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 A B S T R A C T

Coordination between power system operators can improve the power system stability and effectively deploy 
resources in distribution systems (DS). The research work of this paper provides a coordination method to 
mitigate the impact of dynamic events on transmission systems (TS). The proposed method uses a machine 
learning (ML)-based model to estimate the collective dynamic response of DS under varying TS dynamic 
properties, DS operating conditions, and share of inverter base resources (IBRs). In addition, the ML-based 
model enables TS operators (TSOs) to provide feedback to DS operators (DSOs) for controlling the IBRs’ 
active power output to prevent post-fault instabilities. The proposed TSO-DSO coordination method includes 
a risk-based active power setpoint optimizer for instability prevention. The proposed method uses existing 
measurement and IBR control platforms available in DS and estimates the post-fault DS dynamic response 
considering IBR active power control actions. Case studies on synthetic models of TS and DS covering the 
Zeeland province in The Netherlands illustrate the application of the proposed coordination and the instability 
risk mitigation when optimizing IBR setpoints.
1. Introduction

Inverter-based resources (IBRs) in distribution systems (DSs) affect 
the overall power system dynamic stability. DS IBRs operating in grid-
forming (GFM) mode can support the dynamic stability of transmission 
systems (TSs) that suffer from low inertia. TS operators (TSOs) need 
to anticipate and evaluate the impact of controlling DS IBRs on sys-
tem stability as IBRs in DSs replace TS resources. However, including 
active components and IBRs in DSs makes modeling, maintaining, and 
co-simulating TSs and DSs challenging [1].

Coordination between TSOs and distribution system operators
(DSOs) is a topic of increasing interest [2–4]. As distributed energy 
resources (DER) flexibility becomes necessary, TSOs and DSOs must co-
ordinate to avoid causing issues to one another [4]. Existing TSO-DSO 
coordination methods differ in the central entity and data exchange 
requirements [2]. Market-based TSO-DSO coordination differs by mul-
tiple elements  [5]. DSO-centric coordination allows low data exchange 
between TSOs and DSOs using flexibility areas [6,7]. However, flex-
ibility areas evaluate and estimate the available flexibility through 
steady-state simulations. Evaluating the flexibility for dynamic stability 
is underrepresented in TSO-DSO coordination methods.

TSOs must ensure their system’s security, withstanding imminent 
contingencies without service interruptions [8,9]. The typical industry 
practice is deterministic, where all probable contingencies are treated 
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with equal risk [9]. However, risk-based security assessment becomes 
more applicable as the contingency probability, risks, and consequences 
differ [8,9]. Probabilistic approaches can consider the contingency 
likelihood, probability, and consequences of instability [8]. The pro-
posed coordination helps TSOs assess the risks and costs of probable 
contingencies compared to flexibility costs.

Different share between grid-following (GFL) and GFM inverters 
impacts the dynamic response of DSs [10]. GFM inverters improve 
the dynamic performance of power systems with enhanced response 
to load [11] and fault [10] events. However, GFM inverters have 
stability issues after faults due to current saturation [11–13]. Thus, 
controlling the DS GFM IBRs setpoints can enable TSOs to evaluate 
and, if possible, prevent post-disturbance instabilities, such as current 
saturation. Different TS inertia alters the response of the DS [14,15], 
and the system inertia is highly variable [15,16]. Methods for DS 
aggregated dynamic response representation (ADRR) aim to support 
dynamic studies for TSOs and DSOs by alleviating the DS modeling and 
simulating complexity. Existing ADRR approaches do not support con-
trolling DS GFM IBR outputs and typically consider fixed TS dynamic 
properties throughout the ADRR development. Considering TSs with 
fixed, high inertia in ADRR modeling does not accurately represent the 
DS response for TSOs to assess the impact of controlling GFM IBR. Thus, 
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DS ADRR models should account for the variable TS dynamic properties 
and support controlling the DS GFM IBR setpoints.

This research proposes a TSO-DSO coordination method that en-
ables TSOs to evaluate and request flexibility from GFM IBRs for 
dynamic support. The proposed method applies in close to real-time 
operation, to prevent dynamic instability from possible dynamic events. 
Flexibility corresponds to the DS resources whose operation can be 
altered by TSOs or DSOs to support system operation [17]. A DS 
ADRR is a key component in enabling this coordination, accounting for 
the variable TS dynamic properties, types of IBRs, and IBR setpoints. 
The proposed TSO-DSO coordination requires measurements currently 
available to system operators, identifies the GFM IBR setpoints min-
imizing instability risks, and includes a classifier identifying extreme 
instabilities.

DS ADRR approaches mainly use system identification approaches 
that rely on measured or simulated data [1,18]. The scarcity of data 
with large disturbances limits the potential for measurement-based 
ADRR models. System identification-based ADRR approaches can di-
versify to black box and grey box. Black box approaches use data to fit 
a model of an unknown, typically machine learning (ML)-based struc-
ture [19,20]. Grey box approaches assume a DS equivalent structure, 
e.g., a load, a synchronous, and a static generator, and use data to 
fit the structure’s parameters [18,21]. Grey box models are easier to 
integrate with software for dynamic simulations. However, the grey box 
modeling selection of a specific system structure and parameters can 
impair the model representation for variable operating conditions. To 
allow representing various operating conditions, [22,23] provide differ-
ent ADRR model parameters for different operating condition clusters. 
With increased diversity in IBRs and DERs in DSs, grey box approaches 
require more complex structures with several components [24,25], 
whereas ADRR models should ease the DS modeling and simulation 
complexity. Applying a grey box approach can be challenging for a 
ring system topology [25], and including external variables in grey box 
model structures can be challenging in mapping the external variables 
and structure components. Black box methods do not have these re-
strictions in operating conditions, IBR diversity, external variables, or 
system topology. As ML algorithms become more prominent, integrat-
ing ML models into dynamic simulation software becomes anticipated. 
ML-based ADRR models explored long-short-term memory (LSTM) re-
current neural networks (RNNs) [19], Gaussian process models [20], 
and artificial neural networks [26]. RNNs are developed for sequential 
data but cannot effectively include static features. [20] included static 
features with repeated power outputs and voltage inputs. The proposed 
black box approach utilizes RNNs but also considers static features for 
the initial operating conditions, IBR share, and TS inertia.

