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ARTICLE INFO ABSTRACT
Keywords: Increasing renewable energy supply and distributed generating sources in the power grid lead to lower inertia
Neural ordinary differential equations levels. Lower inertia combined with higher uncertainty in operation can cause drastic frequency fluctuations
Frequency stability when a disturbance occurs. System operators must know whether the transmission system is secure against a

Collocation method
Irregular sampling
Emergency control

disturbance. Real-time models attempt to predict the frequency in near-real time however require pretraining
on a large variety of possible disturbances. Training models in real-time would not require pre-training as they
are directly trained on the occurring disturbance. However, training in real-time is not feasible until now as
fast-occurring system dynamics require shorter prediction (and training) times for security and operation which
standard machine learning models are not capable of.

For the first time, this work proposes a fast training strategy that learns Neural Ordinary Differential Equations
(NODE) in near real-time directly on the occurring disturbance, simultaneously addressing the inaccuracy issue
of model-based dynamic studies. NODE learns the dynamics or derivatives of an ODE system that standard ODE
solvers can solve. NODE provides a continuous function for predicting future dynamics in a decentralized way,
hence faster frequency stability assessment for longer time spans. We propose a collocation-based sampling using
the collocation gradients. Case studies on the IEEE 39-bus system show the approach is feasible for near real-time
operation, accurately predicts future system states, and enables operators to apply predesigned corrective control
actions, potentially making the system secure for future disturbances.
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1. Introduction

The transition towards variable renewable energy resources (VRES)
significantly affects the power system frequency stability and the se-
curity of the operation. The system inertia slows down the change of
frequency caused by imbalances between generation and demand. The
system inertia is expected to be lower in the future than in the past
due to the increasing share of VRES. A lower frequency nadir and el-
evated rate of change of frequency (ROCOF) can create challenges,
including measurement inaccuracies, generation disconnection, relay
malfunctions, and regional frequency variation [1]. Phasor measure-
ment units (PMUs) provide system operators with frequency and voltage
phasor measurements. Operators use measurements to develop models
identifying frequency dynamics by estimating the ROCOF, the frequency
nadir (minimum). PMUs can enhance the efficiency of frequency con-
trollers such as automatic/continuous frequency control, contingency
detection, system integrity protection systems (SIPS), and emergency
control like under-frequency load shedding (UFLS) [2].

Wide area monitoring with PMUs can detect disturbances and as-
sess the system’s dynamic security for emergency control actions. These
emergency control actions can be either response-based, similar to con-
tinuous UFLS based on the frequency measurements [3], or event-based,
which trigger under a specific condition [4]. However, the number of
potential disturbances is vast and requires hand-crafted detection rules,
and estimating their performance is challenging. While the accurate dy-
namic simulation model can solve differential-algebraic equations (DAE)
for precise frequency dynamics, the computation time during operation
is impractical. High-performance computing offers some speed-up [5],
but there is not enough time for applying corrective control actions.
Multi-agent system models allow decentralized computation of local
power flows to adjust UFLS levels [6]. However, omitting the system’s
dynamic response would cause inaccurate power flow computations that
hinder the applicability of models against unpredictable system distur-
bances. Reduced order models like Unscented and Extended Kalman
Filters (UKF, EKF) combine model knowledge with measurements to
estimate dynamic states like rotor angle and frequency, providing a lim-
ited prediction horizon [7,8]. Machine learning (ML) models may help
to automate the analysis of nonlinear, complex post-disturbance events
for emergency control actions by predicting large-scale power systems’
stability or dynamic trajectories [9].

ML models are applicable to the frequency stability problems in
power systems due to their rapid computation capabilities and high per-
formance [10]. ML models can learn from historical and synthetically
simulated data to estimate stability against a predefined disturbance
and topology [11-13]. For instance, using decision trees to estimate
the transient stability enables faster out-of-step protection [14]. Multiple
ML models are trained with the synthetic data to predict the frequency
nadir against the predefined frequency event [15]. For frequency pro-
tection, neural networks can predict the required amount of UFLS
[16]. However, ML has limited generalization capabilities against distur-
bances that have not occurred before or have not been simulated before,
such as cascading disturbances and changes in the network topology.
Training one ML model for each topology or disturbance is impracti-
cal for large-scale power systems as it requires large training databases
studying all possible disturbances [17].

Several types of ML model examples have been studied to pre-
dict frequency nadir or trajectory following a disturbance. The deep
belief network model predicts the maximum frequency deviation but
requires high dimensional features that are hard to monitor accurately
in real-time [18]. The long short-term memory model (LSTM) forecasts
the subsequent minute system frequency depending on system inertia
and loading during the regular operation, not against severe frequency
changes [19]. The convolutional neural networks and LSTM models
can predict the system frequency response when all the bus’s volt-
age phasors, power demands, generation, and mismatches are available
as features requiring a large number of measurements [20]. Increased
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input dimensions cause slower training procedures. Alterations in the
generation or network put the generalization capabilities at further
risk and often require retraining with the new training data [21].
High dimensional input and the limited generalization requiring large
databases represent current barriers to implementing these ML models
for real-time frequency prediction and control.

