 4.

These matrices are converted to real matrices to find a real
power system linear model. Subsequently, the SVD of L̃R is

Algorithm 4 Quadrature-Based Balanced Truncation.
1: Input: iςj , iωk, ρj , ϕk, H(iςj) and H(iωk)
2: Output: [Ẽr, Ãr, B̃r, C̃r, D̃r]
3: [L̃, M̃, H̃, G̃]← [iςj , iωk, ρj , ϕk, H(iςj), H(iωk)]
4: [L̃R, M̃R, H̃R, G̃R, ]← [L̃, M̃, H̃, G̃]
5: Z̃S̃Ỹ∗ ← L̃R

6: r ← S̃
7: Z̃1 ← [Z̃, r]; S̃1 ← [S̃, r]; Ỹ1 ← [Ỹ, r];
8: Ẽr ← [S̃1, Z̃1, L̃RỸ1, S̃1]
9: Ãr ← [S̃1, Z̃1, M̃RỸ1, S̃1]

10: B̃r ← [S̃1, Z̃1, H̃R]
11: C̃r ← [G̃R, Ỹ1, S̃1]
12: D̃r ← 0
13: return [Ẽr, Ãr, B̃r, C̃r, D̃r]

TABLE II
BCC ADJUSTMENT CASES

Case Points Trunc. const. Frequency range
Np = Nq Lp Lq [Hz]

a) 10 18.00 18.44 [0.4119 - 9.9951]
b) 20 8.00 8.47 [0.1073 - 9.9996]
c) 30 6.00 6.38 [0.0484 - 9.9853]
d) 40 4.00 4.82 [0.0244 - 9.9919]
e) 50 3.00 3.87 [0.0147 - 9.9862]
f ) 60 3.00 3.23 [0.0123 - 9.9728]
g) 70 2.00 2.78 [0.0070 - 9.9929]
h) 80 2.00 2.43 [0.0062 - 9.9665]

performed and the new order of the system r is calculated by
applying the energy criterion used in [13] as

Ez =

∑n
z=1 σz∑
diag(S̃)

, z = 1, 2, 3, ..., n (30)

where Ez is the energy of the first z singular values σz .
When Ez reaches an adjustable threshold Eth, then the new
order is determined by r = z. The adjustable thresholds of
Eth = 98% and Eth = 99% are analyzed in the system
identification process. Subsequently, the linear model S̃r is
calculated using (29).

IV. APPLICATIONS TO POWER SYSTEMS

The QBBT method is applied to the Klein-Rogers-Kundur
(KRK) power system, the NETS-NYPS, and the North-Eastern
Power Coordination Council (NPCC). The frequency range for
the identification of these three systems is set to a maximum
value of 10.0 Hz that contains the inter-area and local modes.
The number of quadrature points for Gramian approximations
will be increased from 10 to 80 for each initial analysis
considering Np = Nq . Then, Lq will be calculated to ensure
the maximum frequency value of 10.0 Hz, using (17) for
each Nq adjustment. The value Lp will be adjusted to the
real value that precedes the adjustment of Lq to guarantee
rational interpolation ensuring that Lp < Lq . The settings
corresponding to each previous case mentioned and calculated
according to Algorithm 1 are shown in Table II, before the
sorting of frequency points and weights using Algorithm 2.

In this way, the models are identified and analyzed for each
BCC quadrature rule adjustment attending first to the absolute
error of frequency response and then to their order. The most
balanced linear representation identified via QBBT in terms
of the equilibrium between error and order, then they are
compared with linear models obtained via LBFI in the KRK
power system, the NETS-NYPS, and the NPCC.
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Fig. 4. Klein-Rogers-Kundur power system.

A. Klein-Rogers-Kundur Power System

As the first case study, the well-known KRK power system
shown in Fig. 4, is selected. This test system has been used
primarily for tuning power swing controllers. It is a small
system that has two well-defined symmetrical areas and is
made up of 13 buses, 4 generators, and 2 loads.

To identify the system, the frequency points iςj and iωk and
the associated weights ρj and ϕk are calculated through the
BCC quadrature rule settings presented in Table II, as well as
the weights associated with these points ρj and ϕk. For each
setting, datasets from the test systems are extracted from 200
s transient simulations using the Matlab environment-based
PST. For this purpose, the function s_simu.m is used, which
allows measuring the variables ωg and |V | selected as outputs
of the power system during the simulation. The transient
simulations are carried out using the 4th-order transient model
for generators equipped with static exciters modeled using a
1st-order model, representing a 5th-order model per generator
and a 20th-order system for all generators in the KRK power
system.