DS models used in ADRR approaches typically assume knowledge 
of the IBR types, as GFL [1,23]. However, GFM inverters become in-
creasingly used. To account for differences in DS generation types, [23] 
model considers the mixture of synchronous and asynchronous gen-
eration but assumes asynchronous DER. [27] modeled GFM and GFL 
IBR types and used the DS IBRs and synchronous generator inertia to 
provide an ADRR model with a more accurate response. [27] assumed 
the DSOs know detailed characteristics of the IBRs, e.g., the inertia, 
droop, and damping constants, and a high TS inertia. [25] modeled 
GFM IBRs but also assumed known IBR characteristics and developed a 
complex ADRR model structure with one branch for each GFM inverter 
counteracting the ADRR appeal for DS model simplification. This re-
search represents IBRs with GFL and GFM types and estimates these 
types using measurements without assuming detailed IBR parameter 
knowledge.

Preventive dynamic security assessment studies require dynamic 
models of the underlying systems to identify remedial actions [28]. 
These security assessment studies consider equally credible contingen-
cies [29] or include contingency probabilities for instability risks [8]. 
These studies typically focus on TS operating conditions to minimize 
instability risks. The proposed method focuses on controlling DS IBRs 
2 
and the impact of DS IBR dynamics that preventive dynamic security 
assessment studies mainly exclude.

This paper proposes a TSO-DSO coordination method where TSOs 
can use the ADRR model to select and evaluate flexibility setpoints for 
the IBRs. Therefore, the main contributions are:

1. Developing a TSO-DSO coordination method for dynamic stabil-
ity based on the estimation of the aggregated dynamic response 
of DS using measurements available to system operators.

2. Extension of the method to also include an algorithm for risk-
based evaluation and selection of TSO actions to prevent insta-
bility.

3. Proposing an approach representing the aggregated DS dynamic 
response accounting for variable dynamic system properties, the 
aggregated power output, and the type of primary control of 
IBRs, combining sequential and non-sequential features.

Case studies are performed on the synthetic system model of the 
Zeeland region in the Netherlands. The case studies showcase the 
active power setpoint optimizer, and ADRR model performance with 
regression and high instability classification. The following subsec-
tions are Section 2 TSO-DSO coordination; the proposed coordination 
approach and key components, Section 3 DS aggregated dynamic re-
sponse representation for variable TS dynamic properties and IBR 
share; the proposed ADRR model structure, Section 4 case studies; the 
case studies, and Section 5 conclusion.

2. TSO-DSO coordination

As the share of DERs increases, IBR flexibility can help TSOs achieve 
operational stability. Assessing IBR flexibility for dynamic events is 
challenging for TSOs as:

1. TSOs would need real-time information on the available flexibil-
ity in DSs from each IBR type,

2. TSOs would need models to consider the post-disturbance dy-
namic response of interconnected DSs,

3. TSOs would need functionality to select DS IBR setpoints to 
improve the TS dynamic stability.

To mitigate these challenges, this paper introduces the coordination 
illustrated in Fig.  1. The ADRR is developed by the DSO and used by 
the TSO. In operation, the DSO applies the IBR classifier algorithm to 
inform the ADRR model about the real-time DS operating condition. 
The TSO uses the operating condition to evaluate the stability of the 
post-fault system. If the ADRR detects instability, the GFM IBR active 
power setpoint optimizer identifies the risk-minimizing setpoint for the 
GFM IBRs and informs the DSO. The DSO validates that the requests 
respect DS network constraints and sends the validated requests to the 
IBRs through real-time interface (RTI). If TSO requests are invalid for 
the constraints of the DS network, the TSO is informed to explore an 
alternative risk mitigation without altering IBR setpoints.

The proposed coordination utilizes and extends the RTI application, 
which mandates the participation of large DER and considers markets 
out of scope [30]. Nevertheless, characterizations in [5] on market-
based TSO-DSO coordination can clarify the proposed coordination 
characteristics. Namely, the proposed approach considers a decen-
tralized optimization. The TSO optimizes the setpoints for stability, 
the DSO optimizes setpoints for congestion management (existing RTI 
modality), and evaluates the TSO’s setpoints for feasibility. The DERs 
whose setpoints are used are reimbursed with a uniform pay. The grid 
representation requires comprehensive grid data for the TSOs (trans-
mission network and DS ADRR). Market participation of DERs does not 
impact the proposed coordination, as the ADRR features include the 
measured DER setpoints, which may have been altered due to market 
agreements. However, a real-time TSO or DSO setpoint can be applied 
on top of these agreements for grid security.
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Fig. 1. Overview of the proposed TSO-DSO coordination with DSO-operated actions ( ) and TSO-operated actions ( ).
2.1. Estimating the real-time IBR outputs in DSs

DSOs have limited measurements in DSs [31]. This section describes 
how the proposed coordination considers the available measurements 
through the existing Dutch RTI technical framework to estimate the 
real-time IBR outputs in DSs. In 2020, Dutch DSOs and the TSO de-
veloped RTI to improve real-time communication between large DERs 
and DSOs, TSOs [30]. Through RTI, DERs with capacity 1–50 [MW], 
connected to the medium voltage, are required to measure and ex-
change information with the DSOs about the active power, reactive 
power, phase voltages, and phase currents. RTI measurements can have 
intervals of less than 60 [s]. Using RTI, the DSOs and TSO can request 
new power setpoints from DER to ensure their system’s stability. The 
DSOs and TSO must include the reason for the requests.

The proposed coordination creates a database of IBR output de-
viations provided by RTI for DSOs to classify each IBR as GFM or 
GFL. These deviations are load change disturbances that occur continu-
ally [9], i.e., a sudden load consumption change. The database includes 
the wind speed deviation as uncertainty caused by variable weather 
conditions. These wind deviation values are attainable from weather 
radars. Set 𝛺𝐷𝐵 characterizes the database as: 
𝛺𝐷𝐵 = {(𝛥𝑣𝑗𝑙 , 𝛥𝑖𝑗𝑙 , 𝛥𝑃𝑗𝑙 , 𝛥𝑄𝑗𝑙 , 𝜎𝑗𝑙)|𝑗 ∈ 𝛺𝐷𝐸𝑅, 𝑙 ∈ 𝛺𝛷}, (1)

where 𝛺𝐷𝐸𝑅 is the set of DER providing measurements through RTI, 
and 𝛺𝛷 is the set of load disturbances. 𝛥𝑣𝑗𝑙 , 𝛥𝑖𝑗𝑙 , 𝛥𝑃𝑗𝑙 , 𝛥𝑄𝑗𝑙 are the 
voltage and current magnitudes, active, and reactive power changes of 
the 𝑗 DER terminals after the 𝑙 load event. 𝜎𝑗𝑙 is the wind speed standard 
deviation measurement at 𝑗 during each 𝑙 event.

