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While the uncertainty in generation and demand increases, accurately estimating the dynamic characteristics
of power systems becomes crucial for employing the appropriate control actions to maintain their stability.
In our previous work, we have shown that Bayesian Physics-informed Neural Networks (BPINNSs) outperform
conventional system identification methods in identifying the power system dynamic behavior based on noisy
data. This paper takes the next natural step and addresses the more significant challenge, exploring how
BPINN performs in estimating power system dynamics under increasing uncertainty from many Inverter-based
Resources (IBRs) connected to the grid. These introduce a different type of uncertainty, compared to noise.
The BPINN combines the advantages of Physics-informed Neural Networks (PINNs), such as inverse problem
applicability, with Bayesian approaches for uncertainty quantification. We explore the BPINN performance
on a wide range of systems, starting from a single machine infinite bus (SMIB) system and 3-bus system to
extract important insights, to the 14-bus CIGRE distribution grid, and the large IEEE 118-bus system. We
also investigate approaches that can accelerate the BPINN training, such as pretraining and transfer learning.
Throughout this paper, we show that in presence of uncertainty, the BPINN achieves orders of magnitude
lower errors than the widely popular method for system identification SINDy and significantly lower errors
than PINN, while transfer learning helps reduce training time by up to 75%.

1. Introduction (PINNs) [4,5]. Besides the PINN [6], which utilizes a physics-based DAE

system to augment the loss function, there have been various other

The ongoing integration of Inverter-based Resources (IBRs) into the
energy system leads to significant changes in frequency dynamics, since
they do not show the same characteristics as conventional synchronous
generators. Additionally, the volatile behavior of wind power plants
and PV causes a fluctuating infeed of power that increases uncertainty
in grid operation. For that reason, system operators appear to lack
system awareness in case of high penetration of renewables. Never-
theless, the introduction of fast and distributed measurement devices,
namely phasor-measurement-units (PMUs), enables the utilization of
data-driven approaches for identification of system dynamics.

Various approaches have been introduced, such as filter-based tech-
niques, e.g. Kalman filtering [1], Koopman theory [2] or parsimonious
approaches, for example Sparse Identification of Nonlinear Dynamics
(SINDy) [3]. Many of them have shown vulnerability to uncertainty
in the data, resulting in inaccurate estimates. Machine learning and,
more recently, hybrid approaches that combine the strengths of ma-
chine learning with physics-based models have been introduced to
solve this problem, for example the Physics-informed Neural Networks
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approaches. For example, multiple techniques have been proposed
that use the graph structure of power system matrices, such as [7-
9]. However, these graph-based approaches cannot be applied to the
system identification problem at hand, since most of them do not
focus on the dynamic characteristics of the power systems. However,
Neural Networks (NNs) and PINNs do not inherently quantify the
experienced uncertainty and therefore lack a confidence indication for
their estimate. In Bayesian techniques, the estimate is augmented with
such a confidence measure by design [10].

In that sense, the Bayesian Physics-informed Neural Network
(BPINN) has been introduced which combines the PINN and Bayesian
techniques [11]. In power systems, it has shown robustness against
uncertainty from noisy data for system identification [12], outperform-
ing established approaches, such as SINDy. This type of uncertainty is
commonly known as aleatoric uncertainty. In this paper, we further
evaluate the Bayesian Physics-informed Neural Network (BPINN) as
follows: First, we investigate the BPINN performance for estimating the
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frequency dynamics of an inverter-dominated grid. IBRs lead to model
uncertainties in system identification, which are commonly known as
epistemic uncertainty. Second, we seek to transfer previously learned
knowledge in BPINN training. After pretraining on a single machine
infinite bus (SMIB) system, we transfer the knowledge, i.e. use the
BPINN with pretrained weights and biases, and train on a larger system
in order to reduce the required data and training iterations.

Most Bayesian approaches require informative prior knowledge
about the inferred system parameters [10]. These are expected to
change frequently for inverter-dominated power systems, thus, we
focus on weakly-informative priors. In contrast to informative priors,
weakly-informative priors can be generally applied to the whole range
of system parameters.

The rest of this paper is structured as follows: We start by in-
troducing the methodology of the BPINN in Section 2, highlight the
similarities to the PINN, and detail its uncertainty quantification capa-
bilities. We then specify the weakly-informative priors and simulation
parameters. In Section 3, the IBR and generator models are presented
and the four grid models are specified. Section 4 discusses the results of
the system identification and transfer learning and compares it to the
PINN and SINDy. Section 5 concludes this paper.

2. Methodology

We start this section by revisiting the NN and extend it to the PINN
formulation. Based on that, we present the BPINN and its uncertainty
quantification capabilities.

Let us assume a dynamic model described by the following set of
differential equations:

x = f(x,u;1) (€D)

with solution x(7,u), x representing the states and u the inputs of the
system. Variable A describes the system parameters, e.g. the damping
constant of a mass—spring oscillator, and operator f maps the system
parameters to the states.