The excitation systems of all generators are modulated with
the signal model mentioned in Section III-C. Two groups
of simulations are thus carried out, one for the frequency
points iςj and another for iωk, to obtain the frequency maps
H(iςj) and H(iωk) according to Algorithm 3. Once all the
required data is available, the definitions shown in Section
III-D are applied for Eth = 98% and Eth = 99% of the
energy threshold in the SVD according to (30) and using
Algorithm 4.

To validate the model identified by the QBBT method, we
obtained an analytical model of the KRK power system using
the PST function svm_mgen.m, and the order of these linear
representations is n = 20. Table III shows the largest absolute
error of the frequency response for each setting of the BCC
quadrature rule according to Table II, and for energy criteria
Eth = 98% and Eth = 99%.

As shown in Table III, the energy of the singular values in

TABLE III
KRK POWER SYSTEM LINEAR MODELS: ERROR AND

ORDER

Case a) b) c) d) e) f) g) h)
Abs. Error ×10−2 (dB) 6.68 2.07 2.07 2.05 2.05 2.06 2.06 2.06Eth=98%

order (r) 9 7
Abs. Error ×10−3 (dB) 32.20 9.60 9.60 7.60 7.60 7.60 7.60 7.60Eth=99%

order (r) 10 8 8 9

case a) for Eth = 98% and Eth = 99%, only 10 quadrature
points are used for each approximation and the largest error
is obtained and the highest order in the models identified. The
smaller errors are found in the models obtained for the energy
criterion adjusted to 99% except for case a), and this error
decreases to a constant value of 7.60× 10−3 dB in case d) to
h), also maintaining an order r = 9. Based on these results,
the model obtained in case d) will be used for subsequent
analysis for the energy adjustment of 99%, since only 40
quadrature points will be required for each approximation. The
dimensions of the interpolation matrices calculated in this case
and the matrices that make up the model are shown in Table
IV.

As depicted in Table IV, the dimensions of the interpolating
matrices calculated for the KRK power system are associated
with 4 modulated inputs and 17 outputs measured during the
identification process using the QBBT approach, as well as 40
quadrature points used in the approximation of each Gramian.
Furthermore, the power system under study has a few well-
known oscillatory modes, meaning that the identified linear
model matrices are not of large dimensions. Fig. 5 shows
the analysis of the frequency response of both models for a
frequency range from 0 to 3.0 Hz.

As can be seen in Figure 5 a)-d), the model identified
through QBBT manages to accurately preserve the frequency
behavior of the system’s analytical model and can capture the
respective frequency at an inter-area mode of 0.613 Hz. In
Figs. 5 a) and b), a frequency associated with a local oscillation
mode of 1.164 Hz is captured, meanwhile in Figs. 5 c) and d)
another local oscillation mode of 1.188 Hz appears.

For comparison purposes, the identification of the linear
model of the KRK power system is carried out using the LBFI

TABLE IV
KRK POWER SYSTEM DIMENSION OF MATRICES FOR

CASE d) AND Eth = 99%

Interpolating matrices Model matrices
L̃ ∈ C680×160 M̃ ∈ C680×160 Ẽr ∈ R9×9 Ãr ∈ R9×9 B̃r ∈ R9×4

H̃ ∈ C680×4 G̃ ∈ C17×160 C̃r ∈ R17×9 D̃r ∈ R17×4

d)

b)a)

c)

 0.613 Hz

 0.613 Hz

 0.613 Hz

 0.613 Hz

 1.164 Hz
 1.164 Hz

 1.188 Hz  1.188 Hz

Fig. 5. Comparisons of frequency responses between SSA and QBBT
for 4-outputs and 4-inputs in the KRK power system: a) output
1/input 1; b) output 2/input 2; c) output 3/input 3; d) output 4/input
4.
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TABLE V
INTER-AREA OSCILLATING MODES OF THE KRK SYSTEM

SSA BT LBFI QBBT
Freq. D.r. Freq. D.r. Freq. D.r. Freq. D.r.
(Hz) (%) (Hz) (%) (Hz) (%) (Hz) (%)