Although the share of IBR impacts the DS response to dynamic 
events [10], DSOs are unaware of the specific DS IBR types in oper-
ation. Thus, in the proposed coordination, the DSO applies the IBR 
classifier in Alg. 1 using 𝛺𝐷𝐵 to classify each IBR as GFM or GFL, 
resulting in the sets 𝛺𝐺𝐹𝑀  and 𝛺𝐺𝐹𝐿, respectively. The proposed 
approach assumes that the DSOs know which DERs are synchronous 
machines, 𝛺𝑆𝑀 , e.g., gas turbines. This assumption differs from alterna-
tive approaches that assume known IBR types and DER parameters [25,
27].

Algorithm 1 Classifying IBR types
  Input: 𝛺𝐷𝐵 , 𝛺𝐷𝐸𝑅, 𝛺𝑆𝑀

  Output: 𝛺𝐺𝐹𝑀 , 𝛺𝐺𝐹𝐿

1: 𝛺𝐺𝐹𝑀 ← ∅, 𝛺𝐺𝐹𝐿 ← ∅
2: for 𝑗 ∈ 𝛺𝐷𝐸𝑅 ⧵𝛺𝑆𝑀 do
3:  𝜓 ← 0
4:  for (𝛥𝑃𝑗𝑙 , 𝜎𝑗𝑙) ∈ 𝛺𝐷𝐵  do ⊳ from (1)
5:  𝜓 ← 𝜓 + 𝛹 (𝛥𝑃𝑗𝑙 , 𝜎𝑗𝑙) ⊳ using (2)
6:  end for
7:  if 𝜓 > 0 then
8:  𝛺𝐺𝐹𝑀 ← 𝛺𝐺𝐹𝑀 ∪ {𝑗}
9:  else
10:  𝛺𝐺𝐹𝐿 ← 𝛺𝐺𝐹𝐿 ∪ {𝑗}
11:  end if
12: end for
13: return 𝛺𝐺𝐹𝑀 , 𝛺𝐺𝐹𝐿
3 
Following DS disturbances such as load changes, GFM IBRs typically 
reduce or increase the output power to mitigate the disturbance and 
maintain stable voltage and frequency [32]. In contrast, GFL IBRs 
typically continue to inject power following the system voltage and 
frequency [32]. GFL IBRs, including the ones used in the case studies, 
can also offer frequency support with droop, with the GFM IBR response 
typically being stronger [33]. The active power threshold diversifying 
GFM from GFL responses is 𝛥𝑃 [%]. The classifier takes a weighted 
assignment 𝛹 ∈ [−1, 1] on the IBR type after each event 𝑙 in line 5 
of Alg. 1, as: 

𝛹 (𝛥𝑃𝑗𝑙 , 𝜎𝑗𝑙) =

⎧

⎪

⎨

⎪

⎩

𝑡𝑎𝑛ℎ( |𝛥𝑃𝑗𝑙 |−𝛥𝑃𝜎𝑗𝑙
), if 𝜎𝑗𝑙 ≠ 0,

𝑠𝑖𝑔𝑛(|𝛥𝑃𝑗𝑙| − 𝛥𝑃 ), otherwise,
(2)

where 𝛹 > 0 for GFM type, and 𝛹 < 0 for GFL type. 𝛹 magnitude 
is the weight for class assignment confidence. The classifier considers 
wind speed variability during each event as an uncertainty source. 
Wind deviations can cause changes in IBR outputs unrelated to the load 
events. Thus the recorded 𝛥𝑃𝑗𝑙 are: 

𝛥𝑃𝑗𝑙 = 𝛥𝑃𝑗𝑙 + 𝜖(𝜎𝑗𝑙)[%], (3)

where 𝛥𝑃𝑗𝑙 is the change caused by the actual inverter type of IBR 𝑗
responding to event 𝑙. 𝜖(𝜎𝑗𝑙) is the residual uncertainty caused by the 
wind variability. Inverters and controllers of wind turbines typically in-
clude damping mechanisms to reduce output deviations due to weather 
conditions [34]. These mechanisms reduce the impact of 𝜖(𝜎𝑗𝑙) on 𝛥𝑃𝑗𝑙. 
Nevertheless, an event 𝑙 with low 𝜎𝑗𝑙 causes a low 𝜖(𝜎𝑗𝑙).

Since 𝛺𝐷𝐵 stores multiple load events, Alg. 1 gets 𝜙 = |𝛺𝛷
| samples 

to classify each IBR as GFM or GFL. The class assignment from each 
sample has a weight of confidence from (2). Alg. 1 sums the weighted 
class assignments for each IBR. If the accumulated 𝛹 from all events is 
non-negative, then the IBR is classified as GFM in lines 7 − 8 of Alg. 
1. Otherwise, the IBR is classified as GFL in lines 9 − 10 of Alg. 1. 
Let a classification metric with a probability of correct classification 
𝜌̂𝛾𝑙 ∈ [0, 1] for a single load event 𝑙. Given 𝜙 independent load events, 
the probability of the correct class being predicted for an IBR for the 
majority of events is: 

𝜌̂𝛾𝜙 =
𝜙
∑

𝑛= 𝜙+1
2

(

𝜙
𝑛

)

(𝜌̂𝛾𝑙 )
𝑛(1 − 𝜌̂𝛾𝑙 )

𝜙−𝑛 ∈ [0, 1], (4)

which is the cumulative distribution function of the binomial distribu-
tion.

The DSO uses the 𝛺𝐺𝐹𝑀 , 𝛺𝐺𝐹𝐿 outputs from the IBR classifier and 
the constant flow of real-time measurements from RTI to output vector 
𝐴 of parameters that could impact the DS response to dynamic events:
𝐴 = [

∑

𝑗∈𝛺𝐺𝐹𝑀
𝑃𝑗 ,

∑

𝑗∈𝛺𝐺𝐹𝑀
𝑄𝑗 ,

∑

𝑗∈𝛺𝐺𝐹𝐿
𝑃𝑗 ,

∑

𝑗∈𝛺𝐺𝐹𝐿
𝑄𝑗 ,

∑

𝑗∈𝛺𝑆𝑀
𝑃𝑗 ,

∑

𝑗∈𝛺𝑆𝑀
𝑄𝑗 ,

𝑃𝑗∀𝑗 ∈ 𝛺𝐺𝐹𝑀 , 𝑄𝑗∀𝑗 ∈ 𝛺𝐺𝐹𝑀 , 𝑆𝑗∀𝑗 ∈ 𝛺𝐺𝐹𝑀 ]𝑇 . (5)

where 𝑃  is active power, 𝑄 is reactive power, and 𝑆 is apparent power.
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ADRR models can address the second challenge of Section 2, where 
a DSO provides a DS ADRR model that the TSO can deploy to perform 
dynamic simulations. The proposed ADRR model includes the IBR 
setpoints as inputs for the TSO to evaluate the flexibility actions’ impact 
on the DS response and to address Section 2’s third challenge.

