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Abstract—Assuming that a generator is monitored by the
system operator via a PMU device positioned at the generator’s
terminal bus, we pose and resolve the question of the real-
time, data-driven and automatic monitoring of the generator’s
performance. We establish regimes of optimal performance for
four complementary techniques ranging from the computation-
ally light (a) Vector Auto-Regressive Model, suitable for normal,
linear or almost linear regime, via (b) Long-Short-Term-Memory
and (c) Neural ODE Deep Learning models, appropriate to
monitor mildly nonlinear regimes, and finally to the (d) physics-
informed model. For example, the physics-informed model is ca-
pable of fast identification of nonlinear transients and providing
interpretable results, suitable, in particular, for corrective actions.
The conclusions are reached in the result of validating the models
on synthetic data generated in a realistic setting from an open-
source, state-of-the-art modeling software. Advanced analysis is
followed by a summary and conclusion suitable for the next step -
validation of the hierarchy of the suggested data-driven schemes
in the industry setting.

Index Terms—Dynamics, Machine Learning, Neural Networks,
Physics Informed Machine Learning, Power Generator Model,
Regression, Transients

I. INTRODUCTION

Power Generator (PG) is a complex device that delivers
energy to the power system. System operator needs to maintain
an up-to-date model of all generators in the system, for
multiple real-time energy management tasks run thousands of
times a day. The generator model is supposed to be known
from the calibration tests (normally updated once a season).
However, the subject to many, and often rather significant
changes taken place in between the scheduled tests. Some of
the changes are from wear and tear, some are due to changes
in the environment, and some are caused by malfunctions.
Looking into the future grid, which will be undoubtedly
subject to many more dramatic changes than what is the status
quo of today, we see a need in identifying and updating the
generator model often, e.g., for multiple energy management
tasks run by system operators frequently, many in real-time.

PG is connected to the rest of the power system through
the terminal bus. It is becoming a standard in modern power
systems to equip each significant generator with a Phasor
Measurement Unit (PMU) device placed at the terminal bus
of the generator. PMU provides a stream of data on active and
reactive powers, P and (), voltage and phase, V' and ¢ - all
measured locally at the terminal bus.

In this manuscript we pose and resolve the challenge of
developing an hierarchy of data driven reduced models which

allows fast, real-time adaption for computationally light and
more accurate assessment of generator models for use by sys-
tem operators. Parameters of the reduced models are learned
from the {P, @, V, ¢} data stream assumed available from the
PMU positioned at the generator’s terminal bus.

The challenge is resolved by building properly reduced
Machine Learning (ML) models of the generator of two prin-
cipally different flavors — Physics Informed and/vs Dynamical
System based. The Physics-Informed models are built based
on a parameterized system of non-linear Differential-Algebraic
Equations (DAEs) of sufficiently high order (see e.g. [1]).
These models contain plenty of physical information about
how generators operate. On the contrary the Dynamic System
(DS) approach based on Machine Learning, which may be of
a regression or neural-network type, posses almost no prior
information about how PG operates. We aim to devise, train,
and compare the performance of both types of models, power-
system informed type and general dynamic system type.

In both cases we consider supervised learning setting, where
(P(t), Q(t))-inputs are mapped to (V'(¢), ¢(t))-outputs. Train-
ing data will be taken from synthetic PG software simulator
for a generator connected to an exemplary simple model of
the rest of the system with embedded randomness, running
the aforementioned PG DAE for a fixed set of generator
parameters.

In the power-system informed case, training consists of
reconstructing parameters of the DAEs from the data available.
An efficient custom algorithm with an embedded adjoint
method is designed to accomplish this DAE-learning task. We
will also learn a Dynamic System (DS) model of the generator
utilizing learning methodologies developed for this task in the
literature.