± 1.178 18.659 ±1.162 18.576 ±1.155 19.217 ±1.188 15.735
± 1.157 19.202 ±1.123 13.708 ±1.136 19.407 ±1.164 18.076
± 0.613 6.716 ±0.613 6.705 ±0.613 6.717 ±0.613 6.722

technique in [17] and [18] from the frequency vector:

f =
[
0.01 : 0.01 : 0.09 0.1 : 0.1 : 0.9 1 : 0.1 : 3 3.1 : 1 : 10

]
(31)

where f comprises a range of 0.01 to 10.0 Hz and contains
46 positive frequency points. In addition, the same energy
criterion (30) with a setting of 99% is used for selecting the
singular values through the LBFI method, emphasizing the
precision of the identified model. Furthermore, the Matlab
functions reducespec.m and getrom.m are used to obtain a
balanced realization of this linear model and reduce its order
to r = 9 using BT starting from the analytical linear model
obtained by PST. By applying the LBFI method, a model
of order r = 13 is obtained. For comparison purposes, a
small-signal analysis is conducted by employing the analytical
model, the reduced model of order r = 9 from BT, and the
models identified by the QBBT and LBFI approaches.

As shown in Table V, the eigenvalues of the linearized
model of the KRK power system consist of two local oscil-
lation modes at 1.1573 Hz and 1.1777 Hz, and an inter-area
oscillation mode at 0.6128 Hz. The system is stable for the
operating condition in which the linear model is obtained, as
the real parts of the eigenvalues are negative. The modal pa-
rameters obtained from the identified models demonstrate the
ability of these methods to preserve the oscillatory dynamics.

To make a more rigorous comparison, the absolute error of
the models’ frequency responses using BT, and the models
identified by QBBT and LBFI are shown in Fig. 6 in a fre-
quency range from 0 to 3.0 Hz. Notice that the absolute error
is always greater for the model identified by the LBFI method
compared to the others with errors ranging from 1.00× 10−2

to 1.00× 10−1 dB. For these four output/input relationships,
QBBT presents a maximum error of 2.00× 10−3 dB that can
be seen in Fig. 6 a) for output 1/input 1. Furthermore, the
error associated with the QBBT approach is similar to that
associated with BT for the 4-output/input relationships.

B. New England Transmission System / New York Power
System

The second case study selected to illustrate the QBBT appli-
cation is the well-known NETS-NYPS, which is an equivalent
representation of the New England/New York interconnected
system [31], [41], [42], as can be seen in Fig. 7. Various
studies of coherency and control of small signal oscillations
have been developed from this equivalent representation. The
NETS-NYPS has 16 generators and 68 buses interconnected
through 86 transmission lines. Due to a large number of
physical elements, it is considered a complex power system
and therefore useful for QBBT evaluation.

TABLE VI
NETS-NYPS DIMENSION OF MATRICES FOR CASE f ) AND

Eth = 98%

Interpolating matrices Model matrices
L̃ ∈ C5040×960 M̃ ∈ C5040×960 Ẽr ∈ R29×29 Ãr ∈ R29×29 B̃r ∈ R29×16

H̃ ∈ C5040×16 G̃ ∈ C84×960 C̃r ∈ R84×29 D̃r ∈ R84×16

Based on the procedure proposed in Fig. 3 and according
to the BCC quadrature rule adjustments presented in Table II,
the identification process of the NETS-NYPS is carried out for
these test cases. The analytical representation of this system
is also obtained using the function svmgen.m in PST.

For this system, the smallest errors are obtained for case f )
with the energy adjustment of 98%, reaching an order model
of r = 29. Then, the dimensions of the interpolation matrices
and the linear model are shown in Table VI.

The dimensions of the interpolating matrices and the model
matrices obtained via the QBBT method correspond to 16
inputs of the NETS-NYPS and 84 outputs, as well as 60
quadrature points for each Gramian approximation. For this
BCC quadrature adjustment, an order model of 29 is obtained,
as can also be seen in Table VI. Fig. 8 compares the frequency
response of the identified model for the case f) and the
analytical representation of the NETS-NYPS for 4 outputs and
4 inputs of the system from 0 to 3.0 Hz.