2.2. TSOs selecting IBR setpoints

This section analyzes the GFM IBR setpoint optimizer of Fig.  1, 
which enables TSOs to select IBR setpoints to minimize instability risks 
for the post-fault response of interconnected DSs and TSs.

Unlike small load disturbances, large disturbances in TSs, such as 
line faults, are less frequent but can cause instability and high costs for 
TSOs [9]. The TSO can use the proposed coordination process to avoid 
instabilities caused by large disturbances. In Fig.  1, the TSO informs 
the DSO about the setpoint request for all IBRs and the dynamic event 
(reason for request). The DSO validates DS constraint-feasibility for 
the TSO requests using DS state estimation (DSSE). DSSE approaches 
consider measured nodes and pseudo-measured nodal power injections 
to estimate the DS state [35]. If the requested state respects the DS 
constraints, the DSO forwards the requests to the GFM IBRs through 
RTI. Alternatively, the DSO informs the TSO that the setpoints are 
invalid, so the TSO can explore alternative risk-mitigation sources from 
neighboring DSOs or TS-connected resources.

The current saturation issue of droop-controlled GFM inverters 
causes instability if the active power output of the inverter exceeds the 
limit, as analyzed in [12]. In the proposed approach, TSOs can simulate 
disturbances in TS with ADRR representing the DS, considering the 
potential increase in GFM IBR active power after probable disturbances. 
If these simulations indicate that an increase in the active power 
output of GFM IBRs would cause instability due to current saturation, 
reducing the GFM IBR setpoints could result in greater headroom, 
avoiding reaching maximum current. The proposed approach compares 
the risks associated with the probability of disturbance and the costs of 
instability to avoid unnecessary setpoint reductions.

The proposed approach does not depend only on current saturation 
instabilities. If the DS data for the ADRR model include other sources of 
post-disturbance instability, the proposed approach can enable TSOs to 
simulate these responses and evaluate whether reducing the GFM IBR 
active power can prevent these instabilities.

A large disturbance event 𝑒 has a probability of occurrence 𝜌̂𝑜(𝑒) ∈
[0, 1]. If event 𝑒 causes instability, the potential costs for the TSO can 
be 𝐶 𝜄(𝑒) [e], caused by loss of load in the area or outage costs [9]. 
Alternatively, the costs of adjusting the GFM IBR setpoints to prevent 
instability can be 𝐶𝜂(𝑒)[e∕%]. The active power setpoint for all GFM 
IBRs is 𝑃 𝑠[%]. The 𝜌̂𝜄(𝑒, 𝜁 , 𝐴, 𝑃 𝑠) ∈ [0, 1] is the probability of instability 
for TS operating condition 𝜁 , and DS attributes of vector 𝐴, after 𝑒, if 
𝑃 𝑠 is applied. 𝜌̂𝜄(𝑒, 𝜁 , 𝐴, 𝑃 𝑠) is independent of 𝜌̂𝑜(𝑒). Thus, the risk for 
the TSO, 𝑅(𝑒, 𝜁 , 𝐴, 𝑃 𝑠), for 𝑒 is:
𝑅(𝑒, 𝜁 , 𝐴, 𝑃 𝑠) = 𝜌̂𝑜(𝑒) ⋅ 𝑅̄(𝑒, 𝜁 , 𝐴, 𝑃 𝑠) + (1 − 𝜌̂𝑜(𝑒)) ⋅ 𝐶𝜂(𝑒) ⋅ (100 − 𝑃 𝑠)[e],

(6)

𝑅̄(𝑒, 𝜁 , 𝐴, 𝑃 𝑠) = 𝐶 𝜄(𝑒) ⋅ 𝜌̂𝜄(𝑒, 𝜁 , 𝐴, 𝑃 𝑠) + 𝐶𝜂(𝑒) ⋅ (100 − 𝑃 𝑠)[e]. (7)

where 𝑅̄(𝑒, 𝜁 , 𝐴, 𝑃 𝑠) is the risk for the TSO if 𝑒 occurs. Thus combining 
(6) and (7) leads to: 
𝑅(𝑒, 𝜁 , 𝐴, 𝑃 𝑠) = 𝜌̂𝑜(𝑒) ⋅ 𝐶 𝜄(𝑒) ⋅ 𝜌̂𝜄(𝑒, 𝜁 , 𝐴, 𝑃 𝑠) + 𝐶𝜂(𝑒) ⋅ (100 − 𝑃 𝑠)[e]. (8)

Let 𝑃 𝑠[%], the maximum setpoint for all GFM IBRs addressing the 
potential instability event. TSOs can either neglect the potential impact 
of 𝑒 or apply 𝑃 𝑠 by assessing the risks of these actions as: 
𝑃 𝑠∗ = argmin

𝑃 𝑠∈{𝑃 𝑠 ,100}

(

𝑅(𝑒, 𝜁 , 𝐴, 𝑃 𝑠)
)

[%], (9)

where 𝑃 𝑠∗[%] is the minimum-risk setpoint.
The GFM IBR active power setpoint optimizer of Fig.  1 and Alg. 2 

identifies the minimum-risk setpoint 𝑃 𝑠∗, of resolution 𝛿𝑃 [%], for GFM 
4 
Algorithm 2 GFM IBR Active Power Setpoint Optimizer
  Input: 𝑒, 𝜁 , 𝐴, 𝛿𝑃 , 𝛬̄, 𝑃 𝑠

𝑚𝑖𝑛, 𝜌̂
𝑜(𝑒)

  Output: 𝑃 𝑠∗

1: 𝛤 𝑠 ← [𝑃 𝑠
𝑚𝑖𝑛, 𝑃

𝑠
𝑚𝑖𝑛 + 𝛿𝑃 , 𝑃

𝑠
𝑚𝑖𝑛 + 2𝛿𝑃 , .., 100]

2: 𝑃 𝑠
𝑚𝑎𝑥 ← 100

3: 𝑃 𝑠 ← 100
4: while 𝛤 𝑠! = [ ] do
5:  𝑃 𝑠 ← 𝛤 𝑠[

⌊

length(𝛤 𝑠)
2

⌋

] ⊳ Get the median value
6:  𝐴̃ ← 𝐹 𝑠(𝐴, 𝑃 𝑠)
7:  𝛬← 𝐹 𝑠𝑖𝑚(𝑒, 𝜁 , 𝐴̃)
8:  if 𝛬 <= 𝛬̄ then
9:  if 𝑃 𝑠 + 𝛿𝑃 < 𝑃 𝑠