Applications of machine learning to the study of dynamical
systems has been in discussion at least since the 90s [2]. The
subject has gotten a new boost recently. Different methods
have been proposed for system identification, ranging from
regression [3] to deep neural networks [4] and reinforcement
learning [5]. The most recent result to date [6] proposes a
general approach to system identification both in a black
box and white box scenarios. In this manuscript, we develop
and apply some of these DS-learning approaches to learning
dynamics of a power generator embedded into a power system
on the transmission level. Specifically, we test performances of
Vector Auto-Regressive (VAR), Weight-Dropped Long Short-
Term Memory (WD-LSTM) Neural Network, and Neural
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Ordinary Differential Equation (N-ODE) learning schemes.
The DS-learning schemes are listed here in the order of
increasing complexity, with VAR being linear, thus of limited
reconstruction power and accuracy, but also fastest in training
and inference, while WD-LSTM and N-ODE being nonlinear,
advanced ability to represent a complex dynamic system, but
also heavier in training and inference.

Extensive comparative analysis of the DAE-learning and
three DS-learning schemes’ performance is provided in the
regimes representing different domains of the original model
parameters and their level of uncertainty (fluctuations). A
practical consequence of this analysis is identification of a
sequence of transitions from the regime where even the lightest
and least physics-informed scheme, VAR, is sufficient for a
quality modeling of the generator, through an intermediate
regime where VAR scheme fails but WD-LSTM and N-ODE
schemes are competitive, to the regime where only the DAE
scheme is capable of a successful learning of the generator
model.

The rest of the manuscript is organized as follows. In the
Technical Introduction Section II we describe the learning
process in Section II-A; physical model of the generator
in Section II-B and our data generating model in Section
II-C. Physics-informed DAE-learning and physics-free DS-
learning are introduced in Section III. Our generation learning
experiments are described and analyzed in Section IV.

II. TECHNICAL INTRODUCTION
A. Learning process

Learning is an optimization of the vector of parameters, 6,
describing the underlying model, which may be one of the four
models described below in the following four subsections. We
choose the mean squared error (MSE)

1 « .

h(®) = ﬁgnst—stué — min, (1)
as the loss function (objective) in the optimization (training).

We solve the optimization (1) using Adam algo-
rithm/method from [7], which can be viewed as an extension of
the stochastic gradient descent (SGD) method. The resulting
optimization is a two-stage iterative procedure of inference
(forward propagation resulting in an estimation of output S for
current 6) and learning (back propagation by Adam resulting
in the update of ). For a black-box DS approach, estimation
of S is inference by forward propagation through the set of
regression relations, neural network, or neural ODE given the
input vector V. For the physics-informed white-box approach,
estimation of S is direct propagation/solution of the DAE:s.

B. Physical Model of the Generator

We chose to work with the most universal and commonly
accepted in the power system literature, see e.g., [1], third-
order (one-axis) model of a generator with a bus-fed thyristor
excitation system containing PSS and AVR (both with deriva-
tive feedback) and mounted to an infinite bus. Such generator

is described by a system of non-linear DAEs, presented
explicitly in Appendix A for completeness, and which can
also be summarized in the following compact form

f@(w,V), (2)
gg(w,V), (3)

where x denotes vector of the PG internal state; vector, V,
includes, as components, voltage V" and phase ¢ at the terminal
bus; S is the two-component vector of apparent power through
the terminal bus (including active power, P, and reactive
power, (); and € is a vector of the generator parameters.
Given that in our setting of the supervised learning V is
known, we can exclude it from the consideration. Then the
system of DAEs splits into two disconnected parts: an ODE
(2) governing dynamics of « under known V, and an algebraic
relation (3) giving an explicit expression for the output vector
S. Therefore, estimation of S in the physics-informed (white-
box) approach is simply solution of the ODE (2) followed by
the explicit non-linear transformation 3. We will thus further
refer to DAE-learning as ODE approach.

x

S

C. Data Generating Model

faulto

infiniteBusl

System Data

Frequency: 60
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Fig. 1. Example grid (top) and machine (bottom) from [1] (example 13.2).

We work with synthetic data generated in OpenModelica
environment using OpenIPSL [8] library providing an open-
source implementation of a dynamic simulator of an exemplary
grid, explained in example 13.2 of [1], also shown in Fig. 1,
where the generator model is the one described in Section II-B.
We start with a stationary initial condition corresponding to
the solution of the static AC power flow found with PSAT [9].
Then, we introduce a stochastic perturbation at the external to
the generator part of the grid by adding statistically steady
random perturbations implemented in the form of stochastic
faults to the ground imposed at the connection between the
second bus and the first power line (see Fig. 1).

