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Abstract
Methods for state and parameter estimation are widely used to
analyze complex systems, such as power systems. Estimating pa-
rameters is often necessary for follow-up simulations or effective
control. Bayesian approaches allow us to go beyond point esti-
mates and include domain knowledge when identifying parameters.
However, such Bayesian approaches are often limited to simulated
settings and not well-tuned for noisy, empirical data. We propose
to investigate power systems, specifically the power grid frequency
dynamics, as an important empirical use case with non-trivial data.
Within our article, we introduce the concept of Simulation-Based
Inference (SBI) for power grid frequency dynamics. Furthermore,
we identify an amortized Neural Posterior Estimator (NPE), us-
ing recent normalizing flow architectures, as a suitable method
for Bayesian parameter inference. We initially validate the model
based on simulated observations and demonstrate the usability
of amortized NPE on stochastic models for power grid frequency.
Next, we apply the estimation method on empirical frequency data
from European synchronous areas and quantify how it outperforms
three baseline models based on newly designed posterior predictive
checks. Finally, we carry out a detailed analysis of the inferred pos-
terior distributions, in terms of time-dependency and correlations,
providing some additional consistency checks. Overall, we demon-
strate how Bayesian inference can be carried out and quantified in
a complex, noisy, empirical setting.
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1 Introduction
State and parameter estimation are fundamental methods for un-
derstanding complex systems. Inferring uncertain quantities from
empirical observations allows us to draw substantial conclusions
about underlying system behavior, which, in turn, allows us to gen-
erate forecasts or efficient system control [21]. Bayesian inference
is a widely used method that supports the estimation of uncertain
quantities in distributions. It involves the update of existing belief
(prior) after the observation of new data, which results in the pos-
terior estimate. Bayesian methods have been heavily involved in
parameter estimation research [15]. In many applications, Bayesian
estimation faces the challenge that the probability distribution of
observations is not tractable. One possible solution is offered by
Approximate Bayesian Computation (ABC) [34, 40] or Variational
Inference [2]. Methods of simulation-based inference (SBI), as a
subfield of Bayesian inference, are increasingly being applied in
various areas of natural science. In this field, the complexity of
estimation methods has grown significantly in recent years. Sam-
pling models as ABC rejection [1, 34] apply repeated sampling from
the prior distribution, generating a simulation via the underlying
model, and add samples to the posterior distribution according to a
selected distance to the ground-truth observation.

Recently, methods in SBI have increased in complexity. Powerful
machine-learning basedmodels such as Neural Posterior Estimation
(NPE) [23, 30], Neural Likelihood Estimation [22, 32], and Neural
Ratio Estimation [8, 13] have introduced new, amortized meth-
ods for inferring posterior parameter distributions from observed
data with deep neural networks, built with different architectures
of neural density estimation [6]. In practice, SBI often faces chal-
lenges because real-world data rarely align perfectly with simulator
assumptions, leading to model-data mismatches that can impair
posterior inference [14, 45].

Power grid frequency is a crucial indicator for the stability of
power networks. The increasing share of renewable energy sources
in the grid poses new challenges for ensuring stability [37]. The
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Figure 1: Schematic representation of our model approach of neural posterior estimation for the time-specific determination
of parameters of empirical power grid frequency time series. With the use of a stochastic differential equation (SDE) and
prior assumptions of the equation parameters, time series segments are simulated. A neural density estimator in the form
of a normalizing flow is trained to approximate the posterior distribution based on simulated observations. The amortized
posterior estimation method then enables inference of the posterior distribution based on new observations. For each time
series segment, a posterior distribution over the SDE parameters is inferred.

guarantee of security of power systems is based on reliable param-
eter and state estimation [49]. Thus, assessing central variables in
power systems, such as the primary control strength representing
the ability of a power system to return to a stable state, is impor-
tant. In a similar spirit, secondary control, power imbalances, and
ambient frequency noise all have a detrimental impact on the sta-
bility of a power system if they are out of proportion in relation
to the control mechanisms. Here, estimating both the parameters
and their uncertainty can serve an important role for control, as
large distributions of a particular fundamental parameter can lead
to large frequency fluctuations or excursion, or, in the worst-case
scenario, partial or total blackouts.

Classical state and parameter estimation methods in power sys-
tems [20] often rely on low-dimensional parametric models, simpli-
fied noise assumptions, and iterative optimization tailored to steady-
state or quasi-static regimes. However, frequency measurements in
modern power grids are high-dimensional, strongly non-Gaussian,
and non-stationary. They are also influenced by partially unknown
and rapidly changing dynamics, such as inverter-based resources
and stochastic disturbances. These properties render repeated like-
lihood evaluation and model re-specification impractical, thereby
motivating the use of amortized neural density estimators that can
learn complex conditional distributions directly from data and sim-
ulations. In the field of machine learning, various methods are used
in different applications, ranging from time-series forecasting of
load and renewable generation to state and parameter estimation
for analyzing system dynamics.

Bayesian methods are used in a variety of applications of energy
systems. Bayesian physics-informed neural networks have been
shown to outperform conventional system identification methods
in noise-prone data [38, 39]. For detecting large frequency devi-
ations, Bayesian decision methods [19] and Bayesian structure
frameworks [24] are applied.

The development and application of state and parameter estima-
tion methods for power systems is a highly active research field

both for synthetic experiments and for the analysis of empirical
data [43, 48]. In the field of frequency stability analysis, the influence
of techno-economic features on frequency indicators is explained
using probabilistic methods in [27]. In [17], the information from
electricity market features is extracted and combined with neural
networks and analytical models to enable parameter inference to
model power grid frequency. In [44], NPE, in combination with
ABC, is used for parameter calibration in power systems. However,
NPE or SBI in general have not yet been applied to empirical power
grid data.

In the present paper, we introduce the application of neural
posterior estimation on stochastic power system time series. To the
best of our knowledge, this study represents the first application of
SBI on empirical power system data.

Our main contributions are as follows:

(1) We apply neural posterior estimation on stochastic differ-
ential equations that represent the dynamics of power grid
frequency, and validate the inferred posterior distributions
on simulated target data.

(2) We demonstrate real-world applicability by successfully ap-
plying our method to empirical frequency data from two
major European synchronous areas, establishing neural pos-
terior estimation as a viable tool for parameter inference in
operational power systems.

(3) We analyze the estimated parameter distributions on time-
dependent patterns, and highlight differences in the observa-
tions between the Continental and the Northern European
power systems.