2.1. Neural networks

NNs can generally be used as function approximators for a variety
of problems. For dynamic systems, they can serve as a surrogate model
g(t) mapping a time-dependent input vector to the target trajectory of
the states x:

g(t;0) = X(t;0) = x(t, u; Xy, 4). (2)

where x, describes the initial state of the system and © the Neural
Network parameters, i.e. the NN weights and biases. A set of data D
with D = {x(">,u(">}i]iz1 can be used to determine the surrogate model
parameters © through training. The distance between the estimate ()
and the target trajectory is minimized by updating the NN parame-
ters . In (3), it is formulated as an optimization problem using the
root-mean-squared error as the distance measure. This NN training
procedure is a supervised learning problem, i.e. it requires a fully
labeled dataset D including all true values x.

N,
min £, = min NLZ g{ &D(O) = x)2 3)

The formulation (3) strives to find the optimal model parameters O.
However, it is not able to obtain the system parameters 1. An inverse
problem has to be formulated to determine the system parameters 1
as well. To this end, the PINN has been proposed [6]. PINNs utilize a
physics regularization term, as follows:

O, 1) = %x — fGuwd) =0 )

The function 4 represents a residual that is zero if the state estimate
% and parameter estimates A are accurate. It is based on the DAE
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that describes the dynamic model (1) or an approximation of that and
augments the loss function (3) in the form

N
. 1 -

r — h()2 5

min £p + — ,él v ()

The parameters @ can now be tuned to find the state estimates % and
system parameter estimate 1 collaboratively. This formulation does not
require labeled data for A, while it still necessitates labels for x.

The evaluation of (4) can be extended with additional data that
are not in the initial data D. The NN can be evaluated at every time
point ¢ to generate N, so-called collocation points, so that the total
number of training points is N = N, + N,.. The N, collocation points
can support the physics regularization in (4). In conclusion, the PINN
enables estimating the state trajectory x and system parameters A at
the same time based on given data D, however, it does not indicate the
uncertainty of the estimates.

2.2. Bayesian PINN

Bayesian frameworks have been introduced to deep learning tech-
niques to quantify the uncertainty in data and models [13]. The lit-
erature mostly distinguishes between two types of uncertainty: first,
aleatoric uncertainty, which represents noise inherent in the observed
data and second, epistemic uncertainty, which describes uncertainty in
the model.

Uncertainty quantification. Aleatoric uncertainty is commonly assumed
to be Gaussian distributed. An artificial set of observed noisy data D can
be created with a deterministic process, such as (1), giving the mean
and additive noise provided by a covariance matrix X, = ¢2I. This
type of uncertainty can potentially be quantified by extending (3) as
follows [13]:

N
min % 3 % @0@) - x 7+ %log o0 ®)

i=1 20,
Note that this formulation does not lead to a Bayesian NN, which means
that we have to find a single value for each NN parameter ©.

Bayesian Neural Networks (BNNs) were introduced to address the

problem of epistemic uncertainty, resulting from the model, about three
decades ago [14]. A probability distribution p(@) is placed on the
model parameters @ based on prior beliefs. In training, their posterior
distributions p(@|D) are inferred using Bayes’ rule and the data D.
Subsequently, the BNN can be envisioned as a family of models that
incorporates the plausible set of parameters. The posterior distribution
of model parameters @ can be obtained based on

pp(D[©)p(O)
(D)
using a Bayesian inference algorithm. Samples can be pulled from the

inferred parameter distribution @* ~ p(@|D). These can be used to
calculate the mean of the distribution of estimated states by

p@ID) = )

T
E[|u, D] ~ % Z Roe(u) 1= Xp(u) 8)

and the aleatoric uncertainty as Egp[Var(x|u, ©)]. The aleatoric uncer-
tainty consists of the expected variance of %, in contrast, the epistemic
uncertainty can be formulated as the variance of the expected value of
%. This gives us the total uncertainty [15]:

Var(x|u, D) = ]E@‘D[Var(fclu, o)+ Var@‘D(E[fclu, o). (©)]

The formulation assumes that the distribution p(%|D) follows the same
distribution as the observed data D. Although we can disassemble (9)
into its aleatoric and epistemic elements in the form of equations, the
BNN cannot distinguish between the sources of uncertainty by design,
so it only provides one uncertainty measure.
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BNN(u, t; ®) Physics

’ estimates of A } - { Protal = PDPPhysics ‘

Fig. 1. Bayesian Physics-informed Neural Network schematic with nonlinear activation
n.

The above formulations enable the BNN to discover the state esti-
mates % considering the aleatoric and epistemic uncertainty based on:

N () @) \2
F(O) — xp,0)
pD(D|@)=H;eXp ——_zm‘e . (10)
i 1/2 (i)? 260
Oy X

Please note, that we do not assume the fidelity of the data to be known
a priori, that would require additional information to the data itself.
The o, has to be determined during training.