The neural ordinary differential equation (NODE) model represents
an ODE system, where neural network layers approximate system dy-
namics similar to the residual neural network structure [22]. An ODE
solver can compute the system response using the trained NODE and
initial conditions. The adjoint sensitivity method can efficiently update
NODE parameters during the training while using fewer data points, of-
fering an advantage over chain rule-based gradient computation. Having
an ODE representation also enables NODEs for continuous control [23],
simulating a system response [24], and long-term forecasting [25].
Power system dynamic simulations can provide sufficient training data
for NODEs to estimate dynamic system model parameters [26] and dy-
namic component modeling [27]. Using physics knowledge from the
mathematical model enables NODE to generate the dynamic equiva-
lent for the power system using a large number of dynamic states [28].
Having a large number of states causes NODEs to suffer from long
training times. Alternatively, approximation of local dynamics with lo-
cal measurements allows NODEs to forecast system dynamics in near
real-time for security assessment [29]. However, the high number of
NODE training points coming from high-resolution measurement de-
vices would create more checkpoints for the ODE solver using the adjoint
sensitivity method [30] and is therefore ”off-the-shelf” not applicable for
real-time frequency prediction and control. The downsampling method
can reduce the number of training points without significantly compro-
mising the data quality and possibly make NODE applicable in near
real-time tasks.

The downsampling is essential for any ML model when learning from
time series data [31]. One downsampling method is adjusting the sam-
pling rate in equally distributed sampled data with data mining [32]
or deep sampling [33]. Alternatively, using ML in an active learning
structure can obtain the most representative downsampled data [34].
The convex alternating direction method (ADMM) of multipliers [35]
or binary non-convex formulations [36] minimize dissimilarity, hence
enabling the computation of optimal downsampling that represents the
target. Unfortunately, both convex ADMM and binary non-convex for-
mulations rely on the static distribution of data that does not change
with time, whereas power system dynamics are diverse and change with
time as they depend on the system condition and type (and magnitude)
of the disturbance event. Moreover, cascading events occur following a
severe disturbance, resulting in unique system trajectories that cannot
represent a proper distribution. Alternatively, [37] proposes a Latent
ODE workflow that combines recurrent neural networks and NODE to
learn from irregular samples but sacrifices the efficient training.

This paper introduces a decentralized application for the near real-
time downsampling and training of the NODE in a frequency estimator
workflow. The offline dynamic simulations provide a representative
sample for the NODE pretraining and hyperparameter tuning. The ob-
tained model acts similarly to the warm start condition in optimization
problems to reduce the online retraining times. The estimator work-
flow monitors a single PMU device to detect the frequency event and
transform the measured states for the online NODE retraining to pre-
dict event-specific future local measurements such as frequency (nadir).
The decentralized nature of the workflow considers the online computa-
tions in the local substation where the measurement devices are located
to avoid any communication delays. Such workflow has specific pre-
dictions for each observed event instead of other ML approaches that
try to generalize against all possible scenarios and conditions. This gen-
eralization makes the workflow adaptive to system model updates and
unknown parameter variations, which would limit mathematical mod-
eling capabilities during the operation. System operators can extend the
proposed workflow for all available measurement points in the system
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to obtain a comprehensive stability analysis in near real-time without
additional computational costs, as each model relies on training data
collected in a decentralized fashion. The workflow uses a collocation-
based loss computation that provides weights for efficient irregular
downsampling of the time series data to achieve faster online training.
The predicted frequency trajectory enables the triggering of emergency
control actions to improve grid security. A novel trigger function vali-
dates the accuracy of frequency prediction from various training epochs.
The trigger provides a data-driven fast solution against unpredictable
frequency events to improve system security.
Overall, the paper contributes to

1. Applying the NODE model in near real-time training to predict
system frequency from a single measurement point before the
frequency nadir.

2. Collocation-based irregular downsampling method to improve the
efficiency of the online NODE training.

3. Trigger function for early activation of emergency corrective
control actions.

4. Testing NODE predictions against noisy PMU data collected from
a single measurement point during the regular operation of the
Dutch high voltage transmission system.

2. Power system frequency response and stability

The system frequency f in power networks refers to the rate at which
alternating current (AC) oscillates, indicating the balance between the
total generation P; and total demand P;. The swing equation repre-
sents the system’s simplified power system dynamic characteristics to
compute the frequency deviation A f in response to a sudden change in
the balance, where H and D are the system inertia and damping.

%%JJMf:i#A%—AQ] ¢h)

This simplified model does not consider electromagnetic phenomena
or include further dynamics from the turbine, governor, and frequency
controllers. However, the full mathematical model for the dynamic sim-
ulation in this paper can be found in [38]. Furthermore, the high number
of VRES units in the grid-forming mode can contribute to the frequency
containment reserve via proportional control S = —Af /AP if VRES op-
erates below its maximum capacity. Physical dynamical models, like this
simplified model based on swing equations, are limited in approximating
the system response. Unobserved and unpredictable changes during the
operation and the information regarding the disturbance are challenging
to model and could result in long computation times.

The system responds to large frequency deviations with special fre-
quency protection units, preventing damage to equipment around the
nominal frequency. For example, UFLS schemes disconnect the pre-
defined demand from the system to avoid dangerously low-frequency
values. UFLS activation is based on the frequency and its rate of change;
hence, these are the critical parameters of the frequency trajectory that
ML model M estimates.

Fig. 1 is a graphical illustration of a regular frequency drop event
caused by generation loss in the system with two different NODE esti-
mations from offline and online (before and after training). The initial
frequency prediction (dashed green line) / from the offline pretrained
NODE with the dynamic simulation data requires a short online training
with the post-event measurements due to the simulation environment’s
limitations and the variety in the event and operating conditions. The
time span (dotted black line) z,,,;, is used for training the offline NODE
model M to obtain the online model M* that predicts the dashed blue
frequency f* with the complete time span Teomp- Offline prediction is
faster but less accurate than online prediction, as offline model predic-
tions do not include any event-specific frequency dynamics besides the
initial condition. This paper focuses on estimating the local frequency
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Fig. 1. System frequency measurements vs. NODE predictions illustration after
and before online training.

nadir and immediately restoring the frequency level from frequency
containment reserves and inertial response, ignoring automatic and
manual frequency restoration reserves because of slower response times.
Capturing restoration response requires additional training following the
nadir, which is outside the scope of this paper.