𝑚𝑎𝑥 then
10:  𝛤 𝑠 ← [𝑃 𝑠 + 𝛿𝑃 , .., 𝑃 𝑠

𝑚𝑎𝑥]
11:  else
12:  𝛤 𝑠 ← [ ]
13:  end if
14:  𝑃 𝑠 ← 𝑃 𝑠

15:  𝑃 𝑠
𝑚𝑖𝑛 ← 𝑃 𝑠

16:  else
17:  if 𝑃 𝑠

𝑚𝑖𝑛 < 𝑃
𝑠 − 𝛿𝑃  then

18:  𝛤 𝑠 ← [𝑃 𝑠
𝑚𝑖𝑛, 𝑃

𝑠
𝑚𝑖𝑛 + 𝛿𝑃 , .., 𝑃

𝑠 − 𝛿𝑃 ]
19:  else
20:  𝛤 𝑠 ← [ ]
21:  end if
22:  𝑃 𝑠

𝑚𝑎𝑥 ← 𝑃 𝑠

23:  end if
24: end while
25: 𝑃 𝑠∗ ← (9)  with 𝑒, 𝜁 , 𝐴, 𝑃 𝑠

26: return 𝑃 𝑠∗

IBRs to avoid the potential instability from the large disturbance 𝑒. 
The optimizer first identifies the maximum feasible setpoint 𝑃 𝑠 and 
then applies (9) to obtain 𝑃 𝑠∗. To estimate 𝑃 𝑠, Alg. 2 performs a 
tree search for a list of setpoint levels 𝛤 𝑠. The inputs 𝛬̄ are the TSO 
stability thresholds, i.e., limits for frequency, voltage, rate of change 
of frequency (RoCoF), and active and reactive power deviations. 𝛬 are 
the simulated values for the above thresholds. 𝑃 𝑠𝑚𝑖𝑛[%] is the minimum 
setpoint evaluated by the algorithm. 𝐴̃ is the value for 𝐴 if 𝑃 𝑠 is applied. 
The function 𝐹 𝑠(𝐴, 𝑃 𝑠) applies the selected setpoints 𝑃 𝑠 to the GFM IBR 
attributes of 𝐴, representing controlling the GFM IBR setpoints on line 
6 of Alg. 2. 𝐹 𝑠𝑖𝑚(𝑒, 𝜁 , 𝐴) performs the dynamic simulation considering 𝑒
and the DS and TS operating condition on line 7 of Alg. 2. If no setpoint 
can solve the instability, the 𝑃 𝑠 = 100 from line 3 of Alg. 2 shows that 
none of the changes provided a solution, thus (9) returns no action on 
line 25 of Alg. 2. The setpoint optimizer does not intend to control the 
voltage or frequency post-fault response to specific follow trajectories, 
but rather reduce the risks for post-fault instability, considering the 
ADRR and TS simulated responses.

In the proposed coordination, TSOs can identify potential communi-
cation failures by detecting disruptions in the information flow between 
RTI measurements and vector 𝐴 input for the DS ADRR, as in Fig.  1. In 
such cases, TSOs should use previously measured vector 𝐴 instances 
until communication is restored. If simulations indicate instability, 
TSOs should only consider instability preventive measures outside the 
DS controllable devices until RTI communications are re-established.

3. Aggregated dynamic response representation

This section describes the methodology in the proposed DS ADRR 
model. This methodology includes the reasoning for the selected learn-
ing architectures and their structure. The proposed DS ADRR model, as 
shown in Fig.  1, enables the TSO to simulate the post-fault response of 
the DS considering the setpoints for DS IBRs. The proposed coordina-
tion of Fig.  1 uses the IBR Classifier and vector 𝐴 from (5) to inform 
the DS ADRR model on the DS condition. The setpoint optimizer of 
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Section 2.2 allows the TSO to optimize and evaluate GFM IBR setpoints 
using the DS ADRR model.

The proposed ADRR model includes a regressor representing the DS 
response to a large TS disturbance in a simulation and a classifier to 
detect high instabilities and terminate the simulation process. Power 
systems simulation software, such as PowerFactory rely on iterative 
numerical methods. Highly instable conditions can cause no results 
or non-convergence issues in the numerical methods. These issues can 
further delay the simulations, lead to possibly erroneous results, or ter-
minate the simulations early. Extreme spikes caused by these instable 
conditions can dominate optimization losses and reduce the overall 
ADRR model accuracy. The proposed ADRR structure identifies these 
highly instable conditions to inform TSOs about the high instability. 
The following two subsections describe this regressor and classifier of 
the ADRR model.

3.1. ADRR regression model

Existing ADRR approaches typically do not require non-sequential 
features or do not use RNNs that focus on sequential features. Sequen-
tial features 𝑥(𝑡) are essential to capture the temporal dependencies 
of dynamic simulations. The non-sequential features 𝑧, which include 
vector 𝐴 from (5), provide information on the initial DS operating 
condition and DS sensitivity to the IBR outputs. Sequential features de-
pend on the dynamic simulation time-step 𝑡, e.g., total DS active power 
output 𝑃 (𝑡). The simulation time-step does not impact non-sequential 
features, e.g., initial DS active power output. RNN architectures such as 
LSTMs and gated recurrent units have gated mechanisms to keep long- 
and short-term dependencies in the sequential variables. To capture 
temporal dependencies, a feedforward neural network (FNN) would 
require input vectorized sequences of variables that can be less effective 
than RNNs.

The proposed model of Fig.  2 uses the RNN specialization for se-
quential features 𝑥(𝑡) and applies a linear dense layer on non-sequential 
features 𝑧. The sequential input feature matrix 𝑥(𝑡) includes the PCCs’ 
voltage magnitudes 𝑣(𝑡) and angles 𝜃(𝑡), the frequency 𝑓 (𝑡) and their 
previous values in a window 𝜇 as:
𝑥(𝑡) = [𝑥̂(𝑡), 𝑥̂(𝑡 − 𝜏), .., 𝑥̂(𝑡 − 𝜇 ⋅ 𝜏)], (10)

𝑥̂(𝑡) = [𝑣𝑃𝐶𝐶1 , 𝑣𝑃𝐶𝐶2 , 𝜃𝑃𝐶𝐶1 , 𝜃𝑃𝐶𝐶2 , 𝑓 ]
𝑇 (𝑡), (11)

where 𝜏[𝑠] is the simulation time-step, and 𝑃𝐶𝐶1, 𝑃𝐶𝐶2 are the 2 PCCs 
in ring DS topologies. The non-sequential inputs are the PCCs’ initial 
power outputs 𝑃 0

𝑃𝐶𝐶 , 𝑄
0
𝑃𝐶𝐶 , the TS inertia characteristic constant 𝐻 , 

and the features vector 𝐴 from (5): 
𝑧 = [𝑃 0

𝑃𝐶𝐶1
, 𝑃 0

𝑃𝐶𝐶2
, 𝑄0

𝑃𝐶𝐶1
, 𝑄0

𝑃𝐶𝐶2
,𝐻,𝐴𝑇 ]𝑇 . (12)

As Fig.  2 shows, the proposed model performs feature fusion, concate-
nating the dense and RNN layer outputs. A FNN uses the combined 
outputs to predict the DS response.