The formulation (10) is solely applicable to forward problems, so we
are only able to estimate the system states x. Simultaneous estimation
of the system parameters A requires the extension of the formulation.
A physical regularization similar to (4) is introduced, making the BNN
a BPINN [11]. This leads to the following equation:

N

Pow(P1O, ) = ppDIO) [ | an

i 2
1 exp _(h“(éz,);l))
Zﬂdg) 2‘7h
The BPINN structure is illustrated in Fig. 1. Based on (11), the joint
posterior of the BNN parameters @ and system parameters A can be
determined following Bayes’ theorem with prior distributions p(@) and
p(A).

Protal(D1©, )p(O, 1)
(D)
BPINN training. We use Variational Inference (VI) to find the joint
posterior of weights and biases @ and system parameters A, which
provides a computationally efficient formulation, that can be solved
with common libraries for NN training. In this paper, we specifically
rely on the Stein Variational Gradient Descend (SVGD) algorithm to
solve this task, for more information, the interested reader can refer

to [16].

In conclusion, the BPINN estimates the system states % and sys-
tem parameters A, while inherently indicating the uncertainty of the
estimated value considering the aleatoric and epistemic uncertainty.

p(0,AD) = (12)

Priors for BPINNs. The calculation of (11) requires to set a distribution
p(O, ) based on prior beliefs. A commonly used prior ® for BNN pa-
rameters is a Gaussian distribution with zero mean, standard deviation
0, =1 and ¢,;, = 1 for weights and biases w, and b,. When the same
prior is used for system parameters A, prior knowledge of the range of
A can be required. For inverter-dominated power systems, the system
parameters are expected to change frequently. Hence, it is difficult to
constantly update the prior beliefs. In this paper, we use a generic
prior for the system parameters A that does not require informative
knowledge. The so-called weakly-informative priors seek to include
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Fig. 2. Exemplary normal-gamma PDFs for different parameters y, «, a, f.

as little information as possible. They are based on scale mixtures of
normals [17]. Specifically, we apply the normal-gamma distribution,
whose probability density function can be expressed as:

lprior ~ N(ﬂs K/’)” ~ I'(B,a). (13)

The normal-gamma has a spike close to zero, similar to the Laplace
distribution, and thus allows stronger regularization than the normal
distribution. More importantly, the parameters « and f can be used
to control the information content of the distribution [17]. Exem-
plary probability density functions for a normal-gamma distribution are
shown in Fig. 2. We briefly explore these parameters in Section 4 to
choose the distribution parameters for this paper.

2.3. System identification of power systems

In this paper, we estimate the dynamic frequency behavior of an
inverter-dominated power system. This can generally be approximated
by a SMIB representation [18]

5 = Aw (14)
Ad> = l(Pm — dAw — Bsin(s)). (15)
m

Variable m represents the system inertia, d the damping, B the sus-
ceptance and P,, the mechanical power. The voltage is assumed to be
one. The states of the system are the angle and the frequency deviation
x = {4,Aw}. The SMIB representation neglects various effects when
representing a more complex system with numerous IBRs. However, we
will utilize it for the physics regularization in (11) throughout the entire
paper, since it still properly describes the general frequency behavior.
Consequently, BPINN provides two distribution estimates for the system
states x and three distributions for the system parameters 1 = {m,d, B}.
These can represent a larger system, such as 118-bus, in an aggregated
form.

Finally, the BPINN parameter estimates 1 = {/i, d, B} can be ob-
tained by taking the mean of the posterior distribution and a measure
of confidence is given based on the posterior variance, as described in
Section 2.2. The latter indicates if BPINN is confident about the given
estimate.

All simulations start from an unperturbed state, so x = 0. We
perturb the system at + = 0 by applying a constant step in P, so
P, s0p = —0.1p.u. and collect the resulting state trajectories x.

For all tests, a BPINN with 20 neurons, 1 hidden layer, and a
standard trajectory length of T = 5s was used at a sampling frequency
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of 20Hz, giving N, = 100samples. The inputs of the BPINN are ¢ and
P,,. The surrogate model of BPINN, the BNN, produces state trajectory
estimates X. In addition, the physics part, based on (4), provides the
system parameter estimates A.

The BPINN was implemented in Python using packages pyrorch and
numpyro.

2.4. SINDy algorithm

The SINDy algorithm, proposed in [3], is part of the recently pop-
ular parsimonious approaches. These focus on the active terms in a
given set of differential equations to reduce the computational effort. A
library of candidate functions is defined ¢(x), which can be polynomial
combinations of the system states x. These are used to formulate a set of
differential equations that represent the behavior of the system. SINDy
strives to reduce the number of equations and identify a sparse system
representation {(x)=, with £ being the coefficients. Linear regression
is utilized and the number of active equations is penalized through an
additional term:

argglin | = C)E|, + VIIE],. (16)

The x represents the derivatives of the states similar to previous for-
mulations, while {(x)Z is the dynamic system with candidate functions
¢(x). In the estimation phase, SINDy aims to find the coefficient vector
E that minimizes the first term of the equation. These coefficients are
additionally used in a regularizing term v||Z||, to allow for a sparse
model. The candidate functions are known in (15), since we follow
the SMIB representation. For that reason, the number of candidate
functions is fixed in SINDy, which allows us to neglect the penalizing
term ¢. For all tests the PySINDy library was used [19].