(4) We analyze the relationship between the variance of fre-
quency time series segments and the uncertainty regarding
the estimated posterior parameter values. In both analyzed
power grids, we observe a negative correlation between the
variances of the trajectory and the estimated frequency con-
trol parameters, as well as a positive correlation between
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the variances of the trajectory and the parameters which
describe the power imbalance.

The following sections of the paper are structured as follows: In
Section 2, we introduce the general structure of the neural poste-
rior estimation and the physical model that represents power grid
frequency dynamics, and in Section 3, we describe the experimental
set-up of our analysis, as well as the validation and baseline meth-
ods. We quantitatively validate our approach in Section 4. In Section
5, we apply neural posterior estimation on empirical power grid
frequency data from the Continental European (CE) synchronous
area and the synchronous grid of Northern Europe. Here, particu-
larly, we analyze the inferred posterior distribution with respect to
time-dependent behavior and correlations, before concluding the
present paper and providing insight into future work in Section 6.

2 Methodology
We first introduce the concept of NPE and how we obtain posterior
distributions for a stochastic model. Next, we introduce a stochastic
differential equation that describes power grid frequency dynamics
and explain how we use it to generate synthetic trajectories for
simulation-based inference.

2.1 Neural Posterior Inference
The general concept of Bayesian inference is the estimation of a
posterior distribution via Bayes’ theorem

𝑝 (𝜃 | 𝑥) = 𝑝 (𝑥 | 𝜃 )𝑝 (𝜃 )
𝑝 (𝑥) , (1)

wherewe refer to𝜃 as a parameter and 𝑥 as an observation. Bayesian
inference aims to update the prior belief with respect to observed
data. Here, 𝑝 (𝜃 | 𝑥) represents the posterior probability, 𝑝 (𝜃 ) is the
prior, 𝑝 (𝑥 | 𝜃 ) the likelihood, and 𝑝 (𝑥) is the evidence with respect
to the marginal property. Starting from a prior distribution, based
e.g. on domain knowledge, the belief about 𝜃 is updated based on
observation 𝑥 , and the posterior probability is obtained.

In order to apply simulation-based inference, we first require a
mechanistic model to generate simulations that aim to approximate
empirical observations, and second, a prior distribution for the
parameters of the mechanistic model. The prior distribution is
based on physical constraints and domain knowledge, and serves
as a basic assumption about the parameter distribution. We sample
from a prior parameter distribution 𝑝 (𝜃 ) and simulate realizations
of the stochastic differential equation. These simulations are used
in the following step to train a neural density estimator. Finally, we
receive a posterior function 𝑝 (𝜃 | 𝑥) such that we can sample from
the posterior conditioned on observation 𝑥 .

To estimate the posterior probability distribution, we use masked
autoregressive flows (MAFs) [31], a class of normalizing flows [33].
Normalizing flows are neural networks that transform a simple base
distribution into a complex one using a sequence of invertible, dif-
ferentiable mappings. They allow exact likelihood computation and
flexible density estimation by tracking how probabilities change
through these transformations. The masked autoregressive flow
consists of several stacked masked autoregressive density estima-
tors (MADE) [11].

While it does not rely on a likelihood calculation, the MAF esti-
mates the posterior distribution 𝑝 (𝜃 | 𝑥) directly. The model learns
a conditional density 𝑞Θ (𝜃 | 𝑥), where Θ denotes the parameters
of the MAF. This approximation can be understood as minimizing
the Kullback-Leibler (KL) divergence between the true posterior
and the learned distribution, averaged over the joint distribution
𝑝 (𝑥, 𝜃 ). This yields the loss function

L(Θ) = −E𝑝 (𝑥,𝜃 ) [log𝑞Θ (𝜃 | 𝑥)] . (2)

Once the posterior estimator has been trained, a new observation
𝑥obs can be used to obtain samples from the approximate posterior
𝑞Θ (𝜃 | 𝑥obs).

For our methodology and analysis, we use the implementation
of neural posterior estimation (NPE-C) in [3].

2.2 Power-Grid Frequency Dynamics
Power grid frequency is a key indicator of a power system’s stability.
Frequency dynamics are influenced by various deterministic and
stochastic effects. The main contributors are the balance between
power generation and load, frequency control schemes, and noise
on a small time scale. Aggregating the power grid frequency by
averaging it over all nodes, we move into the center of inertia of
the power grid [42] and obtain the stochastic differential equation
[35]

𝑀
d
d𝑡
𝜔 = Δ𝑃control + Δ𝑃 imbalance + Δ𝑃fluct. . (3)

Here, the dynamics of the angular velocity𝜔 , which is connected to
the grid’s frequency as 𝜔 = 2𝜋 𝑓 − 𝑓ref with the reference frequency
𝑓ref = 50 or 60 𝐻𝑧, depends on several power inequalities. Our
model is based on previous research and modeling [17, 46].

Δ𝑃control represents the load-frequency control mechanisms in
the system and is composed of primary and secondary control.
While primary control acts on short time horizons of up to 30 sec-
onds, secondary control has a higher reaction time of up to 15
minutes. Further, primary control serves to stabilize and attenuate
frequency fluctuations in the short term, while secondary control
aims to reduce the frequency deviation back to the reference fre-
quency, and is often modeled as an integral controller. The control
power imbalance is therefore approximated as

Δ𝑃control (𝑡) = 𝑀

(
−𝑐1𝜔 − 𝑐2

∫
𝜔 (𝜏)𝑑𝜏

)
= 𝑀 (−𝑐1𝜔 − 𝑐2𝜙) .

Δ𝑃 imbalance describes the imbalance between load and the sched-
uled generation by dispatchable power plants. This schedule is reg-
ulated in blocks of 15, 30, or 60 minutes, depending on the power
system [47]. While energy consumption is a continuous process,
deterministic power imbalances arise, which lead to deterministic
frequency deviations (DFDs) [18, 46]. Due to the combination of
a continuous and a steady process, these frequency imbalances
can be modeled during a market schedule interval as a sawtooth
function

Δ𝑃 imbalance (𝑡) = 𝑀 (𝑃0 + 𝑃1𝑡) .

Further, we aggregate all other unknown influences, e.g. from
volatile renewable or quickly changing demand, into a fluctuation
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term, which we model as uncorrelated Gaussian noise:

Δ𝑃fluct. = 𝑀𝜖𝜉 (𝑡),

where 𝜉 (𝑡) represents white noise which is distributed according to
the standard Gaussian distribution. Thereby, 𝜖 indicates the ampli-
tude of fast imbalance fluctuations. The use of Gaussian-distributed
noise is a simplification that is particularly applicable to large power
grids [35].