The reactance of the fault was set to zero, and the resistance
of the fault was chosen to lie in such a range that the resulting
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dynamics does not lead to a collapse, i.e., the generator
does not disconnect and rides through the fault, in spite
of experiencing a potentially highly nonlinear transient. Our
experiments with the setting revealed that collapse does not
occur if the resistance of the fault is chosen in the range from
1072 to 10* p.u. Then stochastic perturbations are injected into
the model through a sequence of faults of the same resistance
which are opened for a fixed time of 0.1 s sequentially at times
determined by a stationary telegraph process [10], which is a
memoryless continuous-time stochastic process that has two
distinct states a = fault is present and b = fault is not present,
described by the following master equations.

P(a,t) = —\P(a,t) + uP(b,t), P(b,t)=1—P(a,t) 4

describing probability of observing the fault at the moment
of time t. Note that solution of (4) initialized in the no-fault
state, P(a,0) =1 — P(b,0) = 0, becomes

0 Aa = PTb —(rtp)t
At p A+

where the first and second terms on the right-hand side corre-
spond, respectively, to the stationary values, and to the expo-
nentially decreasing with time correction due to finite memory.
We set © = 0.03 and A = 0.02 to bias towards an open
fault and to randomize the time of the first fault occurrence.
It is straightforward to check that at each time step, the result
of this scheme is the generation of a Bernoulli distributed
random variable with fault probability P(a,t). Equations 5
are included (coded) explicitly in the computational scheme
so that at each time step, the fault state is sampled from the
resulting distribution. We are purposely fixing the time interval
of the open fault to 0.1 s in order to allow a new fault to happen
when the system had not yet recovered from previous fault,
thus letting faults to overlap.

We prepare 9 data sets. Each data set will contain multiple
samples. There are two parts in creating a temporal sample:
(a) generating a sequence of faults, and (b) producing input-
output sequence {P(t),Q(t)} — {V(¢),0(t)} correspondent
to the given sequence of faults by running the OpenModelica
model described above for a fixed 8 describing the state of the
generator. For convenience, we also provide data set details in
Table 1.

Data sets #1-3 are “simple” correspondent to a unique fixed
value of the vector of the generator parameters, 8. Then for
each data set, we select and fix fault resistance. Data set #1
has the largest resistance, and thus cause the least intense
faults, and data set #3 has the smallest resistance, producing
the largest perturbations. Values of the resistance are selected
in such a way that the system does not collapse, and the
generator rides through even under the largest of the three
perturbations. Then, for each set, we generate 100 samples,
each containing a sequence of random faults of fixed amplitude
generated according to (4), as described above.

Data set #4 is “mixed” in the sense that when we generate
random samples (200 for this set). We assign an amplitude to

Pla,t|7) = )

any new fault at random from the three values used to generate
data sets #1-3. @ is the same as in the data sets #1-3.

Data set #5 is the extreme version of the data sets #1-3. It is
generated in the same way as data sets #1-3. However, using
a smaller value for the fault resistance, such that any further
decrease of the fault resistance would leave to the generator
tripping.

Data sets #6-9 are equivalent to the data sets #1-4, however
now for each sample we also select a new vector of the gen-
erator parameter generated i.i.d. at random from the Gaussian
distribution 6 ~ N (6y,0.1 - diag(6y)).

TABLE I
COMPARISON BETWEEN DATA SETS.
Number 1 2 3 4 5 6 |7 8 9
Fault resistances | 10 | 1 | 0.1 | all | 0.01 | 10 0.1 | all
PG parameters fixed random

III. ONE PHYSICS-INFORMED AND THREE PHYSICS-FREE
LEARNING SCHEMES

For all four of our learning schemes described in the
following, we use the same strategy, borrowed from [11].
The strategy, originally developed for deep (i.e., heavily
parametrized) neural networks, includes cyclical learning rate,
cyclical momentum, and weight decay.

A. Learning Physics-Informed Model of Generator - ODE
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—
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Fig. 2. Adjoint method illustated, figure from [12].