3. Case study

In previous work [12], we compared the system identification capa-
bilities of BPINN, PINN and SINDy under aleatoric uncertainty resulting
from noise in the data. This paper focuses on epistemic uncertainty
arising from IBRs. To this end, we do not add aleatoric uncertainty to
our training and estimation data, although there might be combined
effects of aleatoric and epistemic uncertainty on the BPINN. However,
these have been found to be small, thus, we focus solely on epistemic
uncertainty in the present paper. We first explore the performance
using data from the SMIB system. Three different dynamic situations
are studied that serve as a baseline for the paper. Second, we implement
a 3-bus system with one synchronous generator and two IBRs. This
system aims to support a general understanding of the behavior of all
algorithms at different levels of IBR penetration. We do not vary the
inverter parameters here, thus, the same system with varying shares of
synchronous behavior is observed. Third, data from the CIGRE 14-bus
system are collected. This system represents a distribution system, with
vast penetration of IBRs and a superordinate transmission system. We
test different parameters for the transmission system and also randomly
vary the inverter parameters J, and d. by +20% following a uniform
distribution. Fourth, we use data from the IEEE 118-bus system. We
keep the synchronous generators and inverter parameters fixed and
vary the number of inverter-coupled and synchronous generators to
achieve different levels of IBR penetration.

Note that we estimate a single set of parameters m, d, B based on
(15) for each grid. These parameters approximate the overall system
dynamics.

3.1. Network models

The networks, 3-bus, 14-bus, 118-bus, consist of the corresponding
number of nodes n, nodes and n, branches. The SMIB system is chosen
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Fig. 3. Diagram of 3-bus system with IBRs.
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Fig. 4. CIGRE 14-bus MV system schematic with IBRs.

as a baseline as described in the previous section. We use the SMIB
in (15), so the SMIB regression formulation accurately represents the
behavior of the system. We vary the generator parameters as shown
in Table 1. The loading and operation conditions remain the same for
all scenarios, since we exclusively use static loads. The self-regulating
effect in the ENTSO-E system is only around 1%/Hz and is therefore
neglected in this paper [20].

The influence of IBRs is investigated in more detail using a simple
3-bus system. This grid is a consecutive step from the SMIB formulation
to a simple system representation that respects the influences of IBRs.
We create a system with one synchronous generator and two IBRs, as
shown in Fig. 3. Different dynamic situations are simulated by changing
the parameters of the synchronous generator as shown in Table 1. We
still use the same regression formulation (15) as before, which is no
longer accurate due to the IBRs influence.

After exploring the BPINN performance on a small-scale system, we
perform parameter estimations on the CIGRE 14-bus MV system. The
system includes 12 IBRs. The structure of the system is shown in Fig. 4.
We vary the dynamics by changing the parameters of the generator,
following Table 1, and additionally randomly change the J, and d,
parameters for each of the inverters by 20% around the values given
in Table 2.

Finally, we test all algorithms on the IEEE 118-bus system. This
system does not have any buses intended for IBRs, however, we sub-
stituted synchronous generators with IBRs, as illustrated in Fig. 5.
Different dynamic situations, slow and fast, are created by setting all
synchronous generators and IBRs to fixed parameters and altering the
total number of IBRs and generators. In the fast dynamics scenario, only
G1 is a synchronous generator, all other generator buses are equipped
with IBRs. From there on, generator buses G1, G7, G5 are provided



S. Stock et al.

Electric Power Systems Research 235 (2024) 110860

3 :l-r
5 13
t
16
ST
29
v v G6 31
10+ — 5 ; I
G2
Fig. 5. Diagram of IEEE 118-bus with IBRs.
Table 1 " Ot
. ) yref -T
Base evaluation scenarios generator parameters. - e
Virtual Power
Scenario mg,, in p.u. dy,, in p.u. €===== P-control ===
emf meas.
Fast dynamics 1.1 0.8 ) P
Medium dynamics 1.5 1.2 :: " n
5
Slow dynamics 2.1 1.8 n €
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with synchronous generators in the medium dynamics scenario. The Inverter

slow dynamics scenario consists of synchronous generators connected
to buses G1, G7, G5, G17, G14, G18, while all other generator buses
are equipped with IBRs.

We start all simulation at a stable operating point, so x = 0 at
t = 0.0s as described in Section 2.3 and perturb the mechanical power
of G1. All systems, the SMIB, 3-bus, 14-bus, 118-bus are perturbed
similarly . The trajectories of Aw, 5 are collected at all synchronous
generators if multiple synchronous generators are active. In that case,
a common frequency is calculated for the overall system at the center
of inertia, thus, the trajectories from the individual generators are
weighted by the individual and the total inertia constants as proposed
in [21].

3.2. Inverter model

We model IBRs as a battery connected via a synchronverter [22,23].
A simplified diagram of the electrical and control parts is shown in
Fig. 6.