The vector of observed active and reactive power at each PCC at 
each time step 𝑡 is: 
𝑦(𝑡) = [𝑃𝑃𝐶𝐶1 , 𝑃𝑃𝐶𝐶2 , 𝑄𝑃𝐶𝐶1 , 𝑄𝑃𝐶𝐶2 ]

𝑇 (𝑡). (13)

For a single-PCC DS, 𝑦 would exclude the features and outputs for 
𝑃𝐶𝐶2. For DSs with more PCCs, 𝑦 would expand the features and 
outputs for each additional PCC, e.g., 𝑣𝑃𝐶𝐶3.

The function describing the proposed model of Fig.  2 is: 
𝑦̂(𝑡) = 𝐹 𝐹𝑁𝑤𝐹𝑁

(

𝐹 𝐹𝐹 (𝑦̂𝑥(𝑡), 𝑦̂𝑧)
)

. (14)

where 𝑦̂𝑥(𝑡) is the output of the RNN layers and 𝑦̂𝑧 is the output of 
the dense layer. 𝐹 𝐹𝐹  is the feature fusion function, concatenating the 
RNN and FNN model outputs. 𝐹 𝐹𝑁𝑤𝐹𝑁  is the FNN model that takes the 
fused features as inputs, and outputs the 𝑦̂(𝑡) ∈ R4; to approximate the 
observed 𝑦(𝑡). The 𝑤  are the learnable weights of the FNN model.
𝐹𝑁

5 
Fig. 2. Proposed ADRR regression model.

The proposed RNN, as in [19], deploys 𝛯 LSTM RNNs in parallel 
with their outputs being concatenated in vector 𝑦̂𝑥(𝑡) as:

𝑦̂𝑥(𝑡) = [𝑦̂𝑅𝑁𝑁0
, .., 𝑦̂𝑅𝑁𝑁𝛯 ]

𝑇 (𝑡), (15)

𝑦̂𝑅𝑁𝑁𝜉 (𝑡) = 𝐹𝑅𝑁𝑁𝑤𝜉
(𝑥(𝑡), 𝑦̂𝑅𝑁𝑁𝜉 (𝑡 − 1))∀𝜉 ∈ [0, 𝛯], (16)

where 𝐹𝑅𝑁𝑁𝑤𝜉
 is the 𝜉th RNN model and 𝑤𝜉 the learnable weights. The 

dense layer output is: 

𝑦̂𝑧 = 𝐹𝐷𝐿𝑤𝑧
(𝑧), (17)

where 𝐹𝐷𝐿𝑤𝑧
 is the dense layer and 𝑤𝑧 the learnable weights.

The regression objective is to find parameters 𝑤 = {𝑤𝐹𝑁 , 𝑤𝜉∀𝜉 ∈
𝛯,𝑤𝑧} to minimize the error between the model outputs and observed 
DS outputs. Hence, the loss function 𝐿 is the root mean squared error 
(RMSE) between 𝑦 and 𝑦̂ as: 

𝐿 = 1
|𝐷| ⋅ 𝜅

√

√

√

√

∑

𝑑∈𝐷

𝑘=𝜅
∑

𝑘=0
(𝑦(𝑘 ⋅ 𝜏) − 𝑦̂(𝑘 ⋅ 𝜏))2, (18)

where |𝐷| is the length of dataset 𝐷 with samples 𝑑 = (𝑥(0), .., 𝑥(𝜅 ⋅
𝜏), 𝑦(0), .., 𝑦(𝜅 ⋅ 𝜏), 𝑧) ∈ 𝐷. 𝜅 is the number of time steps for each 
simulation.

3.2. Classification of instabilities

High instabilities can be present in simulations with low TS inertia. 
ADRR models could inform TSOs and help them avoid these high 
instabilities. Unlike related literature, the proposed ADRR model also 
includes a classifier for high instabilities during the simulation to in-
form the TSO. Excluding the high instability classifier means including 
simulations with extreme values and fluctuations that could dominate 
the regression model’s loss and learning process.

Classifying extreme instabilities requires analyzing sequential data 
to detect high fluctuations. However, assigning all sequence values 
as unique features in an FNN can be inefficient. The most prominent 
methods for time-series classification first process each signal to get low 
dimensional features and apply ML-based techniques to classify using 
these low dimensional features [36]. The proposed approach applies 
feature-based (FB) time series classification [36].

The classifier first gets the input 𝜒 that includes the simulation 
results between the 0.5 [s] before, and 1.5 [s] after the disturbance as: 

𝜒 =
[

𝑥̂(𝑡𝑒 − 0.5), 𝑥̂(𝑡𝑒 − 0.5 + 𝜏), .., 𝑥̂(𝑡𝑒 + 1.5)
𝑦̂(𝑡𝑒 − 0.5), 𝑦̂(𝑡𝑒 − 0.5 + 𝜏), .., 𝑦̂(𝑡𝑒 + 1.5)

]

, (19)

where 𝑡𝑒[𝑠] is the event time. Since the proposed coordination uses 
ADRR to simulate potential events as in Fig.  1, 𝑡𝑒 is an input to the 
simulation. Considering typically small 𝜏 in dynamic simulations, 𝜒
can be high-dimensional. The proposed approach applies the feature 
extractor function 𝐹 𝐹𝐸 to analyze the time series of each signal in 𝜒
and get a low-dimensional vector 𝜋 as: 

𝜋 = 𝐹 𝐹𝐸 (𝜒) . (20)

The 𝐹 𝐹𝐸 estimates correlation coefficients across all signals. For 
each signal, 𝐹 𝐹𝐸 estimates the variance, discrete Fourier transform 
coefficients, the mean power of frequency bands from the signal power 
spectrum, and the number of peaks in the signal. The classifier FNN 
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Fig. 3. Test system diagram, with the DS , external grid , neighboring 
DS , loads , PV modules , wind turbines , synchronous machines , RTI 
measurement locations . The  indicate the simulated fault event locations.

uses the 𝜋 feature vector and labels the output as highly instable or 
not: 
𝑦̂𝜒 = 𝐹𝐶𝐿𝑤𝜒 (𝜋) ∈ {0, 1}, (21)

where 𝐹𝐶𝐿𝑤𝜒 , 𝑤𝜒  are the FNN classifier and its weights.