To estimate unique parameter values rather than just ratios, we
need to rescale the model parameters by the inertia constant 𝑀 .
Note that the stochastic differential equation stays invariant under
the scaling. If we substitute the terms for Δ𝑃control, Δ𝑃 imbalance,
and Δ𝑃fluct. into (3), we obtain the stochastic differential equation

d
d𝑡
𝜙 = 𝜔

d
d𝑡
𝜔 = −𝑐1𝜔 − 𝑐2𝜙 + 𝑃0 + 𝑃1𝑡 + 𝜖𝜉 (𝑡) . (4)

The physical model described in (4) serves to explain frequency
dynamics and, under the assumption of suitable parameters, to
simulate frequency trajectories. As frequency dynamics depend, as
described, on multiple influences such as the composition of the
electricity mix and the current load, the model parameters must
also vary in order to model the frequency dynamics appropriately.
Hence, we apply posterior estimation on time series segments of 15
minutes, according to the dispatch schedule of conventional power
plants, focusing on both the Continental European and Nordic
synchronous areas.

With our NPE approach, we are substantially expanding prior
work with this stochastic model. While it is possible to derive the
likelihood 𝑝 (𝑥 | 𝜃 ) directly from the data by semi-analytical calcula-
tion [17], such estimation has so far remained purely deterministic.
Furthermore, the semi-analytical calculation of the likelihood is re-
stricted to the exact model in (4). Including nonlinear parameters or
changing the representation of the fluctuations to non-Gaussian or
colored dynamics is not tractable with the semi-analytical method.
Given the simplified structure of the physical model, a likelihood-
free, amortized estimate of the posterior can have clear advantages
over the likelihood-based estimate.

3 Experimental Set-up
In this section, we introduce the validation methods employed in
our application and three baseline models for comparison with NPE
in the following sections.

3.1 Training Details and Prior Choice
In order to train the neural posterior estimator/the MAF, we use
500k samples from the prior distributions, which are given in Ta-
ble 1, and simulate a synthetic frequency trajectory with a length
of 900 seconds and a time resolution of one second for each sam-
ple. A reliable choice for the interval length is crucial, as drifting
parameters generating the dynamics for that interval can lead to
uncertainty and a shift in the posterior estimates. Based on the
division of the intraday market and the day-ahead market into 15-
minute products, a sawtooth function is used to model the power
imbalance. This represents the discrepancy between steady load
and constant offered generation; therefore, the two parameters 𝑃0

Table 1: Prior distribution of the starting values of the trajec-
tory and the parameters.

Start value Parameter Prior distribution
𝜙 (0)[rad] U(−1.25, 1.25)
𝜔 (0)[rad/s] U(−𝜋, 𝜋)

𝑐1 [𝑠−1] U(0.001, 0.08)
𝑐2 [𝑠−2] U(0.00001, 0.0003)
𝑃0 [𝑠−2] U(−0.05, 0.05)
𝑃1 [𝑠−3] U(−0.00005, 0.00005)
𝜖 [𝑠−3/2] U(0, 0.05)

and 𝑃1 can be assumed to be constant for quarter-hour intervals.
Thus, this choice of interval provides a suitable scale for estimating
the parameters. While a smaller interval size is suitable for analyz-
ing short-term, noticeable frequency effects, it cannot sufficiently
capture longer-term dynamics; conversely, the analysis of longer
time windows is prone to overgeneralizing the estimated parameter
values.

Note that we also sample the trajectory start values 𝜙 (0) and
𝜔 (0) from prior distributions to estimate the parameters of (4) with
respect to trajectories of different start values. Therefore we re-
fer to samples from the prior as 𝜃 = (𝜙 (0), 𝜔 (0), 𝑐1, 𝑐2, 𝑃0, 𝑃1, 𝜖).
When selecting the boundaries of prior distributions, we rely on
point parameter estimates from the literature [17], and choose the
boundaries such that the reference values fall within the prior dis-
tributions. To keep the constraints on the distributions as minimal
as possible, we choose uniform distributions for the prior. It is rele-
vant to choose a prior within an appropriate range of values, as a
prior that is too narrow can truncate the true posterior. Conversely,
a prior that is too broad can make the learning problem of the
neural posterior estimator more elaborate, increasing training time
and variance. Consequently, we define the lower and upper limits
within a physically meaningful range to ensure that the trajectories
generated with these parameters do not diverge.

3.2 Z-Scores and Calibration Tests
To evaluate our application of neural posterior estimation viamasked
autoregressive flows on synthetic data, we use three global and
local validation methods that provide information about the quality
of the inferred posterior. To apply these methods, we generate a
set of prior samples, simulate a synthetic frequency trajectory for
each sample, then infer the posterior and, again, draw a ensemble
of samples from it, according to the following scheme:

(1) Sample 𝜃 ∼ 𝑝 (𝜃 ).
(2) Simulate observed data 𝑥obs ∼ 𝑝 (𝑥 | 𝜃 ).
(3) Infer the posterior 𝑞Θ (𝜃 | 𝑥obs).
(4) Draw posterior samples 𝜃post ∼ 𝑞Θ (𝜃 | 𝑥obs).

Z-scores indicate the distance of a true parameter to the mean of
the posterior samples, given in standard deviations from the mean:

𝑧𝑖 =
𝜇post − 𝜃𝑖

𝜎post
, (5)

where 𝜃𝑖 is the true parameter, while 𝜇post = E(𝜃post) and 𝜎post =√︁
Var(𝜃post) are the mean and standard deviation of the inferred

posterior distribution. We apply the calculation of z-scores to the
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five parameters of the aggregated swing equation and thus obtain
an individual score for each parameter.

As another global diagnostic test, we apply simulation-based
calibration (SBC), which provides a quantitative method to check
whether the variances of the posterior are balanced [5, 10, 41]. SBC
is a method for validating Bayesian inference algorithms by check-
ing whether they can correctly recover parameters drawn from the
prior when data are generated from the model itself. For each sim-
ulated dataset, the inference algorithm produces posterior samples,
each associated with a log-probability representing its unnormal-
ized posterior density. SBC defines the posterior rank of the true
parameter value as the number of posterior samples that are smaller
than the true parameter value. Intuitively, if inference is calibrated,
the true parameter should be neither systematically more nor less
probable than typical posterior samples, leading to uniformly dis-
tributed ranks. Aggregating many such ranks yields an empirical
cumulative distribution function (ECDF), which should follow a
straight diagonal if inference is correct. Deviations such as system-
atic slope changes or as curvature indicate biased, miscalibrated, or
numerically unstable posterior computations.