In order to compute estimation S in the physics-informed
setting, we leverage the adjoint method explored in [12]. The
essence of the method is the use of adjoint quantity a(t) =
9(0)/0x(t), where h(0) is the optimized functional (1) and
x(t) is the state variable of (2). Then, the gradient of h(8)
with respect to the parameters 6 can be computed efficiently
with one call to ODE solver via

ty
dh _ /a(t)Tafe(m(t)’t)dt

0= (6)

00
to
The advantage of the adjoint method is in the fact that it
allows utilizing a numerical integration scheme alongside with
the Adam (gradient-based) optimization algorithm. We find the
simplest Euler integration scheme satisfactory for our needs;
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however, the approach is not limited to it. Our implementation
of the adjoint method is also adapted to the model details,
described in Section II-B, specifically to support exogenous
inputs and constraints.

Gradient-based optimization works best when optimized
parameters are of equivalent magnitude. Thus, we use re-
scaled parameters for training and consider the optimization
over d-dimensional cube [0, 1]¢, where d = 7 is the cardinality
of 0. At every iteration of Adam, we perform /¢, projection
onto this cube.

We observe that the issue of parameters’ initialization is of
paramount importance. One would guess that, given that the
parameter range is restricted, initializing uniformly at random
from the cube’s interior may work. However, this approach
incidentally leads to physically infeasible configurations, pre-
venting us from reaching the desired optimum. To avoid this
problematic situation, we choose to initialize the parameters
in such a way, that the residual error of (2) at the initial
(steady state) time step is minimized, i.e. initial condition
0 = fg(xo, V) is satisfied approximately.

Notice that the ODE approach shows a strong sensitivity
to how the initial value, x(, is set. We calculate this value
for stationary power flow and use it to initiate all of our
experiments. This works in all of our experiments, while it
may not hold for some other cases. We leave this issue as an
important topic for future analysis (see also Section V).

B. Learning Vector Auto-Regressive Model

Auto-regressive (AR) model is a proven tool in many sta-
tionary time series applications, e.g., in the field of economet-
rics and network-wide grid parameters such as line impedances
[13]. In our case, it reads

p p
ye=n+) Ay, +) Bimiite,

i=1 i=1

(7

where y, is the endogenous time series, x; is the exogenous
time series, u, A; and B; are the parameters to be learned,
€y 1s a stochastic white noise process and p is the order of the
VAR model.

To determine the optimal order of the VAR model, we carry
out several experiments, computing correlations between input
and output variables. Given two time-series, we construct a
matrix of correlations, C, between the two variables shifted
by different time lags (columns for lags in first variable and
rows for lags in the second). Next, we invert C' and investigate
non-zero elements. For Gaussian noise, non-zero elements of
the upper triangle of C~* signifies conditional independence
(lack of correlations) between first variable’s present and
second variable’s past, while non-zero elements of the lower
triangle denote the converse [14]. We immediately obtain a
causal relation between the variables, indicating that inputs
and outputs are set up correctly. We also derive from this
calculation, that for all pairs of variables, notable dependence
occurs with time lags of up to 32. Based on this observation,
we set the order of the VAR model to be equal to 32.

This decision is further supported by information criteria-
based order selection methods built in the software we use to
test the method. We have experimented with multiple criteria,
including Akaike information criterion (AIC) from [15], where
AIC = 2k—21n L, k is the number of parameters and L is the
maximum likelihood achieved by the model, final prediction
error (FPE) [15], Hannan-Quinn information criteria (HQIC)
and Bayesian information criterion (BIC) [16]. We observe
that AIC yields the most stable results for our case, yielding
the same, as discussed above, lag of 32 time steps.

C. Weight-Dropped LSTM Learning

In this physics-blind setting, we follow state of the art
in sequence modeling, see e.g., [17], and utilize the WD-
LSTM. Two other specifics in the implemented scheme are
related to the use of the multiple LSTM approach and its
applications to the supervised setting (input-output relation).
Experiments with various LSTM architectures, utilizing a
number of different training techniques, e.g., dropout, hidden-
to-hidden dropout, weight decay, and varied sequence length,
have revealed superiority of the LSTM scheme to other ML
options linked to its ability to capture wide and varying ranges
of data dependencies. We chose to work with the adapted
version of WD-LSTM from [18], also sticking to the WD-
LSTM hyper parameters described in the paper.