Figs. 8 a)-d) show how the identified model manages to
preserve all the oscillatory dynamics of the system. The
greatest differences can be seen in magnitude in Figs. 8 a)
and d), but no regarding frequency.

A reduced linear model of order r = 29 is obtained using
BT from the NETS-NYPS analytical linear model, and a linear
model of this system is also identified from the LBFI method
to the frequency vector shown in (31) with the energy criterion
set to 99%, allowing the analysis of oscillation modes between
these four representations. The frequencies and damping ratios
of these 4 linear models are presented in Table VII focusing
the study on the frequency range from 0 to 1.5 Hz by the
large-scale to the NETS-NYPS.

As shown in Table VII, three inter-area oscillation modes

a) b)

BT LBFI QBBT

d)c)

Fig. 6. Comparing the absolute error of frequency responses between
BT, LBFI, and QBBT for 4-outputs and 4-inputs in the KRK power
system: a) output 1/input 1; b) output 2/input 2; c) output 3/input 3;
d) output 4/input 4.
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Fig. 7. New England transmission system / New York power system.

and eight local oscillation modes appear in the NETS-NYPS
analytical model in the mentioned frequency range. Further-
more, the system is stable for the operating condition. For
this case study, both the QBBT and LBFI methods manage to
retain these oscillatory dynamics. The largest absolute error
regarding frequency is 2.00× 10−2 Hz and is found in the
model identified by the LBFI method for the local oscillation
mode at 1.3374 Hz. The largest absolute error associated
with the damping ratio is 7.33 × 10−1 % and corresponds
to the model obtained by the QBBT approach for the local
oscillation mode at 1.2201 Hz. Regarding the reduced model
obtained by applying BT, the frequencies and damping ratios
are captured with great precision, except the damping ratio
associated with the frequency oscillation mode at 0.788 Hz.
It is important to highlight that BT is a technique aimed at

d)c)

a) b)

0.5232 Hz

0.398 Hz

0.398 Hz

0.398 Hz 0.398 Hz

0.523 Hz 0.523 Hz

0.523 Hz

0.689 Hz

0.689 Hz

0.689 Hz

0.689 Hz

Fig. 8. Comparisons of frequency responses between SSA and QBBT
for 4-outputs and 4-inputs in the NETS-NYPS: a) output 1/input 1;
b) output 2/input 2; c) output 3/input 3; d) output 4/input 4.

TABLE VII
INTER-AREA OSCILLATING MODES OF THE NETS-NYPS

SSA BT ERA LBFI QBBT
Freq. D.r. Freq. D.r. Freq. D.r. Freq. D.r. Freq. D.r.
(Hz) (%) (Hz) (%) (Hz) (%) (Hz) (%) (Hz) (%)

±0.788 3.754 ±0.766 15.812 0.705 6.660 ±0.788 3.629 ±0.783 3.727
±0.689 2.839 ±0.689 2.769 0.658 2.600 ±0.689 2.887 ±0.689 2.731
±0.523 0.517 ±0.523 0.515 0.523 0.561 ±0.523 0.533 ±0.523 0.519
±0.398 6.308 ±0.394 6.906 0.396 6.287 ±0.398 6.402 ±0.398 6.256

reducing order models, providing accurate representations for
the overall frequency range. On the other hand, for the reduced
model obtained by the ERA method, the largest absolute error
is associated with the damping ratio corresponding to the 0.788
Hz mode. In general, the frequencies and damping ratios are
captured with great precision.

The absolute error associated with the frequency responses
in the model identified by the QBBT approach is lower than
in the models obtained by the LBFI method, as can be seen
in Fig. 9 a)-d). In Fig. 9 a), an intercept between the two
errors is observed for frequencies less than 1.0 Hz, but for
the rest of the frequency range, the error introduced by the
LBFI approach is still greater. Comparing the error associated
with the QBBT method against the BT in the frequency range
analyzed, a similar behavior is observed in all cases around
the 1.00× 10−3 dB. The model identified through the QBBT
approach has an absolute error similar to that obtained through
BT.

C. North-Eastern Power Coordination Council

The third test system used to illustrate the QBBT approach
is the 48-machine Northeast Energy Coordinating Council
(NPCC) system [43]. The NPCC is an expansion of the NETS-
NYPS, in which the New York area is modeled in more detail.
It is made up of 48 generators, 140 buses, and 232 transmission
lines. Therefore, it constitutes a very useful large-scale power
system to evaluate the scalability of the proposed method.