For simplification, we neglect the DC side and switching, and focus
solely on calculation of the synchronverter control, coupled with an
RIC filter, R/, L,,C, and transformer, Ry, Ly. The power side of the
inverter is modeled as follows

£

lRL = L, (E_Kf = Rplg;) a7
. 1

Kf:C_f(iRL_lg) (18)
s 1
I, = L—T(K =V —Rrl) 19

o]
|
|

IS

<

Fig. 6. Simplified inverter diagram of the synchronverter.

The active power control side is determined in the synchronverter
topology, which imitates the swing equation by calculating a virtual
angular frequency w, and a virtual angle §,:

. 1

@, = T(_dc(a)ref -w.)-T,+T,) (20)
c

5, = w, 21

¢ = 6,M i sin(s,). (22)

The inverter inertia and damping control parameters are J, and d,,
while 7, describes the electrical torque and M, the mutual inductance.
The virtual generated voltage is termed e*. The mechanical torque T,

is based on a power setpoint P,

er» Which is provided during normal

operation. We only utilize the inertial response of the batteries, hence,
P, =0.

The inverter parameters are presented in Table 2. We also added a
frequency deadband to the inverter controller. It avoids taking actions

when the deviation is too small.
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Table 2

Synchronverter parameters.
Description Symbol Value
Filter resistance R, 0.375mQ
Filter inductance L, 0.3 mH
Filter capacitance Cr 0.25mF
Transformer resistance Ry 0.22mQ
Transformer inductance Ly 0.3mH
Virtual Inertia J, 4.052- 107
Virtual Damping d, 0.679

3.3. Synchronous generator model

The synchronous generator is represented by a third order system,

that models the dynamic behavior of frequency deviation Aw,,, and

angle é,,, based on the swing equation and the dynamics of governor
control [18]
Sgen = Awgen (23)
. 1 .
Addy,, = (~dyon kA0, — Y, Bysin(s; — ;) 24
mgen,k J

+ Pm,k + Pgou.k)

P,

1
gov,k = _F(Awgen + Pgm:,k)‘ (25)
s

The m,,,, and d,,,  are the inertia and damping of the generator and
T, the governor time constant.

4. Results

We compare performance by assessing the mean absolute percent-
age error (MAPE) of the original trajectories x and the reconstruction
%(A) based on the estimated system parameters . The MAPE is defined
as follows:

nz

1

MAPE = 100% - —
Ly

zZ i

x; — %;,(A)

X

. (26)

We evaluate the sensitivity of the parameter estimation error to
weakly-informative prior design in the following based on (13). The
aim is to balance the amount of information in the prior and avoid
non-informative priors. A totally non-informative prior would bypass
the Bayesian approach, while a prior containing too much information
would cause a biased estimate. In general, a similar sensitivity of the
MAPEs can be found with respect to «,,, and j,,, for Aw and § in
Fig. 7. When u,,;,, is small, i.e. range of approximately [0, 5], small
estimation errors are achieved. A similar behavior is found for .,
which constantly achieves low errors in the range of up to 25 for both
quantities. Both behaviors are more pronounced for MAPE,,, than for
MAPE,. High u,,;, and k., lead to less informative priors. This is
indicated by the decreased density in Fig. 2. Fig. 7 reveals that too little
information in the prior result in a larger error. Based on these results,
both parameters seem to be best set in the medium region around
= [1,4] and k,,;,, = [10,20]. For this paper, we use u,;,, = 1.0
=25.0 in all test scenarios.

H prior

and x prior

4.1. Influence of epistemic uncertainty

In this section, we compare the BPINN for system identification
under model uncertainty on four different systems for three dynamic
settings each and contrast the performance with SINDy and PINN.
The results are presented in Table 3. These three approaches, BPINN,
PINN and SINDy are substantially different. SINDy uses a point-wise
method to obtain the derivatives of the states x while PINN and
BPINN apply automatic differentiation. The latter technique calculates
the derivatives with respect to inputs u by dismantling the surrogate
model, i.e. the BNN, into primitives with known derivatives. These are
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Fig. 7. MAPE sensitivity to system parameter prior p(1).

combined using the chain rule based on a computational graph. When
the surrogate model is accurate, the derivative will also be accurate,
ultimately leading to precise system parameter estimates. In addition,
the BPINN provides richer information through the posterior standard
deviation, which is not given by either SINDy or PINN. In this paper,
we provide the reconstruction error MAPE for each state x and also give
the corresponding posterior standard deviation 26 from the BPINN.

The results demonstrate that SINDy achieves lower errors than
BPINN and also PINN for the SMIB system estimation. The data utilized
accurately represent the formulation of the regression problem, that is,
(15), thus, SINDys point-wise approach is advantageous here. On the
contrary, the BPINN is unable to achieve lower errors, since it fits a
family of surrogate models. The determined distribution can only be
narrowed down to a certain point with confidence. It also becomes
apparent that the posterior standard deviation becomes wider with de-
creasing dynamics, i.e. from fast to slow. This stems from the sensitivity
of the trajectories Aw, 6 to changes in the system parameters 1. Slower
dynamics tend to lead to less sensitive state trajectories x considering
a change in parameters A. This decreases the BPINNs confidence, since
there are fewer contradictory values in the initial distribution. A similar
behavior can be found for all test grids: the fastest dynamics always
result in the most narrow distribution compared to slower dynamics.
For the same reason, we find larger errors in slower dynamics for the
PINN. The errors MAPE,, are comparable to the MAPE; errors for
SINDy in SMIB. The BPINN produces slightly larger errors for MAPE,,.
A similar behavior is found for the PINN.