3.3 Posterior Predictive Checks
Unlike with simulated data, we usually do not have access to the
ground-truth posterior in empirical applications. Hence, in order
to validate the estimated posterior distribution, we can instead rely
on posterior predictive checks [10]. In the following, we give a
systematic procedure for posterior predictive checks:

(1) Sample 𝜃 ∼ 𝑝 (𝜃 ).
(2) Simulate observed data 𝑥obs ∼ 𝑝 (𝑥 | 𝜃 ).
(3) Infer the posterior 𝑞Θ (𝜃 | 𝑥obs).
(4) Draw posterior samples 𝜃post ∼ 𝑞Θ (𝜃 | 𝑥obs).
(5) For each posterior draw, generate posterior predictive data

𝑥post ∼ 𝑝 (𝑥 | 𝜃post).
(6) Compare 𝑥obs with the replicated data {𝑥post} both qualita-

tively and quantitatively.

For applying NPE on empirical data, steps (1) and (2) are skipped,
as we infer the posterior directly from the real observation 𝑥obs. In
order to quantitatively evaluate the similarity of the simulations
from the inferred posterior with the observed data, we need model
scores. Here, we address the overall accuracy of the ensemble of
simulations, as well as the accuracy of their mean.

Energy Score The intention of sampling from the posterior and
further creating simulations is to compare these synthetic observa-
tions with empirical observations. If we apply different parameter
samples from the posterior distribution in the simulator, we obtain
an ensemble of trajectories, in contrast to a point estimate. In order
to properly evaluate the quality of the simulations with respect to
the true observations, we make use of the energy score

𝐸𝑆 (𝑋,𝑦) = 1
𝑁

𝑁∑︁
1

(


𝑋 (𝑖 ) − 𝑦





2

)
− 1
2𝑁 2

𝑁∑︁
𝑖, 𝑗

(


𝑋 (𝑖 ) − 𝑋 ( 𝑗 )




2

)
(6)

for an ensemble 𝑋 of segments 𝑋 (𝑖 ) and observation 𝑦.

Mean absolute error between empirical observation and mean of
simulations from posterior. In addition to measuring the fit of the
entire ensemble of simulations, we also compare the mean of the
simulations to the empirical observation by calculating the mean
absolute error (MAE) to the observation.

3.4 Baseline Models
To classify validation results of posterior predictive samples, simu-
lated by the inferred posterior, we compare the simulations gener-
ated by the inferred posterior to three baseline methods. For this
purpose, we choose one parameter-free method for the empirical
case that compares historical time series segments with the ob-
served data, a basic method of simulation-based inference based
purely on prior sampling, data simulation, and comparison between
simulated and observed data, as well as a deterministic estimation
using least square estimates.

3.4.1 Daily pattern. Frequency dynamics are dependent on the
grid’s generation mix and the current power demand. Available
generation types as well as the load are influenced by calendar
features, such as the time of day, the day of theweek, and the current
season. In order to create a simple, purely frequency-dependent
baseline that is capable of simulating frequency trajectories and
comparing them to empirical observations, we use the ensemble
of frequency trajectories from the year before at the same time of
the day as a baseline model: If we consider a specific quarter of
an hour as an observation segment, we sample 100 unweighted
15-minute trajectories from frequency measurements from the year
before at the same time of the day. An algorithmic description of
the method can be found in the Appendix A. In this way, we obtain
an approximation for the relevant frequency segment from a set of
measurements taken at the same time of day in the past. Note that,
as we are using data from 2025 for parameter estimation, we are
using baseline data from 2024 for sampling from the daily pattern.

3.4.2 ABC rejection [34]. Density estimation methods such as NPE,
which we apply in the present paper, and further neural density
estimation and neural ratio estimation, are based on deep neural
networks. Approximate Bayesian Computation (ABC) [36] repre-
sents a simplified method of simulation-based inference: We draw
samples from the prior distribution 𝑝 (𝜃 ), and simulate the model
with these parameters. In the following, we use the Euclidean dis-
tance to measure the mismatch between the summary statistics of
the simulation and the observation. The summary statistics contain
fourteen features including standardized moments of the trajecto-
ries; the full description of the summary statistics can be found
in Appendix C. If the value of the metric lies within a selected
percentile of all simulations, the parameters of the simulation get
accepted and therefore are added to the posterior distribution; oth-
erwise, the prior sample gets rejected. In our case, to be consistent
with the NPE method, we simulate trajectories for 500k prior sam-
ples and keep the share of prior samples for which the resulting
trajectory summary statistics are below the 0.1% percentile of all
samples as our ABC posterior.

3.4.3 Deterministic least-square estimate (LSE) with SINDy. Having
established two probabilistic baseline models, we include a third, de-
terministic parameter estimation baseline based on the least square
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estimate [21] of the model parameters. We apply a Gaussian ker-
nel filter with a 10-second window to the time series segments
under consideration to remove noise from the signal and receive
𝜔trend. For this denoised signal, we then use least-squares estima-
tion with the implementation of Sparse Identification of Nonlinear
Dynamics(SINDy) [4, 7], a model for sparse estimation of regression
parameters, to estimate the parameters for the differential equation

d
d𝑡
𝜔 = 𝑓LSE (𝜔,𝜙, 𝑡) = Θ(𝜙,𝜔, 𝑡)Ξ,

where the function library is given by

Θ(𝜙,𝜔, 𝑡) = (𝜔,𝜙, 1, 𝑡),
and the parameters

Ξ = (𝑐1, 𝑐2, 𝑃0, 𝑃1)𝑇

are estimated via least squares. In order to estimate the noise ampli-
tude, we compute the empirical variance of the residual increments
as

𝜖 =

(
1

𝑛Δ𝑡

∑︁
𝑘

[
(𝜔𝑘+1 − 𝜔𝑘 ) − Δ𝑡 𝑓LSE (𝜔𝑘 , 𝜙𝑘 , 𝑡𝑘 )

]2) 1
2

,

with Δ𝑡 = 1 s and 𝑛 the number of samples in a 15-minute window.
Note that, as the LSE baseline is defined as a point estimate, we run
the model with different noise realizations in order to receive an
ensemble of trajectories for the posterior predictive checks, i.e. to
calculate the energy score and the MAE. This differs from ABC and
NPE, where we sample from the parameter distribution to generate
trajectories.