Dynamic simulations use DAE equations with network and controller
parameters ¢ to compute the dynamic x and algebraic y states from the
initial conditions at .

IESYIEE

g(x,y,¢,1)=0

@

The numerical ODE solver computes the x, approximating the system
measurements y. The solution time sample vector +* € R* has irregu-
lar time step differences as the solver uses adaptive time step where
the number of time steps x depends on the solution complexity and
determined time span 7.,

3. NODE frequency estimator

Fig. 2 illustrates the offline (blue) and online (red) workflows of the
proposed NODE frequency estimator. The offline workflow is essential
for selecting hyperparameters and the pretrained parameters ¢, of the
NODE model M for the online workflow using the representative case
from the dynamic simulation results. The online workflow processes the
raw system measurements yZ¢ from the PMU device to conduct near
real-time training starting from the pretrained parameters and predict
the future dynamic trajectories X* following a frequency event in the
power system. Both pretraining and online training parameters of M
are stored in parameter database Q, where the final model parameters
0* correspond to the minimum validation loss.

3.1. Neural ordinary differential equations

Artificial neural network (ANN) models NN construct complex trans-
formations of the given input feature vector xyy[t] € R? at time ¢ to
estimate the future states at the time 7 + Atr.

NN (xyy[t]) = Xyy [t + Af] (3)

Multiple stacked hidden layers parameterized by # with nonlinear ac-
tivation functions enable ANN to approximate complex functions. The
multi-output autoregressive task requires sequentially inputting the pre-
diction results to obtain a total trajectory estimation of the dynamic
system response. The prediction horizon and accuracy vary with the
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referred to the web version of this article).
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model architecture and input sequence length z,,,. The training data
is equally discretized in time, and the gradient descent method updates
network parameters 6 in the direction of the negative loss gradient %.

Residual neural networks take the input features to the output of the
hidden layers h.

x(t + A1) = h(x(7), 0) (C)]

The formulation resembles Euler’s method when A7 ~ 0. The NODE
model combines an ODE solver and residual network layers to learn
the hidden state dynamics instead of the state itself. The ODE solves the
NODE system from the given initial condition x, at any point in time
[22].

10+ Teomp
Xty + Tugy) = X, +/ h(x(z),e)dz
0 comp 0 o 5)

= ODESolve(x, h, T, 0)

comp>

The backpropagation from the last to the first time step is computation-
ally inefficient as the ODE solver has adaptive time steps depending on
the error. Instead of the direct application of the chain rule, the adjoint
sensitivity method computes the gradoi?nts by constructing a new ODE

system using the adjoint states a(t) = =

((ii_ttl = a7 0h(>;(;), 0)
The loss gradient is equivalent to vector Jacobian pairs computed by the
reverse mode automatic differentiation. The adjoint sensitivity ensures
the computational efficiency as a single ODE solver call is sufficient for
each epoch but requires deep networks when the ODE solver takes many
time steps.

The collocation-based loss function L, provides faster training as the
loss is based on the system dynamics rather than the simulated solution
(label) [39]. The collocation method estimates the derivative of the se-
lected points x[k], k = [1,2,...,k] hence, the parameter 6 update does
not require any ODE solver.

(6)

=1 ; (1 - histin.0)) @

When NODE learns a true ODE system, collocation-based learning
is an ideal alternative, as the learned dynamics satisfy actual dynam-
ics. However, the actual dynamics of a single measurement point in a
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power system depend on internal controllers and unobserved states of
generation units. That’s why the direct application of the collocation
method cannot satisfy an ODE equivalent and has lower approximation
capabilities than training with the adjoint sensitivity method.

3.2. Offline workflow

The offline workflow acts as an accelerator for NODE training and
verifies the model performance based on the analyzed simulation results
for the selected measurement point. The dynamic simulation model of
the observed system computes the power system states from the mea-
surement point of the system using different system loading conditions
2 Py, share of VRES Y, Prps /(X Pres + X Pyyy), and dispatch profiles
where ¥ Pppg and ¥ P, indicate total renewable and synchronous
generation in the system. Alternatively, (if possible) the previous mea-
surements from the actual events can provide the representative case.
The randomized dispatch profile satisfies the system’s generation and
power flow limits. kK number of simulation results in the vector y° =
[fS, P, 0%, 6% V*] of the measurement bus containing frequency f*,
active power injection P°, reactive power injection Q°, phase angle
difference 6°, and voltage magnitude VS.

We define the representative sample that has a nadir frequency value
f'j, = min(f*) and corresponding time 7, which is equal to the min-
imum Euclidean distance to the mean nadir # = [fyu4.?neq] Where
SNad = %Zi f7owith 1y, = %Zi f}. To overcome the unit difference
between frequency and time, all values are z-normalized for the consis-
tent distance calculation. Alternative distance metrics are also suitable
for the identification.

lelm2mk |z = nll, ®

s.t. z, = [f}. 1] 9

The representative dynamics y;,(¢) are scaled with p based on the pre-
disturbance steady state operating values y;*. The aim of obtaining y? (t)
is not to provide an initial security assessment but to reduce the re-
quired number of training epochs. Having a representative sample with
nadir values outside of the distribution could cause a higher initial er-
ror in NODE predictions, but online retraining ensures correct security
assessment.

s

5 (1)
PO, 1) = X(1) = )’X

> 1 € [t0: 10 + Teomp) (10)
m

The training X,,,, validation X, and test X,,,, data come from the
feature matrix X (¢) with the corresponding time spans z,,.,;,,, 701> and 7;0;
The X,,,;,, with a proper time span that contains sufficient information
about the system dynamics includes many time samples. High-resolution
PMUs or adaptive ODE solvers provide solutions with short steps to
represent the actual dynamics accurately. Sampling from the original
dataset ensures faster NODE training.