The previous paragraph evaluates the SMIB benchmark results. In
the following, we introduce epistemic uncertainty with the three other
grids that incorporate IBRs. The results show that the BPINN is able to
achieve significantly lower errors than SINDy and also the PINN in all
cases. Most times, the BPINN error is smaller by factor ten compared to
SINDy error, in some cases it is even close to factor 90. This stems from
the fact that SINDys estimation approach is not beneficial anymore,
since the regression problem, (15), does not describe the power system
behavior to the full extent. SINDy often determines a parameter set that
only partially represents the system behavior. The PINN and BPINN
show better performance. Both seek to obtain a surrogate model which
enables state prediction for any point in time. The system parameter
estimates 1 are calculated based on these state estimates and the
corresponding derivatives. This averages out underlying effects, since
BPINN and PINN use automatic differentiation compared to point-wise
differentiation. The BPINN achieves better performance compared to
the PINN due to its Bayesian nature, which aims to exclude contra-
dictory parameters from the posterior distribution. Higher uncertainty
causes a distribution that consists of widespread parameters, thus, it
most likely covers the correct solution. The BPINN achieves errors
lower than PINN by factor two to three in most cases.

For all algorithms, the error decreases with slower dynamics for the
majority of dynamic settings. This stems from the fact that the fast IBR
dynamics vanish in the dynamics of the overall grid. In faster dynamic
scenarios, the IBR dynamics are more pronounced and dominate the
system behavior. This effect can be distinctively observed in the 14-
bus system, where SINDy achieves high errors in fast dynamics and
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Table 3
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Influence of epistemic uncertainty in 3-Bus, 14-bus and 118-bus system and different dynamic scenarios on BPINN, PINN and SINDy.

System Algorithm Fast dynamics Medium dynamics Slow dynamics
MAPE,,, [%] 26 [%] MAPE; [%] 26 [%] MAPE,,, [%] 26 [%] MAPE; [%] 26 [%] MAPE,,, [%] 26 [%] MAPE; [%] 26 [%]
BPINN 1.320 7.808 0716 11.221 1.794 12.158 1.055 16.744 2.118 15.290 1.334 20.283
SMIB PINN 0.273 0.284 0.247 0.288 2.821 3.940
SINDy 0.013 0.015 0.023 0.025 0.038 0.040
BPINN 9.828 12.007 5.576 9.365 5.672 5.715 3.888 4.009 2.127 10.617 1.471 9.907
3-bus PINN 18.295 12.475 9.111 6.196 5.009 4.245
SINDy 56.972 55.949 60.107 59.821 43.957 43.932
BPINN 7.785 7.651 4.682 4.312 4.077 6.465 2.933 5.314 1.457 12.816 1.033 12.063
14-bus PINN 14.231 9.741 6.824 5.016 3.498 3.199
SINDy 50.500 49.955 47.961 47.853 30.723 30.726
BPINN 1.079 13.543 0.832 12.308 0.496 14510 0.379 13.310 0.506 14.643 0.374 13.418
118-bus PINN 3.699 2545 3.972 2692 4.487 3.026
SINDy 23.174 24.624 12.801 13.941 10.862 11.933
however assume that the training and later on operational domain are
100 X the same, which in reality is not true for most cases. This often requires
e Aw a comprehensive retraining or even rebuilding of the model when the
x5 feature or domain space changes [24], resulting in manifold problems.
N3 . . . . .
i N First, it can be computationally expensive, second, the data gathering
A
m 0-N or labeling can take a long time, or even be impossible for the new
2z . . . .
% 50 1-N domain or feature space. Therefore, it would be beneficial for the ML
s 0D N4 algorithm to reduce the need for training steps or training data from
Z . .
the new domain or feature space. This also holds for the BPINN.
*3-N.
ol NL In this section, we seek to reduce the required amount of training
R 5 : iterations and data through transfer learning. To achieve this, we
i w . . . .
0 : : : pretrain on a SMIB with 1000 iterations and transfer the learned
50 10 5 behavior to a larger system, the 118-bus system. The pretraining on the
N SMIB is used to adapt the weights and biases, so they already produce
Z

Fig. 8. Influence of collocations points (N,) and number of samples (N.) on the
estimation accuracy (IEEE 118-bus system “fast dynamics™).

significantly lower errors in slow dynamics. The 14-bus system includes
a large number of IBRs compared to its size. Similar behaviors can be
found for the BPINN and PINN.