4 Validation on Synthetic Dataset
Before we apply the NPE approach to empirical frequency data, we
validate the performance of NPE in our proposed application on
a purely simulated data set, where ground-truth parameters are
available. For the validation methods introduced in 3.2 and 3.3, we
draw, with the exception of the calibration test, 1000 parameter
samples from the prior distribution and simulate frequency trajec-
tories. After inferring the posterior, we draw 100 samples from each
posterior distribution. This allows us to perform diagnostics for
the inferred posterior and evaluate simulations with parameters
from the posterior distribution. The z-scores for the NPE posterior
distributions, as shown in Fig. 2a, are approximately Gaussian dis-
tributed, which indicates that the posterior has correct coverage
properties and the uncertainty is neither under- nor overestimated.

By applying simulation-based calibration for NPE, we calcu-
late the empirical cumulative distribution function of the posterior
ranks, shown in Fig. 2b. Note that here, unlike with the other vali-
dation methods, we draw 200 prior samples and 1000 samples each
from the posterior distributions to achieve a sufficiently accurate
approximation of the uniform rank distribution and an adequate
resolution of the rank statistics. The observed rank distribution
approximately follows the diagonal, indicating that the posterior
appears well calibrated and does not exhibit systematic miscalibra-
tion.

We now turn to the analysis of the simulations with parameters
from the posterior, using the method of posterior predictive checks,
and compare the performance of NPE, ABC, and LSE. To evaluate
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Figure 2: Validation of the neural posterior estimator on
simulated observations. a: Z-scores of posterior samples rel-
ative to the ground-truth parameter. b: Simulation-based
calibration using comparison of posterior ranks and empiri-
cal cumulative distribution function. c and d: Comparison of
LSE, ABC, and NPE posterior predictive samples with respect
to the energy score and the MAE of the posterior predic-
tive ensemble mean. e: Probability density functions of the
synthetic observations and posterior predictive samples. f:
Probability density functions for the time series increments
of the synthetic observations and posterior predictive sam-
ples.

the general performance of NPE for the aggregated swing equation,
we use the energy score as well as the MAE of the ensemble mean,
and compare the results of NPE with those of the ABC and LSE
baselines. In Fig. 2c and d, we note that NPE achieves better results
with respect to both scores. With regard to the narrow margin
of non-rejected parameters in the ABC baseline, this observation
shows us that, in terms of posterior predictive checks, NPE shows
promising results. We observe that LSE performs nearly as well
as NPE in terms of the MAE, while it performs worse in terms
of the energy score. This suggests an overestimation of the noise
amplitude in LSE.

In the following, we compare the posterior predictive samples
with the synthetic observations by analyzing the probability dis-
tributions of the samples. To achieve this, we generate a posterior
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predictive sample for each of the 1000 samples and compare the
probability density functions (PDF) of the entire synthetic observa-
tions and posterior predictive samples. In addition, we also calculate
the PDF of the frequency increments, which are given as

Δ𝜔𝜏 = 𝜔 (𝑡 + 𝜏) − 𝜔 (𝑡),

and describe the differences between data points in a time series
at time intervals of length 𝜏 . Fig. 2e and f show the PDF of the
frequency time series segments respective its increments with time
lag 𝜏 = 1 s. We observe very similar behavior of synthetic observa-
tions and posterior predictive samples with regard to both density
estimates.

Due to the influence of highly volatile renewable generation,
power systems are often affected by the occurrence of temporally
correlated fluctuations. To quantify the robustness of our approach,
we therefore evaluate the performance of parameter inference on
frequency time series segments with fractional Gaussian noise [25]
of varying degrees of correlation. This demonstrates how the poste-
rior estimator, trained for time series with uncorrelated fluctuations,
performs for time series segments with correlated fluctuations. In
the analysis presented in Appendix D and Figure 8, we observe that
only correlated noise with a Hurst exponent larger than 0.6 has
a considerable impact on the calibration quality of the posterior
parameters, with the exception of the noise amplitude. We conclude
that fluctuations with negative or weak positive correlations do not
have a substantial negative impact on the quality of inference.

5 Parameter Estimation on Empirical
Frequency Time Series from European
Synchronous Areas

After successfully validating neural posterior estimation for param-
eter inference of the aggregated swing equation on simulations
generated from prior samples, we now apply the trained model to
empirical frequency data. As before, we consider time series seg-
ments of 15minutes. For model comparisonwith the three baselines,
we observe 1000 samples of frequency measurements from 2025
from the Continental European and the Nordic synchronous areas,
the latter comprising Sweden, Norway, Finland and the eastern part
of Denmark. For each sample 𝑥obs, we draw 100 parameter samples
from the posterior 𝜃 ∼ 𝑞Θ (𝜃 | 𝑥obs), and generate for each of them
a posterior predictive sample, i.e. one synthetic frequency simula-
tion. Hence, for each empirical time series segment, we obtain an
ensemble of posterior predictive samples.

5.1 Model Performance
To assess how well the different models (NPE and the three baseline
models) capture the empirical frequency data, we compute the
energy score and the MAE between the mean of the ensemble of
posterior predictives and the observation. For both the CE and
the Nordic grid, NPE posterior clearly outperforms the baseline
models in both metrics, which is shown in Fig. 3. This means that
the parameters sampled from the posterior distribution of the NPE
model lead to trajectories that approximate the observation better
than sampling from the daily pattern or using ABC or LSE. This
is remarkable given that the daily profile is typically a very good
approximation already [17].
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Figure 3: Distribution of performance metrics across 1000
empirical frequency time series segments from 2025 in the
Continental European (CE) and the Nordic synchronous area.
Energy score (a) andmean absolute error (MAE) of the ensem-
ble mean (b) are shown for four models (LSE, Daily Pattern,
ABC, and NPE) as boxplots.

5.2 Analysis of Posterior Predictive Trajectories
Having established that NPE is performing well on the whole data
set, we analyze the inferred posterior by inspecting individual trajec-
tories. This allows a qualitative judgment of how well the inferred
dynamics capture key dynamic properties of the empirical data set.

Specifically, we evaluate posterior simulations using the energy
score and analyze empirical samples together with the correspond-
ing posterior simulations that achieve the best and worst scores
across the full CE test set of 1000 samples, see Fig. 4.