D. Neural ODE

Proposed in [12], Neural ODE is the novel “continuous
time” deep architecture approach taking advantage of the
adjoint methodology for the back propagation. The method
consists in seeking for a vector ODE with nonlinearity (right-
hand side) represented by a deep neural network. Specifically,
we use a nonlinearity given by a two-layer fully-connected
neural network with 100 hidden units and a rectified linear
unit activation function between the layers. We also leverage
dropout [19] to improve performance.

This method is a natural fit for the problem of our interest,
as it combines the ODE structure, motivated by the physical
model of the generator, with the efficiency of the neural
networks. As noticed in [12], it is often difficult to guess
correctly the structure of the underlying differential equation
representing a complex dynamical system. Moreover, picking
a wrong type of ODE may introduce biases in parameter
estimates skewing predictions. Therefore, Neural ODE may be
advantageous to other physics-blind approaches as introducing
some (even though not too much) of the underlying physics
into a black-box approach.

IV. EXPERIMENTS AND RESULTS

We use the same experimental setup to train and examine
all the four models we built to represent a power generator. We
train the models to read (V,¢) pairs sequentially and output
(P,Q) in a (varied-length) window. The objective function
is the mean squared error (MSE), introduced in (1), which
juxtaposes model outputs at each step and the ground truth
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data. We estimate the quality of the prediction using the
following normalized root mean square error (NRMSE) metric

T T
1 1
NRMSE(x,y) = T Z |Ix¢ — Ytz/ T Z Ixcll2 (8)
t=0 t=0

We train each black-box DS model on the data sets #1-4,
i.e., data sets with a specific unique value of the generator
parameters, 8. Then, we examine the quality of the training
on all other data sets (not used in training) and report results in
the form of the colormaps described below. We also continue
to train the models resulted from the combined data set #4 a
bit further (fine-tuning the models) on the data set #9, where
0 changes randomly from sample to sample, to improve the
generalizability of the models. We then evaluate these models
on data sets #5-8 and report the results in Table II.

In the case of physics-informed approach, the training data
naturally plays a less important role. We even find that learning
from static power flow values produces a decent approximation
of parameters. Thus, we only train our physics-informed
approach on data set #4. We evaluate the obtained solution
on data sets #6-9 and report the results in Table II. In the
case of the physics-free models, we use the realistic temporal
resolution of 10 measurements per second. In the case of the
physics-informed model, we use the enhanced resolution of
10* measurements per second.

TABLE 11
COMPARISON BETWEEN MODELS, MEAN NRMSE IN %.
Model Test fault resistance
10 1 0.1 mix
VAR - - - 4.72
WD-LSTM | 0.04 | 0.39 3.77 2.09
ODE 0.24 | 2.26 | 12.78 | 8.01
N-ODE 098 | 1.11 5.18 3.30

A. WD-LSTM

As shown in Fig. 3, given more complex data for training,
the WD-LSTM approach performs better on less complex
data. Also, learning on more complex data allows for slight
improvement in performance on high-order noise data.

Most importantly, a color map in Fig. 3 highlights the
lack of domain generalization, as models trained on one fault
parameters poorly generalize to others. We approach this issue
via learning from randomized generator parameters. Even
though the model manages to produce reasonable results for
noisy generator parameters, the model does not improve on
highly perturbed data reliably, as Table II shows.

Finally, in Fig. 4 and Fig. 5 we present examples of the
output signal generated by LSTM model from input sequences
(not seen during training) in different nonlinear regimes.

The reconstruction is not perfect, in compliance with
NRMSE values in Table II. However, the difference is very
subtle and is localized mostly in the areas of extreme deviation
from static power flow values. Note that in the mildly non-
linear regime the reconstruction is close to perfect.

So 002 055 64 38
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&~ 009 017 57 33
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Test fault resistance, p.u.