Fig. 3 illustrates an arbitrary simulation data (b), its collocation
points (a), and the absolute error between NODE’s NN output and col-
location points (c). The proposed irregular sampling method is based
on weighted random sampling of measurements to generate training
data for the NODE. Randomly sampling the specified number of points
p < k results in the subset { C 1,,,,.|¢| = B containing time samples.
However, having equal weight for all time samples in the random sam-
pling might cause more stationary points in training, resulting in NODE
fitting simpler dynamics.

Collocation-based sampling assigns a weight vector w € R* for each
time sample from ¢,,,, based on the loss ¢ between the collocated data
and the NN output.

dx,.,; :
© = (ﬂ - h(xtmm,g)> = (€ltypgin])? an

dr
Hyperparameters of the NODE model M are determined based on the
weighted sampled set X,,,;,[{]. The weighted random sampling on the

train
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Fig. 3. Illustration of collocation-based irregular downsampling. (a) collocation gradients (—) and NN output (---). (b) simulation results (—), NODE predictions (- -),

and sampled training data (®). (c) the absolute error between gradients ().

training time samples ¢,,.,, generates the time subset ¢. These hyper-
parameters can be tuned with state-of-the-art algorithms. ODE solver
type and tolerances specify the numeric computation method, which
affects the accuracy and the solver time. NN parameters such as the
number of neurons, layers, and activation functions adjust the model
complexity. The last training hyperparameters are the learning rate and
the type of gradient descent solver. M with the selected hyperparam-
eters uses the sampled training data X,,,,[{] to obtain the pretrained
model parameters 6. The function

Train(h, 0, X,,4in> & Tirain) (12)

trains one epoch and updates the network parameter 6. Training con-
tinues until the total scalar loss L, = L([X,uin Xvar)s [Xirains Xoarl)
converges or the maximum number of epochs N, is reached. Any
scalar loss function is possible for selecting L, such as mean squared
error (MSE) or mean absolute error (MAE). The prediction is X =
ODESolve(x, h,t,7,0). The pretrained model supplies the prediction of
the dynamics X,,, which is more accurate than a completely randomly
initialized model, even for a fault that has never occurred in the training
data. Moreover, the random initialization likely causes an unstable ODE
system.

3.3. Online workflow

The online decentralized workflow begins with transforming local
PMU measurements and processing data into the dynamic features X.
The workflow computes the initial prediction following the event de-
tection using the initial condition X,,. Collocation-based downsampled
features are the inputs for the NODE training. The final model predicts
this using parameters resulting in a minimum loss.

The PMU provides the bus measurements of frequency f, three-phase
phasors of current 1, = [1,, I, I, ] and voltage V,,. = [V,,V,,V,]. Power
flow equations compute the active P and reactive Q powers transferred
through the PMU where x indicates the complex conjugate of x.

P+jQ =V, I, + VI, + VI, as
As simulations compute system dynamics in a single-phase equivalent
network, we apply the following transformation to alter the three-phase
to its symmetrical components using the complex rotation operator « =

1, Vi

2t

V. 1« o[V,

1
V_|= 3 1 o2 « v, 14
Vo 11 1||w

The positive sequence state voltage magnitude |V, |, phase angle dif-
ference 6 = 2V, — 21, frequency f, active power P, and reactive power
Q constitute the set of dynamic states y. The decentralized event detec-
tion function ®(y(¢)) screens the local frequency values from the PMU.
The function finds the initial condition of M from the time sample 7,
when the frequency deviates from the base frequency f, by more than
the predefined threshold ¢. Otherwise, the function

if |[f()—fol <6

otherwise.

thy=1t,

15
1% = x®, as)

Dy (1) = {

records the steady state dynamics before the disturbance y** for scaling.
Data processing p (as shown in Fig. 2) described in Sec.3.2 scales the
dynamic states y(r) with y** for the time period t;, < 1 < 15 + 7.4,
to obtain the training data X,,.,,(). M, with the pretrained param-
eters §, computes the initial prediction X, before real-time training.
The collocation-based downsampling computes © and corresponding
weighted random sampled points X,,;,[{] for real-time training.

The parameters database , collects the NODE parameters 6 after
each epoch until the validation data X, is collected from the processed
system measurements X (1) = p(x (1), y**) where ty + 7,5, <t < 19+
7,4+ After the validation set is available, the parameter that provides
the smallest L, loss is identified.

min L([Xtrain’ Xva[]’ [Xtrain’ Xual]) (16)

0eQy
s.t. X,pain = ODESOIVe(X 1, uinlto]s By Tirgins 0) 17)
X 01 = ODESolve(X (o], hs Tpay» 0) (18)

The decentralized training continues until the maximum epoch N, is
reached while updating the Q, when a new prediction X has a smaller
L,. System operators can access intermediate predictions from Q, to
analyze the learning loss and take actions before the algorithm reaches
the N,,,.. Moreover, operators can monitor the frequency error of the

model with upcoming PMU data in near real-time.

3.4. NODE-based trigger for emergency corrective control actions

The decentralized frequency prediction of the NODE model can acti-
vate certain corrective control actions earlier than the system frequency
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Algorithm 1: The NODE-based trigger function.