For the sake of brevity, only the modal parameters identi-
fication is presented where the proposed method is compared
against the SSA and ERA techniques. Table VIII summarizes
the frequencies and damping ratios obtained by SSA, ERA,
and the QBBT proposed method, where seven inter-area
oscillation modes appear in the NPCC analytical model. Notice
that the QBBT method manages to retain these oscillatory
dynamics. Therefore, the modal identification obtained by
QBBT approach matches with the actual parameters provided
by the SSA method, where the largest absolute error regarding
frequency is 2.00× 10−2 Hz and is found in the model iden-
tified by ERA for the inter-area oscillation mode at 0.258 Hz.

b)

d)c)

a)

BT LBFI QBBT

Fig. 9. Comparisons of absolute error of frequency response between
BT, LBFI, and QBBT for 4-outputs and 4-inputs in the NETS-
NYPS: a) output 1/input 1; b) output 2/input 2; c) output 3/input 3;
d) output 4/input 4.



797 IEEE LATIN AMERICA TRANSACTIONS, Vol. 23, No. 9, SEPTEMBER 2025

TABLE VIII
INTER-AREA OSCILLATING MODES OF THE NPCC SYSTEM

SSA ERA QBBT
Frequency Damp. ratio Frequency Damp. ratio Frequency Damp. ratio

(Hz) (%) (Hz) (%) (Hz) (%)
0.888 3.802 0.889 0.743 0.888 2.742
0.786 6.211 0.787 6.313 0.783 5.839
0.704 6.733 0.688 6.035 0.700 6.411
0.534 7.163 0.530 8.261 0.532 6.302
0.459 8.106 0.471 8.882 0.459 8.264
0.385 10.644 0.377 14.132 0.386 10.106
0.258 16.177 0.230 27.086 0.258 16.684

On the other hand, the largest absolute error associated with
the damping ratio is 10.909 % and corresponds to the ERA
method for the same inter-area mode.

V. DISCUSSION

The identification of power system linear models has been
successfully carried out by using the output-input dataset that,
in turn, is processed by the QBBT approach. The identified
linear models from the KRK test system, the NETS-NYPS,
and the NPCC system manage to retain their oscillatory
dynamics and could be used to adjust controllers to dampen
these dynamics, as well as to carry out a coherent analysis.

To introduce the QBBT technique to power systems, the
correct adjustment of the BCC quadrature rule is required for
a range of frequencies in which the oscillatory modes are of
interest. The error introduced into the linear representations
obtained is directly determined by the adjustment of the
quadrature rule, which is nothing more than the selection of
the number of points for the Gramian approximations and the
selection of the truncation constants.

Regarding the analytical models of the case studies, the
identification of linear models in power systems using the
QBBT approach is achieved with a significant order reduction,
even greater than that obtained when applying the LBFI
technique. Besides the error quantified is lower for the QBBT
method, the new formulation makes up a useful technique for
subsequent studies based on these linear representations.

VI. CONCLUSIONS

In this paper, a novel QBBT formulation, based on Gramian
approximations and directional frequency data-set interpo-
lation, is introduced in power systems. Linear models are
identified for the KRK power systems, the NETS-NYPS, and
the NPCC system, using frequency data extracted under the
BCC quadrature rule and performing transient simulations.

The linear models obtained through the QBBT method were
validated with analytical models of power systems attending
to the error in the frequency response of these representations.
Several adjustments of the BCC quadrature rule were analyzed
to ensure a balance between the error and order of the iden-
tified models. The novel formulation was compared with the
LBFI method in power systems demonstrating more accuracy
in the identified models.

For the identification of power system linear models from
data, the QBBT method allowed us to obtain reduced repre-
sentations in the analyzed systems, preserving the precision of

the BT technique, and demonstrating the performance of our
proposal to be a useful technique for subsequent model-based
studies in power systems.

Given the reduced order model and the proposed frequency
range, the QBBT technique presents as main drawback the
loss of information, as any other reduction techniques, and the
resulting QBBT-based model is valid for around the operating
condition in which the model is identified.

As future works, this investigation is targeted to be tested
in real-time environments, where probing signals are used to
stimulate the system via analog inputs and reference changes,
and the measured outputs can capture the system response via
analog outputs.
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