4. Case studies

The case studies showcase the proposed coordination’s components 
in selecting IBR setpoints to minimize post-fault instability risks, pro-
viding ADRR, and classifying highly instable conditions.

4.1. Test system and synthetic data generation

The system used includes the synthetic TS and DS models of the 
Zeeland province in the Netherlands, shown in Fig.  3. The diagram 
includes the DS of which the ADRR model is developed (surrounded 
by red dashed lines), the TS, the DER of a second DS (surrounded 
by blue dashed lines), and the external grid for the rest of the TS. 
The TS has 150 [kV] and 380 [kV] buses. The DS has 52.5 [kV] and 
10.6 [kV] buses. The model is in DigSilent Powerfactory. TSO TenneT 
provided the TS and [37] the DSs. The DSs were modified to include 
the 2024 DER capacity and load consumptions. The DS line and trans-
former capacity were increased by 4 times from [37] to accommodate 
the increased DER capacity. The system includes GFM IBRs (Droop 
Control System), GFL IBRs (WECC WT Control System Type 4A), and 
synchronous machines.

The ADRR model dataset includes 1545 fault-event simulations 
(faulted lines were randomly sampled from the 9 options in Fig.  3). 
The supplementary material includes details on data generation.

4.1.1. Case study settings
The case study of Section 4.3 compares the proposed ADRR model 

to baselines:
(i) An FNN as [26], showcasing the impact of excluding LSTM in 

ADRR. This model includes the ADRR classifier.
(ii) An LSTM including sequential and repeated non-sequential input 

features followed by an FNN, showcasing the impact of exclud-
ing feature fusion and dense layer for non-sequential features in 
ADRR. This model is a natural extension of [19,38] to include 
non-sequential features. This model includes the ADRR classifier.

(iii) The proposed structure, excluding the ADRR classifier. This 
model studies the impact of including extreme values observed 
in highly instable samples in ADRR.

(iv) An LSTM followed by an FNN, excluding non-sequential features, 
such as [19,38]. This model studies the impact of excluding 
non-sequential features in ADRR.

The model comparison metric was the RMSE on a test set of simulated 
events. Section 4.4 case study analyzes the proposed ADRR classifier 
and compares it with baselines:
6 
Fig. 4. The response of the DS at PCC 1 after the same fault with setpoints 
of 𝑃 𝑠 = 100[%] ( ), 𝑃 𝑠 = 50[%] ( ), 𝑃 𝑠 = 75[%] ( ), 𝑃 𝑠 = 65[%] ( ), 
and 𝑃 𝑠 = 70[%] ( ).

Fig. 5. In (a), example risks for different fault event probabilities. Risks 
without reduction ( ), or with reduction if 𝑃 𝑠 = 60[%] ( ), if 𝑃 𝑠 = 70[%]
( ), if 𝑃 𝑠 = 80[%] ( ), or if 𝑃 𝑠 = 90[%] ( ). In (b), the setpoint optimizer’s 
search for maximum feasible 𝑃 𝑠[%] with 𝛿𝑃 = 1[%] for different levels of 𝐻[𝑠]. 
Feasible ( ), not-feasible ( , ), and 𝑃 𝑠 ( ).

1. A classifier with additional features, the 5 coefficients when fit-
ting the signal with the autoregressive moving-average (ARMA) 
model [39]. ARMA features are commonly used for FB time 
series classification as dynamic features [36].

2. A distance-based (DB) classifier [36], using dynamic time warp-
ing to estimate the distance between the signals as a similarity 
score. Using this similarity score, a k-nearest neighbors classifier 
predicted if each test sample was highly instable.

The precision metric is the ratio of correctly classified samples as highly 
instable to all samples classified as highly instable. The recall metric is 
the ratio of samples correctly classified as highly instable to all highly 
instable samples. The accuracy metric is the ratio of correct predictions 
to all predictions. Supplementary material includes details on model 
structure and training, and additional case studies.

4.2. GFM IBR active power setpoint optimizer

This case study investigates the setpoint optimizer of Alg. 2 in 
Section 2.2. The setpoint optimizer simulates the DS response under 
different reduced GFM outputs to identify the maximum feasible set-
point and evaluate the risk of applying the setpoint. Fig.  4 shows 
the simulated responses of different GFM setpoints. When reduced to 
65[%] or 50[%], the post-disturbance DS response did not breach the 
stability constraints for 𝑅𝑜𝐶𝑜𝐹 , under/over frequency, or under/over 
voltage. Thus, 𝑃 𝑠 = 65[%]. Without any action, 𝐶 𝜄(𝑒) ≈ 400𝑘[e], 
whereas applying (9) would suggest requesting 𝑃 𝑠 = 65[%] if 𝜌̂𝑜(𝑒) ≥
0.9[%]. Deterministically controlling the setpoints whenever instability 
can happen (𝜌̂𝑜(𝑒) = 100[%]), could for example require applying 
𝑃 𝑠 = 65[%], 40 times per year, resulting in ≈280𝑘[e]. Probabilistically 
applying (9) only when 𝜌̂𝑜(𝑒) > 0.9[%] (e.g. 20 times per year) would 
result in ≈140𝑘[e].

Fig.  5 shows how a low TS 𝐻 requires a larger reduction in GFM 
IBR active power to avoid saturation after the disturbance. In TSs 
with low inertia, disturbances lead to larger frequency deviations and 
more volatile dynamic responses. GFM IBRs, which aim to regulate 
frequency and voltage through active and reactive power injection, can 
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Fig. 6. Example RMSE levels from model predictions ( ), compared to the simulated signals ( ). 
Table 1
Proposed model baseline model performances.
 Model Training RMSE Validation RMSE Test RMSE Training [h] 
 Proposed 0.83 0.98 0.94 8  
 (i) 1.06 1.29 1.29 7  
 (ii) 3.98 4.26 3.61 18  
 (iii) 2.96 3.2 3.03 8  
 (iv) 2.21 2.39 2.32 8  

face higher demands after these disturbances. These demands can push 
the GFM IBRs to their current saturation limits. Upon reaching these 
limits, GFM IBRs can lose synchronous stability [12].

At 𝐻 = 4 [s], a low setpoint value of 50[%] let to instable conditions. 
Therefore, for higher inertia 𝐻 ≥ 3.5 [s], setting 𝑃 𝑠𝑚𝑖𝑛 ≥ 25[%] can avoid 
such issues and reduce the iterations of Alg. 2. As TS 𝐻 increases, 
the post-fault frequency deviations are less volatile. Therefore, GFM 
IBRs require lower active power changes to address frequency devia-
tions. Existing ADRR approaches represent TS with high inertia. Thus, 
in existing approaches, IBRs do not apply significant power output 
adjustments to control the system frequency and voltage, and do not 
reach their saturation current. The computational burden for Fig.  5(b) 
was between 20 s and 6 min. Considering preventive coordination, this 
burden is not restrictive for TSOs.