For the segmentwith the best energy score under NPE, see Fig. 4a-
d, the trajectories simulated with samples from the inferred NPE
posterior fit the empirical time series very well. The shaded area,
representing the standard deviation of the simulations, covers the
trajectory of the empirical sample for most of the period. Further,
the colored line, which indicates the mean value of the simulation
ensemble, is centered in the vertical extension of the trajectory. It is
noteworthy that within the first minute of the frequency trajectory,
the variance of the simulation ensemble is very low. If we consider
the same trajectory for the baseline models, we see that simulations
generated by the estimated ABC posterior do not reproduce the
positive upward trend of the trajectory after the first few minutes.
The parameter-free daily pattern model, which approximates the
trajectory using sampled trajectories from the previous year at the
same time of day, again matches the trend of the trajectory, but less
accurately and with significantly greater variance. Further, the LSE
baseline, which is based on point estimates and constructed using
various realizations of Gaussian noise, also follows the frequency
response on average. However, it has a significantly higher noise
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Figure 4: Comparison of observed CE frequency segment trajectories simulated by 100 samples from the posterior. Black
curves are the empirical frequency segments, shaded areas indicate the standard deviation of the trajectories, and colored lines
represent the mean of the ensemble of trajectories. a-d: Segment with the best energy score with respect to the NPE model,
with the corresponding trajectories of all four models. e-h: Segment with the worst energy score with respect to the NPE model,
with the corresponding trajectories of all four presented models.

level than NPE and does not fully capture the drop at the start of
the hour.

If we now look at the period with the worst energy score in terms
of NPE in Fig. 4e-h, we observe that none of the three models - NPE,
ABC, and Daily Pattern - can accurately predict the true trajectory
over the entire 15-minute period. We identify the reason why NPE
and ABC cannot approximate the trajectory, particularly at the
beginning, due to frequency deviation shortly after the start of the
period. This deviation, which does not occur at the full hour, is
not specified by the construction of the aggregated swing equation
and therefore cannot be simulated using it. While all these three
models fit the trend of the frequency trajectory after the first few
minutes, we notice that the simulation ensemble by NPE is more
widely distributed than the samples of ABC and Daily Pattern,
i.e. it at least reports a high uncertainty when it performs poorly.
The problem of model misspecification with regard to the time
series segment under consideration poses a challenge to extend
the simulator to such cases and, accordingly, to process a larger
selection of parameters. In contrast, the ensemble of trajectories
generated by LSE covers the empirical frequency trajectory over
the entire interval; however, the variance increases noticeably over
the time interval.

Analysis of the best and worst predictions of NPE for Nordic
frequency data shows qualitatively similar results; for details, see
Appendix E and Fig. 9.

In addition, as for the validation of NPE on synthetic frequency
data segments, we calculate the PDFs of empirical data as well as of
posterior predictive samples, generated from the inferred posterior

distribution. As we can see from the distribution of frequency trajec-
tories in Fig. 5a, the distribution of empirical data (solid lines) and
predictions (dashed lines) coincide strongly in both synchronous
areas. Regarding the 1-second increments in Fig. 5b, the forecasts
slightly underestimate the variance in Continental Europe, while a
more significant overestimation is noticeable in the Nordic system.
This suggests that the Nordic grid is subject to complex fluctuation
dynamics that cannot be accurately approximated with uncorre-
lated Gaussian noise. However, if we consider 10-second increments,
as seen in Fig. 5c, we see that the distributions of observations and
predictions in both networks exhibit very similar variance. This
is an indicator that parameter inference with NPE is capable of
modeling dynamics on a higher time scale even in the Nordic grid,
which has more complex stochastic dynamics.

5.3 Temporal Trends in Posterior Distributions
While we assume the prior distributions to be independent of time
and each other, we observe significant influences of the respective
time of day on the frequency dynamics in the daily profile of the
frequency time series. By inferring only short segments of fifteen
minutes of frequency data, we enable the observation of time- and
frequency-specific effects on posterior distributions.
In Fig. 6, we show the daily profile of the means and standard devi-
ations of the inferred posterior distributions for CE. Daily profile
refers to the average of every quarter hour of a day throughout
the entire year. Significant fluctuations at the beginning of each
hour are noticeable in all parameter distributions, both regarding
the mean and the standard deviation. This is caused by significant
frequency deviations at the beginning of each hour, which in turn
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Figure 5: Comparison of the frequency and frequency increments distributions for empirical observations and simulated
samples from the posterior. Dashed lines indicate the empirical time series, solid lines represent trajectories that are simulated
with samples from the inferred posterior.

are caused by significant changes in generation dispatch at the start
of each hour [46].

Beyond that, each of the five parameter distributions shows a
clear daily pattern when observing its mean, as shown in Fig. 6a-e.
Primary (𝑐1) and secondary (𝑐2) control follow a similar trend, with
peaks between 00:00 and 06:00 and between 12:00 and 15:00, and
lows between 06:00 and 12:00 and between 15:00 and 18:00. The
relation 𝑃0 + 𝑃1 𝑡 of the parameters 𝑃0 and 𝑃1, which represents
the imbalance between scheduled generation and continuous load,
forms a sawtooth curve with a negative intercept and positive slope
around 06:00 and 18:00, which qualitatively corresponds to the
behavior of generation and load. This observation is consistent with
results reported in the literature [17]. Further, 𝑃0 and 𝑃1, see Fig. 6c
and d, indicate weaker fluctuations of the mean than the other
parameters. This can be explained by the regularity of deterministic
frequency fluctuations. The mean values of the noise amplitude
distribution in Fig. 6e show a clear difference between day and
night, with a consistently high level during the day.

In addition to the trend of the distribution means, we further ana-
lyze the width of the distribution around the mean, i.e. the standard
deviation, during the course of a day in Fig. 6f-j. While the mean of
the distributions for all parameters, and thus the distribution itself,
shows clear shifts, the width of the inferred posterior distributions
also shows clear daily trends. It is evident that each parameter
shows a correlation between the size of the standard deviation and
the mean value. We will turn to a more detailed analysis of the
behavior of the variance of the parameter distributions in 5.4.

Analysis of the Nordic grid shows similar qualitative behavior
of the parameter means and standard deviations in the daily profile,
however, with less significant deviations throughout the day, see
Section F.

5.4 Correlation between Observations and
Posterior Distribution Variance

In contrast to point estimation by using neural posterior estima-
tion, we receive information about the certainty of the estimated

parameter values, derived from the properties of the posterior dis-
tributions. After having observed fluctuations in the distribution
shape throughout the daily profile, we analyze the relation between
the properties of the observed time series from the CE synchronous
area and the behavior of the inferred posterior parameters. In order
to quantitatively describe that relation, we consider the standard
deviation of the time series segment and the standard deviation of
the estimated parameter distribution for 1000 empirical samples,
the latter approximated from 100 posterior samples. We observe
significant negative correlations between the variance of the obser-
vation and the standard deviation of the control parameters 𝑐1 and
𝑐2 as shown in Fig. 7a and b. This indicates that, for time series seg-
ments that exhibit large fluctuations from the reference frequency,
the posterior estimation for 𝑐1 and 𝑐2 is significantly narrower than
for samples with smaller deviations. We notice a different effect for
the imbalance parameter 𝑃0 and 𝑃1 in Fig. 7, where the correlation
between the variances of the observation and the parameters is
positive. However, with respect to noise amplitude 𝜖 in 7e, we do
not observe any correlation. The observations lead us to conclude
that the properties of the observed time series segments affect the
variance of the distributions, and thus the selection of parameters
that are considered realistic for the observation. For comparability,
we analyze the frequency data from the Nordic grid using the same
method and make similar qualitative observations, see Fig. 11 in
the Appendix.