Influence of sampling frequency and collocation points. Section 2 de-
scribes the BPINN and PINN ability to generate additional data points,
collocation points N,, which can potentially improve the training per-
formance. These collocation points augment the dataset and can sig-
nificantly reduce the estimation error in case of sparse data. In this
paragraph, we explore the influence of collocation points N, and the
sampling frequency on the estimation accuracy. The fast dynamics sce-
nario and the 118-bus system serve as a guiding example in Fig. 8. The
results show that a small number of original samples N, substantially
increases the estimation error up to 88%. In that case, the amount
of samples does not allow to create a solid trajectory and system
parameter estimate. The estimation of system parameters 1 is based
on uncertain estimates X, which leads to inaccurate overall results. To
address the lack of data, supplementary data points can be generated to
assess the physics loss, i.e. the collocation points N,. Fig. 8 reveals, that
a small number of collocation points, N, = 1 N_, already reduces the
MAPE for N, = 10 close to a level comparable to N, = 50. However,
N, = 2 - N, is required to reach the target error. We find a similar
behavior for MAPE,, and MAPE;. Adding more collocation points to
the training data does not significantly reduce the error when N, = 10.
However, a dataset of N, = 5 requires N, = 4 - N, to achieve an error
comparable to N, = 50.

4.2. Transfer learning
The general idea behind transfer learning arises from human learn-

ing, which often uses previously learned knowledge to solve new or
similar tasks in another domain. Most Machine Learning (ML) methods

suitable estimates. The pretrained BPINN with adapted weights and
biases can then be used for training with data from the actual system.
The transfer learning is based on the idea that the system operator
can approximate the current system behavior with a SMIB model that
consists of the added dynamic constants of all active synchronous gen-
erators. This approach has been a common way to model dynamics in
purely synchronous systems [25], however it is inaccurate in inverter-
dominated systems. The pretraining based on the SMIB model enables
the adaptation of weights and biases based on a system approximation,
which enables faster training on the actual system. According to the
previous introduction, our learning task will remain the same, but the
learning domain changes. We strive to explore two different questions
in this section: First, how many training iterations are required to
achieve a comparable estimation result with pretraining compared to
exclusive training in target domain? Second, can we reduce the amount
of data required by pretraining on the SMIB?

Reduction of training iterations. Fig. 10 shows the evolution of MAPE
over iterations for training without the pretraining. It takes around
2000 iterations to reach the final MAPE. In Fig. 9 MAPE,, and MAPE;
are shown over the number of iterations for training on the 118-bus
system after pretraining on the SMIB. The final MAPE,, is reached
after 500 iterations, which is a reduction in training iterations of 75%
compared to the estimations performed previously. The final MAPE; is
reached after 550 iterations, which still reduces the training iterations
by 72.5%. In conclusion, the results in Fig. 10 and Fig. 9 indicate that
the BPINN is capable of transferring previously learned knowledge to
the new space.

Reduction of data samples. This paragraph explores the transfer learn-
ing performance for sparse data. The aim is to achieve a performance
comparable to full training in the target domain, i.e. Fig. 8, with
pretraining and less data. Similarly to the previous analysis, we also
enrich the data with collocation points. Fig. 11 demonstrates that a
decrease in samples N, results in an increased MAPE for both quantities
similar to Fig. 8. Augmenting the data with N, = 1- N, collocation
points already leads to a significant improvement in the estimation
accuracy for N, = 10 and N, = 5. However, compared to Fig. 8, it
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Fig. 9. Transfer learning MAPE over iterations with 26 (20 is represented by the
colored areas, pretrained on SMIB “slow dynamics”, training and estimations performed
on 118-bus scenario “fast dynamics”).
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Fig. 10. Influence of iterations on estimation error MAPE with 2¢ (20 is represented
by the colored areas, training and estimations performed on 118-bus scenario “fast
dynamics”).

can be seen that pretraining and transfer learning reduces the error, so
N, = 10 samples augmented with 10 collocation points already lead
to the target error. Similarly, the amount of data required to reach
the target error can be reduced for N, = 5. After that, there are no
significant improvements in the estimation error. The BPINN is able
to achieve the target error with N, = 5 and N, = 2 - N, which is
significantly less data than in Fig. 8. We can conclude from these results
that the BPINN benefits from pretraining and transfer learning. This
allows us to significantly reduce the training iterations and also slightly
the number of collocation points in case of sparse data.

4.3. Discussion

BPINN vs. PINN vs. SINDy. The results indicate that the BPINN and
PINN cannot achieve similar results to SINDy for the SMIB system.
In that case, the power system is fully represented by the regression
formulation utilized (15). This advances SINDy due to its point-wise
fitting approach. However, the BPINN and PINN achieve errors in the
range of a few percents, which is acceptable. This reverses in the pres-
ence of IBRs, i.e. 3-bus, CIGRE 14-bus and IEEE 118-bus systems. The
regression formulation (15) no longer represents the model behavior
to the full extent. In this situation, it turns out to be beneficial that
the BPINN fits a distribution and obtains the system parameters 1
based on its learned surrogate model. The PINN also learns a surrogate
model, but in contrast seeks to find a single best estimate for the system
parameters A, which appears to be detrimental in this case study.
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Fig. 11. Transfer learning MAPE over step size (of IEEE 118-bus data) and collocation
points (trained on SMIB “slow dynamics”, estimations performed on 118-bus scenario
“fast dynamics”).