Input: M’Ttruinfrval’QG’)"y’pﬁftrain’fual
1 count =0
2 for 0 in Q, do

1 N
3 Ctrain = N Zkzl |M(0’ Ttrain)f[k] - ftrain[k]l
Coar = 3 et 1M O 70 K] = fyalK

4 if e, pin <7 & e, <y then
5 count = count + 1
6 end
7 else
8 ‘ count =0
9 end
10 if count = p & min(M (0, 7)) < 4 then
11 ‘ return 1
12 end
13 end

f(®) reaches the predefined threshold value 4 at any time ¢. The main
principle of control actions is adding generation or reducing demand
to balance the power mismatch causing frequency drop. The triggering
function ¢(f(¢), A) = 1 activates the predefined control action when the
system frequency reaches A where,

f<a

1
0, F) 24 (19)

c(f®, )= {

The early triggering of the control actions would stop the frequency
drop in the system and increase the frequency nadir. This trigger could
save the power system in emergency situations like generation discon-
nection from low-frequency values. The NODE-based trigger function
described in Algorithm 1 ¢/(M,Qy, 4,7, p) triggers the predefined con-
trol action before system frequency reaches the limit. Alg.1 checks if
c(f(n,4) = 1 and the frequency MAE of the training e,,,, and val-
idation e,, are lower than y for at least p consecutive models from
Q,. As described in Sec. 3.3, Q, stores model parameters ¢ during the
training. y and p are controllable parameters to set the confidence of
NODE predictions during the training. For more convenient reading, the
predicted frequency of the NODE is denoted as M(6,7)” in the Alg.1.
System operators can adjust the algorithm’s controllable parameters by
training more epochs with stricter error limits to improve the nadir
prediction.

4. Case study

The studies use a modified version of the IEEE 39-bus test system.
Buses 1, 9, 16, 17, and 28 contain WECC Type 3 wind turbines [40]
with 1000MW capacity to investigate the proposed workflow’s perfor-
mance under various VRES shares. Bus 39 is the measurement point,
as the bus represents the interconnection point of the system. Dynamic
simulations consider four system loading levels [90 %,75 %, 60 %,45 %]
of the maximum generation capacity of the synchronous machines and
three VRES shares of the total generation [40 %, 20 %,0 %]. Synchronous
machines and load dispatches are randomized 100 times, with the fixed
voltage point for PV buses and power factor for PQ buses, while wind
turbines have equal generation output. Dispatches without converged
power flow results are replaced with other random feasible operating
conditions. The final dynamics database contains 1200 samples for the
frequency estimator to test the proposed framework against other ML
baselines.

To investigate the frequency stability, dynamic simulations com-
puted and recorded the selected states, as described in Sec 3.2, from
the interconnection point against the disconnection of the largest syn-
chronous machine, excluding the swing and interconnection. A 3-phase
short circuit with 0.1 + j0.1Q fault impedance is applied to the high
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voltage bus containing the disconnected generator for 150ms, and the
total simulation duration is 40s. If frequency measurements go above
65Hz or below 55Hz, the simulation is terminated due to the blackout
condition for the 60Hz system, and no nadir values are observed. The
NODE can still learn the frequency trajectories of these extreme cases,
but we cannot provide any error information regarding the nadir as
it does not occur. Generators 3 and 8 are turned off when the system
loading is low and the VRES share is high. Dynamic simulations do not
include electromagnetic transients (EMT) models because the time scale
of the frequency response does not require the computation of switch-
ing actions in power electronic devices. The proposed NODE frequency
estimator is suitable with EMT models, but higher downsampling would
be required to achieve similar training times.

The event detection threshold was selected as ¢ = f, + 0.1Hz for
the test system. Following the event detection, the preprocessed simula-
tion results were split into training 7,,,;, = 4.95s, validation z,,, = 3.47s
and test 7,,, = 31.32s sets selected based on experience where longer
training times could be used if the system responses are slower which
is feasible for larger grids compared to our test network. The NODE
model, which has the lowest mean squared error (MSE) loss on train-
ing and validation time span (z,,,;, +7,,), predicts the complete horizon
(Zirain + Toal + Trosr) trajectory X. The base training and complete sets con-
tain 497 and 3977 time sample points, whereas random and collocation
sampling use only 100 for the NODE training. The NODE model has 2
hidden layers with 50 neurons per layer using the hyperbolic tangent
activation function. Tsitouras 5/4 Runge-Kutta method solves the ODE
system to compute the MSE loss for the NODE training with 850 and
60 epochs for offline and online, respectively. ADAM solver with 0.005
learning rate updates NODE parameters §. ANN (same architecture as
NODE and trained with 500 epochs), SVM (Gaussian kernel), and linear
regression models used the same training data for comparison against
the NODE model. All models have autoregressive structures to train and
predict measurement values. Besides the ANN, each predicted state has
a separate model. RZ, MSE, and discrete Fréchet distance (DFD) [41]
metrics are used for performance measurement.

PMU recordings from a real-life operation have been investigated by
the NODE and reduced-order models. SINDy algorithm [42] provides a
reduced order model required by UKF [7] and EKF [8] models to predict
future PMU states. The SINDy model is a third-degree polynomial model
where initial and measurement noise covariances are selected as 0.1 for
UKF and EKF.

DigSilent PowerFactory 2022 [43] computed the dynamic trajecto-
ries. The studies were conducted in Julia v1.7 [44] using the NODE
modeling DiffEqFlux.jl, time studies BenchmarkTools.jl, and other ML
models MLJ.jl, Flux.jl libraries. The experiments were conducted on a
virtual machine with ”Intel(R) Xeon(R) Gold 6148 CPU@2.4 GHz” and
16GB RAM.