6 Conclusion and Future Work
In the present paper, we apply simulation-based inference using
neural posterior estimation for power grid frequency time series.
Validating the model for the proposed prior distributions and the
underlying physical model shows that this amortized inference
estimation technique is suitable for our use case. In addition to
validation on synthetic data based on parameters sampled from the
prior, we apply the model to empirical frequency data from two
European synchronous areas and infer parameter distributions for
the underlying physical model. Due to the absence of ground-truth
parameters in the empirical case study, we demonstrate the model
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performance based on the evaluation of posterior predictive checks
and outperform three baseline models. Further, we analyze the
inferred posterior parameter distributions and investigate trends
and correlations in the distributions.

Empirical stochastic time series have been found to be an in-
teresting use case for simulation-based inference. This posterior
estimate can now be applied to the Continental European grid or
other systems to infer control or noise parameters, enabling more
informed balancing actions, such as reducing control effort to lower
costs or increasing it to enhance frequency quality.

By estimating the posterior distribution segment-wise for 15-
minute intervals, we demonstrate the significant time-dependent
dynamics of the estimated parameters. Furthermore, we observe
correlations between empirical observations and the corresponding
posterior distributions.

Thus, neural posterior estimation proves to be a relevant analysis
technique for time series data and, in particular, for power grid
frequency. However, neural posterior estimation can also play a
relevant role in other areas of application for energy systems.

Having established neural posterior density estimation for the ag-
gregated swing equation (4), this opens numerous future research
directions. For example, the noise term could be modeled more
realistically. Specifically, both correlated, i.e. non-white, but also
non-Gaussian noise could be considered. This would further make

NPE useful as power systems might be strongly correlated or dis-
play non-Gaussian fluctuations. As we show for frequency time
series from the Nordic grid, implementing more complex noise
dynamics in the simulator may increase the performance of NPE.
For this, the application of a likelihood-free posterior inference
method enables an expansion of the model towards nonlinearity
and non-Gaussianity without restrictions. Further, adaptations in
the model architecture of the neural density estimation may be
able to address the discrepancy between the physical model and
empirical power grid frequency time data. Recently, robust methods
have been applied to adapt simulation-based inference under model
misspecification [14, 29]. Hence, the combination of more com-
plex neural density estimators and a more sophisticated simulator
architecture can offer useful advances.

Estimating central power systems variables and their distribution
is important in designing and adapting power-grid control mecha-
nisms to ensure a robust power supply. Primary control strength
can reveal various weaknesses of the ability of a power system
to quickly and adequately return to its nominal state. The power
balance needs constant monitoring, and the ability to estimate their
parametrization permits system operators to prepare preemptive
control. As more renewable energies enter our power system’s com-
position, noise levels are likely to increase to potentially dangerous
values, and primary inertial control will weaken. Assessing these
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parameters efficiently can thus serve both as good diagnostic tools
as well as fast, reliable control variables to be used in the system’s
operation.
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A Description of the Daily Pattern
We construct the Daily Pattern baseline as follows:

Algorithm 1: Daily Pattern Ensemble Construction
Data: 15-minute frequency time series segment; historical

data from the previous year
Result: Ensemble of frequency time series segments
Determine corresponding quarter-hour index of the time
series segment;
Extract all segments from the previous year with the same
quarter-hour index;
Uniformly sample 𝑁 segments without weighting;
Construct the ensemble from the sampled segments;
return Ensemble of frequency segments

B Computational Effort and Scalability
Training of the neural posterior estimator was carried out on com-
pute nodes equipped with Intel Xeon Platinum 8358 CPU nodes. We
found both simulating the trajectories and performing the neural
posterior estimation to be linear in the number of samples. Specifi-
cally, the total computational time to calculate the posterior with

500,000 training samples was approximately 53 minutes. Of this
total runtime, the simulation of the trajectories required only 29
seconds, while the neural posterior estimation took the majority
of the time with approximately 52.6 minutes. Generating 10,000
posterior samples from the trained estimator for a single time-series
segment takes approximately 0.5 seconds. For the simulation of
frequency trajectories, we used the implementation of Diffrax [16].
Further discussion of the complexity of NPE can be found in [12].

C Selection of Summary Statistics for ABC
Rejection

We select these statistics as summary statistics in order to compare
simulated data and observations using ABC rejection.

• Initial value
• Mean
• Standard deviation
• Variance
• Minimum
• Maximum
• Median
• 25th percentile
• 75th percentile
• Autocorrelation at lag 1
• Autocorrelation at lag 5
• Autocorrelation at lag 10
• Mean of increments
• Standard deviation of increments
• Maximum absolute increment

D Impact of Correlated Noise on Reliability of
Posterior Distributions, and Limitations

In order to validate the reliability of posterior distributions under
the assumption of equation (4), we estimate posterior parameter
distributions for time series segments with correlated noise, and an-
alyze the impact on the posterior estimates. Here, we simulate time
series by taking samples from the prior distributions of 𝑐1, 𝑐2, 𝑃0, 𝑃1,
and 𝜖 , and generate synthetic frequency time series with three
different types of noise:

• Uncorrelated Gaussian noise (𝐻 = 0.5), which was used
when training the neural posterior estimator

• Various degrees of temporally negatively correlated noise
(𝐻 < 0.5), i.e. fractional Gaussian noise with a Hurst expo-
nent of 0.2, 0.3, and 0.4

• Various degrees of temporally positively correlated noise
(𝐻 > 0.5), i.e. fractional Gaussian noise with a Hurst expo-
nent of 0.6, 0.7, and 0.8

For 𝐻 ≠ 0.5, the Gaussian noise in Eq. 4 is replaced by fractional
Gaussian noise in order to generate time series trajectories. We
can now infer posterior distributions and calculate the correspond-
ing z-scores for these time series. Since a distribution of z-scores
with an approximate mean of 0 and variance of 1 corresponds to a
well-calibrated posterior, we examine the means and variances for
the various time series; see Figure 8. We observe that negatively
correlated noise has only a minor effect on the z-scores. Positively
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correlated noise, on the other hand, introduces a bias in the distri-
bution of some of the parameters and leads to overconfidence on
the part of the estimator, thereby rendering the posterior unreli-
able. In both cases, the estimate of the noise amplitude 𝜖 cannot
approximate the true parameter, since the effect of the noise ampli-
tude varies significantly depending on the type of noise correlation.
The other parameters yield z-scores that are approximately nor-
mally distributed up to a Hurst exponent of 0.6, implying that the
posterior distributions are well calibrated.
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Figure 8: Influence of negatively and positively correlated
noise in synthetic observations on the inference perfor-
mance.