We also aimed to compare the BPINN with the unscented Kalman
filter throughout our investigations. However, this approach requires
prior assumptions of process uncertainty and data noise matrices. We
found these to be significantly different for various system dynamics.
In a fast-changing system, such as the power system with high shares
of IBRs, this would not be appropriate.

MAPE,, Vs. MAPE;. The results show that the BPINNs MAPE; error is
often smaller than the MAPE . This stems from the shape of the indi-
vidual trajectories. The Aw trajectories show a more complex behavior,
deviating around zero, whereas the § trajectories move from the initial
angle to the new angle. The absolute values of the individual quantities
x are not influential, as they are normalized before the estimation
process.

Penetration of IBRs. In the presented scenarios, the slow dynamics
indicate a small share of IBRs, while the fast dynamics are dominated
by IBRs. It can be seen in the results that the standard deviation of the
BPINN increases with slower dynamics. The corresponding trajectories
of x are less sensitive to changes in A, leading to increased uncertainty.
Similar behaviors can be found for all test grids, thus, a high share of
inverters, i.e. fast dynamics, leads to higher confidence in the BPINN
estimates. This is important to note, since the share of IBRs is expected
to rise in future power systems.

Uncertainty quantification. The Table 3 reveals that the posterior stan-
dard deviation differs significantly for all systems in the same scenario.
We expect a wider distribution in the presence of epistemic uncertainty.
This expectation is based on the formulation of the quantified uncer-
tainty (9), which depends on the epistemic uncertainty. However, in
our simulation, another factor comes into play that influences the width
of the posterior distribution. We previously found that slower dynam-
ics potentially lead to increased estimation errors and consequently
wider posterior standard deviation. Consequently, the uncertainty, rep-
resented by the posterior standard deviation, depends on the dynamics
of the system, and the share of IBRs. Both factors also influence each
other, which complicates the interpretation of the posterior standard
deviation as a confidence measure. The distinction between different
sources of uncertainty can only be made in theory. In practice, the
BPINN would give one confidence measure and the interpretation
requires significant experience.

Runtime. All experiments were performed on an Intel i7 11700 CPU.
The average training time of the BPINN over all scenarios and systems
was 18s for 2000 iterations with a power system simulation step size
of T, = 0.05s. Similar training times were achieved for the PINN with
an average runtime of 17.8s. SINDy training took 0.0027s on average
for one estimate. It should be noted here that the BPINN presents
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its estimate as a distribution, which can be seen as computationally
equivalent to performing multiple single estimates at the same time.
Nevertheless, there is potential to improve the BPINN estimation speed,
for example with GPU utilization.

Adaptation to real-world scenarios. The performed experiments are all
based on simulation data, however, we expect the BPINN to function
in real-world scenarios that may not be covered by the test scenarios for
the following reasons. The BPINN always starts its estimation process
from a generic setting, the weakly-informative priors, which are not
focused on any previous information. These priors cover the whole
range of possible parameters. Based on this, we assume that the BPINN
is also able to perform estimates in the full range. In extreme cases that
are difficult to estimate, the BPINN still starts the estimation process
from the weakly-informative prior, therefore, it should be able to
estimate extreme parameters as well. If finding an estimate is difficult,
the BPINN indicates a high uncertainty. The BPINN always starts with
a weakly-informative distribution and excludes unsuitable parameters,
which ensures that the correct parameters remain in the distribution
and if the data does not allow to reduce the distribution width, it
indicates a highly uncertain estimate.

The results, i.e. Figs. 8 and 11, also showed that BPINN is able
to deal with various sampling frequencies that might appear in data
from real-time system monitoring. If the samples are sparse or the
sampling frequency is inconsistent, BPINN can compensate for the gaps
with collocation points. In doing so, BPINN is able to achieve similar
estimation errors compared to high sampling rates.

In a potential real-world scenario, we assume that data can be
gathered from a regular measurement gauge, such as PMU, since the
sampling frequency is similar to the data from our simulation. In
addition, we demonstrated in a previous study [12] that BPINN is also
robust against noisy data. Based on [12] and the results presented, we
assume that BPINN is also capable of working in real-world examples
with data that are noisy or do not accurately represent the actual
physical process.

5. Conclusion

In this paper, we explored the BPINN for system identification under
model uncertainties resulting from IBRs. We evaluated the performance
in four different grids: the SMIB, a 3-bus system, CIGRE 14-bus and
IEEE 118-bus system equipped with multiple IBRs. The BPINN achieved
lower estimation errors compared to the widely popular system iden-
tification method SINDy by a factor of 10 up to 90 in presence of IBRs
and factor 2 to 3 compared to the PINN. In addition, we found that
transfer learning is beneficial in BPINN training to reduce the number
of iterations and the amount of required data. Pretraining on a SMIB
system reduces the training time by up to 75% for estimation on the
118-bus system. The amount of required collocation points can also be
reduced by pretraining and transfer learning.
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