Fig. 3. Colormap of the LSTM performance, brighter is better.
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Fig. 5. LSTM performance on (unseen) example from data set #1.
B. ODE

From Table II, we conclude that ODE constitutes a strong
competitor to all physics-blind approaches. With larger pertur-
bations, however, non-optimality of learned parameters plays
a more significant role, preventing the model from performing
on par with others.

We also experiment to examine the evolution of parameters
throughout the training. We note that the considered parame-
ters fall into three groups: 4 parameters describing reactances
of the three axis of the generator and infinite bus, and per
parameter for gains in exciter, voltage regulator and stabilizer.
For each of these groups, we observe different convergence.
For the first group, we obtain nearly optimal variables within
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Fig. 6. Convergence of physical parameters.

one iteration on static AC power flow values. We conclude
that these parameters can be estimated with sufficient precision
and fix them for later training procedures. For the remaining
parameters, we obtain behavior illustrated in Fig. 6.

C. Neural ODE

Interestingly enough, we can derive from color maps in
Fig. 7 that Neural ODE does not exhibit behavior similar to
WD-LSTM, i.e., providing more complex data during training
does not introduce a notable improvement to quality on less
complex data. On the other hand, Neural ODE generally
performs better on data with a higher-order noise.
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Fig. 7. Color map of the Neural ODE performance, brighter is better.

V. DISCUSSION AND PATH FORWARD
A. Pros and cons of the proposed schemes

a) VAR: This approach is the lightest of all considered.
It should be considered as an implementation light, working
horse for online adjustments suitable for an automatic embed-
ding into real-time simulators. This method is only limited to
linear or almost linear regimes, and it lacks interpretability.

Thus it is not suitable for generating in-depth corrective
suggestions (on what to modify at the generator).

b) WD-LSTM: An important feature of this approach is
more efficient training and inference, as the required computa-
tions are matrix multiplications. The WD-LSTM allows gener-
alizations, that is it can be used when the model is not specified
or even when it is specified incorrectly. The most notable
drawbacks of the method are lack of interpretability and fixed
temporal resolution. We conclude that the scheme has a niche
in a mildly non-linear regime requiring no corrective control
(latter would not be possible without interepretation). In this
regime the prediction matches ground truth almost perfectly.

c) Physics-based ODE: Contrary to above discussed
approaches, it offers interpetable solution stated in terms of
much fewer number of physically-sensible parameters. An
additional benefit of the physics-informed learning can be
performed even on the static (not varying in time) data. Notice,
however, that the latter feature of the ODE approach also has
a flip side - one needs to work with the correct model and
initialize training from the condition which is quite close from
the actual operational values. Significant advantages of this
physics-based ODE approach, completely unavailable via WD-
LSTM, are in the methods ability to handle sample irregularity
(both in the training/learning and inference stages) and its
remarkable ability to produce sensible results in the highly
nonlinear case. This important latter feature of the method
suggests that its niche is monitoring emergencies, i.e. highly
nonlinear regimes, which will most probably result (if the
emergency is confirmed) in a fast adjustment (control) of
the generator. In practice Physics-based ODE can be used
as an alternative efficient parameter learning procedure for
traditional reduced-order models.

d) Neural ODE: is positioned right in the middle be-
tween the physics-based ODE and the physics-free WD-
LSTM, both in terms of its pros and cons, and thus may
offer a good compromise. As other NN-based schemes, it
allows efficient training, handles miss-specification well, and
also supports irregularity in measurements. Overall the Neural
ODE is well-positioned to take the intermediate niche of the
methods — most appropriate for the mildly nonlinear regime
when no follow-up control actions are required. However, and
on the flip side, the method offers no physical explanations.
In this regards, the method can be used as a pre-conditioner
for computationally heavier, but quality-wise superior Physics-
based ODE methods in the case when the level of nonlinearity
exceeds a pre-defined threshold.

B. Practical value of the results

While the developed methods are designed to solve the
same problem, their practical value varies, as discussed above,
depending on the regime.

In this sense, the Physics-based ODE method can be viewed
as an efficient alternative to traditional methods of parameter
estimation for well-established reduced-order models.