4.1. NODE frequency estimator performance in offline workflow

The first case study investigates the regression and training perfor-
mance of the decentralized NODE models for the selected pretrained case
with three training methods: base and collocation without any sampling,
random sampling, and collocation sampling.

The pretraining case y;, has the minimum Euclidean distance to each
trajectory’s z-normalized nadir frequency and corresponding time in-
stant as in Sec. 3.2. The pretraining case has 0 % VRES share and 60 %
system loading. The frequency nadir of the pretraining case is 59Hz
at 15.3s, and the average frequency nadir of the entire dataset equals
58.93Hz at 17.2s.

The adjoint sensitivity and collocation-based training methods were
applied to various samplings of the training data computed from the
pretraining case y;. While evaluating the performance metrics, NODE
computed the final solution for the same time points as the original
training data. The parameter sets 6* with the lowest validation MSE loss
during the training were used for the final model prediction.
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Table 1

Comparison of various training methods of NODE for the selected pretraining
case on the training data.

Table 3
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Online Frequency Prediction Performance (mean = std.) of the NODE and other
ML models for the dynamic simulations of the modified IEEE 39-bus system.

Training Method Sampling MSE DFD RrR? Time(Epoch/s) Model Data MSE DFD RrR? Afyaa (Hz)
Adjoint Sens. None 4.17 0.523 0.94 0.23 Linear Train 09+1.6 02+05 1+£0.1 -
Collocation None 39.2 17.6 0.05 0.12 SVM Train 0.6+1.8 0.1+£04 1+0.1 -
Adjoint Sens. Random 3.44 0.32 0.96 0.15 ANN Train 2+19 02+03 1+0.1 -
Adjoint Sens Collocation 4.87 0.55 0.94 0.14 NODE Train 14+5.1 0.6 £0.5 0.8+0.4 -
Linear Complete 3+9)x10° 25+28 0.7+0.5 12+20
SVM Complete 83+24 09+2 0.6+0.5 04+0.6
Table 2 ANN Complete 97 +£25 09+2 0.5+06 03+0.6
NODE Complete 26+ 10 0.7+0.8 0.8+04 03+04

Comparison of various training methods of NODE for the selected pretraining
case on the complete data.

Training method Sampling MSE DFD R?
Adjoint Sens. None 12.39 0.523 0.847
Collocation None 170.22 247.26 0.001
Adjoint Sens. Random 26.8 0.89 0.729
Adjoint Sens. Collocation 2.65 0.55 0.96

Tables 1 and 2 contain various NODE training methods’ perfor-
mances on the training and complete data (the combination of training,
validation, and test sets). The training time of a single epoch for each
case in Table 1 shows that training takes a significant amount of time in
the base case, while collocation-based training is the fastest but results
in the least accurate prediction due to the direct computation of the loss
gradients from the estimated collocations instead of using an ODE solver.
Using collocation loss as a training method caused an unstable ODE
system because the proposed workflow approximates an ODE system
only from local measurements, where larger and more complex system
dynamics can affect observed dynamics. Although random sampling per-
forms slightly better on training data, collocation sampled data has a ten
times lower MSE for the complete data set because of more training sam-
ples from regions with higher initial collocation loss. Moreover, using
centralized training with measurements from multiple locations in the
system will increase the training time significantly as solving ODEs be-
comes much more computationally expensive. The centralized training
will be infeasible during near real-time training.
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Fig. 4. Simulation data (—) of the power system against an under-frequency
event is divided into training (I), validation (II), and test (III) sets. NODE pre-
dictions of frequency (a), active power injection (b), phase angle difference (c),
and voltage (d) trained with the adjoint sensitivity method without any sampling
(—), and collocation sampled (—).

Fig. 4 shows actual and NODE predictions of power system simula-
tion results from the two models with collocation sampling and without
any sampling. Both results captured a significant portion of the training
and complete data. The proposed collocation sampling algorithm has the
least frequency and voltage estimation error, where both dynamic states
can be crucial for the dynamic security assessment. This study shows
that the approximated ODE system has a similar oscillation characteris-
tic to the simulation results, as the NODE could approximate available
measurements. In the case where a mathematical model of the system
does not exist, historical frequency recordings could be used for the
training. This could cause the pretrained prediction in blue curves to
be further away from the actual frequency because of unseen operating
conditions, system topologies, and frequency events. However, the on-
line training ensures that NODE adapts to the system changes to capture
the frequency.

4.2. NODE frequency estimator performance in online workflow

This case study investigates the feasibility and performance of
real-time collocation-based sampled training of the NODE for the de-
centralized nadir prediction task using the dynamic simulation results
under various operating conditions and VRES shares. The NODE’s per-
formance is compared against several baseline models, such as linear
regression, SVM, and ANN models, in an autoregressive fashion where
the predictions are used as new input features.

Table 3 contains performance metrics and nadir errors for all ML
models in both training and complete trajectories by taking the mean
and standard deviation of the metrics. The NODE has the highest MSE
loss in training data, whereas the other models provide similar outputs
that fit the observed data perfectly. However, as these models do not
have any ODE system properties, the test performance is worse than
that of the NODE. ANN and SVM models perform similarly as the two
models can learn nonlinear functions better than the linear model. All
models’ output error increases when the system has growing oscillations
and large excursions in voltage or frequency. Higher DFD values in other
ML models showed larger deviations in the predictions that could cause
false or missed alarms. Smaller DFD and higher R? scores show that
NODE has the highest prediction capability. The number of epochs in
the training of the NODE (60) is much lower than that of ANN (500). At
60 epochs, ANN was underfitted, and its predictions had high errors.