E Best and Worst Simulations for the Nordic
Grid

We present, for each model, the Nordic grid trajectories correspond-
ing to the best and worst energy scores of the NPE model in Fig. 9,
complementing the CE plot from the main text. Again, we note
that for the worst model (panels e-h), the assumed stochastic equa-
tion fails to capture the observed dynamics. Here, the grid displays
extended oscillations, which would require a different dynamical
model. Meanwhile, the NPE approach provides a very accurate
and narrow estimate for its best case, clearly outperforming the
partially fitting ABC and LSE baselines, and the considerably wider
Daily Pattern (see panels a-d).

F Temporal Trends in Posterior Distributions in
the Nordic Grid

We repeat the analysis from 5.3 for the Nordic grid, as shown in
Fig. 10. Analysis of the daily profile of the various parameters
reveals qualitative characteristics similar to those in the CE syn-
chronous area. As in CE, we see strong fluctuations at the beginning
of each hour, particularly in the parameters 𝑐1, 𝑐2, and 𝑃0. However,
we see that the fluctuations in the mean value, for example for 𝑐1
and 𝑃1, are significantly lower than for CE. It is also noticeable that
the noise amplitude level is significantly higher at 3 s−3/2 to 4 s−3/2
than in CE. This is consistent with our observation from Fig. 5b,
where the posterior predictive samples exhibit high variance in the
increments, and thus in short time-scale fluctuations. With regard
to the standard deviation, the values of all five parameters are in
similar ranges as for CE, and the daily profile is also comparable.

The width of the distributions in the daily profile is thus estimated
to be similar in both networks.

G Correlation between Observation and
Posterior Distribution Variance for the
Nordic Grid

In the same analogous way as in 5.4, we calculate correlations
of frequency time series segments and the posterior behavior for
frequency data from the Nordic grid and make similar qualitative
observations as for Continental Europe, see Fig. 11. It is noteworthy
that, apart from the amplitude of the stochastic fluctuations 𝜖 , the
correlations are slightly weaker than for CE. We observe a slight
negative correlation with regard to the amplitude of the noise.
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Figure 9: Comparison of observed frequency segments from the Nordic grid and trajectories simulated by 100 samples from the
posterior. Black curves are the empirical frequency segments, shaded areas indicate the standard deviation of the trajectories,
and colored lines represent the mean of the ensemble of trajectories. a-d: Observation with the best energy score with respect
to the NPE approach, with the corresponding trajectories of all four models. e-h: Observation with the worst energy score with
respect to the NPE approach, with the corresponding trajectories of all four presented models.

3

4

5

M
ea

n

×10−2a c1[s
−1]

1

2

×10−4b c2[s
−2]

−2.5

0.0

×10−2c P0[s
−2]

−2.5

0.0

2.5
×10−5d P1[s

−3]

3

4

×10−2e ε[s−3/2]

0 6 12 18 24
Hour

0.75

1.00

1.25

S
ta

n
d

ar
d

d
ev

ia
ti

on ×10−2f

0 6 12 18 24
Hour

4

6

×10−5g

0 6 12 18 24
Hour

2

4

×10−3h

0 6 12 18 24
Hour

0.5

1.0

×10−5i

0 6 12 18 24
Hour

5

6

×10−3j

Figure 10: Daily patterns in mean (a-e) and standard deviation (f-j) of the posterior distribution of the model parameters in the
Nordic grid. Solid lines represent the daily means, and shaded areas indicate the range between the 25% and 75% quantiles.

152



Neural Posterior Estimation for Empirical Power System Time Series E-Energy ’26, June 22–25, 2026, Banff, AB, Canada

0.
1

0.
4

Std. of observed
ω [rad/s]

0.5

1.0

1.5

S
ta

n
d

ar
d

d
ev

ia
ti

on
of

p
os

te
ri

or
d

is
tr

ib
u

ti
on

s
c 1

[s
−

1
]

×10−2

ρ =-0.51

a

0.
1

0.
4

Std. of observed
ω [rad/s]

2.5

5.0

7.5

c 2
[s
−

2
]

×10−5

ρ =-0.43

b

0.
1

0.
4

Std. of observed
ω [rad/s]

2.5

5.0

7.5

P
0
[s
−

2
]

×10−3

ρ =0.53

c

0.
1

0.
4

Std. of observed
ω [rad/s]

0.5

1.0

1.5

P
1
[s
−

3
]

×10−5

ρ =0.29

d

0.
1

0.
4

Std. of observed
ω [rad/s]

4

6

8

ε[
s−

3/
2
]

×10−3

ρ =-0.24

e

Figure 11: Relation between the standard deviation of Nordic frequency time series segments and the deviation of the corre-
sponding parameters from the inferred posterior. The Pearson correlation coefficient between the corresponding standard
deviations is given by 𝜌 .

153


	Abstract
	1 Introduction
	2 Methodology
	2.1 Neural Posterior Inference
	2.2 Power-Grid Frequency Dynamics

	3 Experimental Set-up
	3.1 Training Details and Prior Choice
	3.2 Z-Scores and Calibration Tests
	3.3 Posterior Predictive Checks
	3.4 Baseline Models

	4 Validation on Synthetic Dataset
	5 Parameter Estimation on Empirical Frequency Time Series from European Synchronous Areas
	5.1 Model Performance
	5.2 Analysis of Posterior Predictive Trajectories
	5.3 Temporal Trends in Posterior Distributions
	5.4 Correlation between Observations and Posterior Distribution Variance

	6 Conclusion and Future Work
	Acknowledgments
	References
	A Description of the Daily Pattern
	B Computational Effort and Scalability
	C Selection of Summary Statistics for ABC Rejection
	D Impact of Correlated Noise on Reliability of Posterior Distributions, and Limitations 
	E Best and Worst Simulations for the Nordic Grid
	F Temporal Trends in Posterior Distributions in the Nordic Grid
	G Correlation between Observation and Posterior Distribution Variance for the Nordic Grid