The physics-blind approaches including WD-LSTM should
be viewed as a new kind of reduced-order models. Although
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we did not explore efficiency of the improvement offered by
the models thoroughly, we note that WD-LSTM is faster than
the Physics-based ODE in both training and inference, which
implies it is more efficient than well-established reduced-order
models.

C. Possible extensions of the physics-informed approach

a) Parameters domain: In this work, we restrict the
values of parameters from arbitrary values to a pre-defined
domain in the form of /., ball. This choice of the parameter
domain was not optimized. A different choice of parameter
domain might lead to a better optimization results, provided
it allows an efficient implementation of the gradient-descent
projections.

b) Initialization issues: Apart from the proposed initial-
ization of the parameters, other choices can be considered,
including initializing from the solution of linearized DAEs or
utilizing some physically motivated guesses.

c) Device-specificity of parameters: Notice that consid-
ering physical model of the generator, we treated all the
parameters of the model on equal footing, even though better
results may be achieved if the parameters are split into
groups associated with different compartments/devices of the
generator.

VI. CONCLUSION

We have introduced and tested light and accurate methods
learning models of a power generator. We have also designed
our custom synthetic data generation process to provide the
data needed to train the models. We show that the LSTM
method is truly non-linear and robust to high-order pertur-
bations and randomization of the generator parameters. We
prove, through extensive experiments, that power generator
parameters can be estimated from terminal bus data through
the physics-informed approaches built on low-dimensional
parametrizaion of the generator’s governing equations. In
conclusion, preliminary analysis of the hierarchy of reduced
models of a generator, designed and tested in the paper,
shows promise for future use as reduced order, thus light
and efficient, models in different regimes and under different
circumstances. However, further tests, extending the proof-
of-principles studies to setting representing power industry
operations more realistically, in particular in terms of tests
based on actual (not synthetic) measurements, will be needed
to prove practical utility of our results.
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APPENDIX A
MODEL OF GENERATOR

A third-order (one-axis) model of an undamped generator
with a bus-fed thyristor excitation system containing PSS
and AVR (both with derivative feedback) and mounted to
an infinite bus [1] is described by the following system of
equations (9)-(20) and constraints (25)-(26). All quantities are
in machine base per unit, times are in seconds, angles are in
electrical radians per second.

21st Power Systems Computation Conference

Porto, Portugal — June 29 — July 3, 2020

PSCC 2020



S:wb(wf 1) 9)

1
i (Tar — (Vg + Raly) 1, — (Va+ Rolg)1y) (10)
. . 1
vy = Kyww — Evg (11)
1
i)s I —— (Tpsslv-Z + vy — vs) (12)
Tpss2
. 1
Vi = T (Vi = V) (13)
R
3 ]- Tavr
Ve =7 <Ko (l—T 1)(Vref+vs—VM)—
avr2 avr2 (14)

%)

; 1 Tavrl
Edee(<VR+KoT (WeervsVM)) .

avr2
15
Vi (15)
14 S0 W -1 — Efd
. 1
Ey= 7 (—By — (Xa = X)a + Eya) (16)
do
1
=S~ (X4E, — X,Vy — RVa) (17)
1
I, = ————— (R.,E — RV, + X}V,
= xox, g Pl o+ XaVa) (18)
P =Vilq+ V4, (19)
Q= Vlg—Vul, (20)
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Vi=\VE+ 17 (23)
¢ = arctan VK; 24)
Us min S Vs S Vs max (25)
EF min < Efd < EF max (26)

We consider the input vector, S = (P, (), characterizing
injection/consumption of active and reactive powers at the
terminal node of the device (generator), network terminal
variables vector, V' = (Vy, Vg, 14, I;), characterizing voltage
and phase measured at the terminal bus, state vector x =
(6, w, va,vs, Var, VR, Eya, Ey), describing phase, frequency
and a set of other variables representing voltages/potentials
at different internal nodes/elements of the device, and 6 =
(Ra, X)), Xa, Xy, H, Ky, Ko). All other entities entering the
equations are considered constants.

There is ambiguity in definition of V', which is illustrated
with equations (21)-(24); we choose to represent V' = (V;, ),
motivated by physical availability of these values.
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