Further analyzing the NODE predictions revealed insights into tra-
jectory complexity and variation in the learning performance in Table 4
under various system loadings and VRES shares. When the system load-
ing is lower, the impact of losing the largest generation is a less severe
disturbance, so the NODE learns the ODE dynamics more accurately.
As system loading increases, unstable system responses cause higher
frequency nadir errors due to unconfined frequency excursions. Even
though a higher VRES share in generation lowers the system inertia, the
distribution of the total generation improves the system’s resiliency. The
highest average nadir error occurs when the system loading reaches 90 %
of the capacity, and the generation only comes from the synchronous
machines.
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Table 4
Online Frequency prediction (complete) performance (mean = std.) of the NODE
model for the dynamic simulations.

Load VRES MSE DFD R? Af o (Hz)
45 % 0% 7+0.6 02+02 09+0.1 02402
45 % 20 % 5+3 0.5+03 09+0.1 0.1 0.1
45 % 40 % 5+1 03+0.1 0.9 +0.03 0.1+0.1
60 % 0% 11+4 0.5+03 09+0.1 02+02
60 % 20 % 15+5 0.6+0.3 09+0.1 02+03
60 % 40 % 105 05+04 09+0.1 02+03
75 % 0% 22+7 0.7+05 09+02 03+0.3
75 % 20 % 21+6 0.7+0.4 0.8+0.2 03+03
75 % 40 % 27+7 08+0.6 0.7+02 03+04
90 % 0% 54+8 1+0.8 0.6+0.5 08+0.5
90 % 20 % 77+ 19 1+14 0.8+0.4 03+03
90 % 40 % 5110 1+1 0.7+0.5 03+03
: Epoch 0 0.5 : Epoch 20
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Fig. 5. Scaled simulation results of frequency deviation Af (—), and ac-
tive power deviation AP (—) with corresponding scaled NODE predictions of
Af (o2, AP (----) at 0 (a), 20 (b), 40 (c), and 60 (d) training epochs.

4.3. Online training performance of NODE frequency estimator

This case study illustrates the impact of online training on the
frequency and active power predictions collected from different training
epochs starting from the pretrained model for a random case.

Fig. 5 shows four plots of the simulated frequency and scaled active
power deviations with corresponding NODE predictions. The initial pre-
diction at epoch 0 has the highest MSE= 40.25, DFD= 0.34, the lowest
R? = 0.94 and wrong nadir estimation, but the active power estima-
tion converges to the correct steady-state value. NODE predictions after
20 epochs had a minimal error in nadir frequency. The adaptive nature
of the proposed workflow allows system operators to obtain prediction
results from earlier training epochs. Considering all predicted dynamic
states, the model reached the optimum frequency response at 40 epochs,
but the highest performance was observed at 60 epochs.

The online training takes approximately 3.3 s for 60 epochs in the de-
scribed virtual machine, whereas shorter training is possible with higher
computational power or optimized software. NODE prediction of the fre-
quency trajectory requires solving the ODE system, which takes around
20ms and is significantly shorter than the training. Neural network
architecture adjusts the complexity of the ODE system and predicted
trajectories therefore, the total training time depends on the selected
model and ODE solver hyperparameters.
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Fig. 6. NODE frequency predictions before (—) and after (—) pretraining. The
simulated frequency response (—) is divided into training (I), validation (II),
and test (III).
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Fig. 7. The simulated frequency responses with (—) and without (——) NODE
aided early BESS activation to avoid the UFLS limit.

4.4. NODE-based activation of emergency corrective control action

In this case study, we analyzed two cases showing the consequences
of NODE-based corrective control actions. Both cases used a three-phase
short circuit to disconnect generator 3 from the network. The generation
loss was 600MW in the first case and 1000MW in the second, where the
total generation was 3845MW, and the VRES share was 54.3 %.

Fig. 6 contains actual frequency and NODE predictions before and
after the pretraining. High initial error before the pretraining in fre-
quency prediction indicated an inaccurate UFLS triggering condition
assessment. Although the system frequency dropped below the UFLS
limit, we turned off the UFLS to monitor the nonlinear system response
in the simulation. The final model had the minimum loss for the vali-
dation data among the candidate models where the trigger function ¢’
activated the control action described in Sec. 3.4.

Simulation results in Fig. 7 show the early triggering of the BESS
arrested frequency nadir above the UFLS limit without providing addi-
tional energy compared to the later threshold-based activation. The later
activation caused system frequency to drop below the UFLS limit and
disconnect the 50MW load. However, the NODE-based activation had a
lower frequency at the end of the simulation since UFLS contributed as
an additional frequency reserve.

The second case had a more severe generation loss than the first,
as illustrated in Fig. 8. Similar to Fig. 6, machine frequency protection
systems were turned off to observe the frequency trajectory where, in
real operation, low frequencies would trigger protection systems. The
initial prediction couldn’t predict the system frequency dropping below
the machine limit. Following the pretraining, NODE detected the critical
limit violation despite the severe frequency drop.

Fig. 9 shows that the NODE-activated SIPS prevented further gen-
eration disconnections that caused extremely low-frequency nadir. The
SIPS disconnected two predefined lines between buses 23—24 and 1621,
which caused the isolation of buses 21,22, and 23 with connected loads
and generation units. The total loss of generation and load was 280MW
and 1300MW respectively. Although the load disruption was significant,
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Fig. 8. NODE frequency predictions before (—) and after (—) pretraining. The
simulated frequency response (—) is divided into training (I), validation (II),
and test (III).
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Fig. 9. The simulated frequency (Hz) responses with (—) and without (—)
NODE aided SIPS to avoid system collapse.
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Fig. 10. MAE of frequency during NODE training for training (—) and validation
(—) data for the first (a) and second (b) case.

without the SIPS system, cascading generation disconnections would
have caused the system to collapse.

Fig. 10 shows the training performance of the NODE for both cases
for training and validation data. The NODE trigger function ¢’ had 0.1Hz
confidence threshold y, higher than the NODE prediction error for p = 10
consecutive epochs. In the first case, after the first epoch, the model
reached a good approximation for the frequency trajectory; in the second
case, after the 4th epoch, MAE dropped below the threshold. The total
training time is computed using Table 1 as the first and second cases
take 1.4 and 1.96 s, respectively. Overall, the model trained fast enough
for real-time operation for two different frequency trajectories starting
from the same initial parameters.

4.5. NODE performance on PMU data

In this case study, we investigated the learning performance of
the NODE against highly noisy, real, normal operation data. The
Netherlands’ transmission system operator (Tennet) provided a PMU
recording of the 380kV high voltage network for 23.09.2022 from an
undisclosed location and time of the day. We applied the transformations
provided in 3.3 to extract the positive sequence from the three-phase
data for training and then preprocessed it as in the previous studies.

Fig. 11 shows scaled PMU frequency, voltage, and active power
flow measurements and corresponding NODE predictions. The frequency
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Fig. 11. Scaled and transformed NODE predictions and PMU measurements of
frequency (a) (f (-----), f (—)), voltage magnitude (b) (V' (-----), ¥ (—)), and
active power (¢) (P (-----), P (—)). Measurements are divided with a dashed
line into training and validation (I) and test (II) sets.

drop was not due to an extreme event as the minimum recorded fre-
quency is 49.978Hz, and the initial recorded frequency is 50.02748Hz.
The NODE captured the frequency characteristics even under highly
noisy system data. Under the noisy positive sequence PMU voltage
profile, NODE learned an ODE representation for the real system mea-
surements. Unlike other PMU states, high variability in generation
and demand decreased the model’s prediction capability. However, the
reduction in prediction did not significantly impact the operational de-
cisions since the variation in the measured power could be regarded as
noise.

Fig. 12 contains the provided PMU data and predictions from SINDy,
EKF, and UKF models. All three approaches have similar prediction capa-
bilities to other supervised learning models in 4.2. The SINDy model has
the closest prediction to the PMU data because the identified ODE sys-
tem started from a steady-state initial condition which caused a constant
response during the testing. EKF and UKF suffer from growing errors due
to auto-regressive predictions for long prediction horizons.

Unlike other case studies computed with mathematical models, real
power systems contain an uncountable number of dynamic elements that
change dynamic measurements continuously. That’s why retraining fol-
lowing each event is necessary to learn the existing dynamic elements
and their responses to unpredictable events.

4.6. Discussion

This paper proposes the NODE frequency estimator workflow for
the power system frequency stability problem using real-time training
with the collocation-based downsampling technique. The pretraining
and weighted sampling process enable online and fast NODE train-
ing. The downsampling reduces the number of training points while
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Fig. 12. Scaled and transformed PMU measurements (—)), SINDy prediction
(—), EKF prediction (), and UKF predictions (—) of frequency (a), f, voltage
magnitude (b), V, and active power (c) P. Corresponding SINDy model solution
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and test (II) sets.

collocation-based weighting preserves the dynamic characteristics, re-
sulting in higher performance in NODE prediction. System operators
can take corrective control actions using the provided future frequency
trajectory and nadir value. Moreover, the predictions for PMU measure-
ments show that the model can work with noisy real-life data even
without experiencing a severe event. The reduced order models can-
not provide realistic dynamics as they are more suitable for problems
like dynamic state estimation, where the prediction horizon is extremely
short, and the data to learn from is massive, contrary to NODE train-
ing data. NODE frequency estimator workflow could also be designed
with limited historical measurements when the mathematical model is
not available whereas other data-driven approaches require extensive
data for generalizing unobserved conditions. The low computational
power and memory requirements due to the decentralized local train-
ing also allow operators to run the workflow constantly, where each
event corresponds to a separate NODE model. This situation can create
trust in Al solutions as system operators can validate the predictions for
many dynamic recordings collected under different events and system
conditions.

The proposed workflow in this paper has several limitations. Extreme
downsampling of the measurements could reduce the quality of training
data, which might cause longer training times. If the measured bus is
physically far away from the source of the disturbance, the NODE might
not find a suitable ODE system. Another limitation arises if the system’s
dynamics change after collecting the training data. The change might
occur due to the controllers’ actions or cascading events. Therefore, the
unobserved new dynamics could hinder the NODE’s prediction capabili-
ties. Multiple NODE models in different system locations can be trained
in a moving window approach to mitigate these challenges.

10
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5. Conclusion

Predicting the power system frequency after severe events will be-
come more critical for system operators to maintain frequency stability
due to higher VRES share. The proposed NODE frequency estimator
workflow can approximate the dynamics of the observed bus in near
real-time to provide critical information for system operators using only
a single measurement. The collocation-based sampling method improves
the learning performance and efficiency of the NODE training. The
system operators can apply the proposed workflow for advanced mon-
itoring and corrective control actions to improve frequency security.
Future research will be conducted on the NODE prediction capabilities
for the frequency restoration response of the system following a fre-
quency nadir to predict the system recovery period. Moreover, NODE
predictions for different types of instabilities will be investigated.
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