4.3. ADRR regression model

This case study compares the proposed ADRR regression model of 
Section 3.1 to the baselines through the RMSE metric for predictions of 
the ADRR test set. Fig.  6 shows example model predictions and RMSEs. 
Table  1 compares the proposed model to baseline ADRR models. Table 
1 shows the proposed structure outperforms the fine-tuned baselines. 
Model (i) shows a higher mismatch between training and test errors, 
indicating a potential for overfitting compared to the other models.

The training duration for model (ii) was more substantial than 
the rest, as the number of non-sequential features is larger than the 
sequential, and replicating their values is inefficient. All model training 
times allow frequent (e.g., monthly) re-training intervals.

The proposed ADRR model structure of Fig.  2 outperforms the base-
line structures. The model (i) structure is as [26], model (iv) structure 
is as [19,38], whereas model (iii) is as [19,38] extended to include non-
sequential features in the LSTM inputs. Models (i), (ii), (iv), unlike [19,
26,38], also include the classifier as it improves the RMSE, as shown by 
model (iii) performance compared to the proposed model. Comparing 
the proposed model with model (i), including RNNs is important for 
sequential features. Replicating and considering the non-sequential fea-
tures as sequential is inefficient and can deteriorate the performance, 
as in model (ii). This result is expected as the non-sequential features 
outnumber the sequential. Removing the non-sequential features also 
deteriorates the performance, as in model (iv). Excluding the ADRR 
classifier for high instabilities burdens the regression model with high 
value and fluctuation prediction, deteriorating the model performance 
as with model (iii).

This case study also estimated the DS response using the proposed 
ADRR model for the setpoint optimizer task of Fig.  4. Fig.  7 shows the 
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Fig. 7. The response of the ADRR model at PCC 1 after the same fault with 
setpoints of 𝑃 𝑠 = 100[%] ( ), 𝑃 𝑠 = 50[%] ( ), 𝑃 𝑠 = 75[%] ( ), 
𝑃 𝑠 = 65[%] ( ), and 𝑃 𝑠 = 70[%] ( ).

Fig. 8. Example samples classified as highly instable (a) and not (b).

ADRR model response led to the exact conclusions as the simulated 
DS response. These conclusions were the maximum feasible setpoint 
of 65[%], with 50[%] being feasible, and 70, 75, 100[%] non-feasible. The 
ADRR outputs of Fig.  7 approximate the simulations of Fig.  4.

4.4. High instability classification

This case study investigates the high instability classifier of Sec-
tion 3.2. Fig.  8 shows examples of highly instable and regressor sam-
ples. Table  2 compares the performance of the proposed FB model, the 
baseline FB model with added ARMA features, and the DB model. The 
prediction time indicates the delay each ADRR classifier adds to the 
ADRR, including the sample feature extraction. This classification delay 
only happens once per simulated event. Including the ARMA features 
does not improve the model accuracy, precision, or recall, but highly 
delays the prediction and feature extraction processes. The delay the 
proposed FB model adds once for each dynamic simulation (0.3 [s]) is 
minor. The FB models outperform the DB in accuracy and recall. The 
100[%] precision indicates that all models correctly identified all non-
highly-instable simulations in the test set. The proposed high instability 
classifier shows the highest accuracy with the lowest delays among the 
options.

4.5. Discussion

Considering the challenges for TSOs assessing the IBR flexibility for 
dynamic events, the case studies show the applicability of the proposed 
coordination. The ADRR model represents the post-disturbance DS 
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Table 2
Classification model performances.
 Model FB FB with ARMA DB  
 Test accuracy [%] 99.7 99.7 99  
 Test precision [%] 100 100 100  
 Test recall [%] 98.0 98.0 94.1 
 Feature extraction and training [min] 0.63 110 0.11 
 Prediction [s] 0.3 4.7 0.57 

response. The GFM IBR active power setpoint optimizer can use the 
ADRR model’s GFM IBR setpoint inputs to reduce instability risks. The 
identified setpoints when using the proposed ADRR model are similar 
to the simulations with the DS. Insights from the simulated responses 
are:

1. The system can withstand faults without reducing the GFM IBR 
setpoints when the TS inertia is high.

2. GFM IBRs require a headroom to avoid reaching their saturation 
current when the TS inertia is low.

3. The GFM IBR maximum feasible setpoint increases as the TS 
inertia increases.

4. Reducing the GFM IBR setpoints multiple times to prevent insta-
bilities can cost less than suffering outages due to instabilities.

5. Probabilistically reducing the setpoints, considering instability 
risks, reduces the costs of preventing instability.

This research offers a coordination process that limits the instability 
risks from IBRs’ current saturation issues. In the proposed coordination, 
TSOs inform DSOs and IBRs about the reason for the requested setpoint, 
as RTI requires.

The proposed IBR classifier considers a stronger response of GFM 
IBRs in the presence of droop-controlled GFL IBRs. With increased 
diversity and complexity in GFM and GFL IBR modes, the IBR classi-
fier should include a more complex algorithm and possibly consider 
additional data sources to classify the IBR modes. The test set included 
scenarios unseen during ADRR training, which varied in operating 
conditions, TS inertia, fault locations, and fault durations. The proposed 
ADRR results indicated a low RMSE for this test set and variability 
of scenarios. However, topological or structural changes in DSs can 
challenge data-driven ADRR models. Therefore, for structural and topo-
logical changes, additional data generation and ADRR model retraining 
or calibration are needed. A further limitation, the proposed approach 
did not co-simulate the ADRR model and transmission network, due to 
the absence of ML-based models in PowerFactory dynamic simulations. 
Therefore, DSOs and TSOs can adopt the proposed coordination when 
dynamic simulation software accepts ML-based models.

5. Conclusion

The proposed TSO-DSO coordination method allows TSOs to simu-
late the DS response to potential faults, evaluate the impact of different 
GFM IBR setpoints, and control these setpoints to prevent instabilities. 
This application addresses one of the key challenges recognized by 
the European DSO Entity and ENTSO-E [40]; the system’s resilience 
through shared risk assessment, which requires risk assessment models, 
data-sharing, and coordination across stakeholders. The coordination 
uses RTI to classify the IBR types, identify the DS condition, and 
control the IBR setpoints. The proposed ADRR approach accounts for 
the transmission system’s dynamic properties and share of IBR types 
that impact the DS response to dynamic events. The proposed ADRR 
model also allows TSOs to modify DS GFM IBR setpoints and analyze 
their impact. The proposed risk-based evaluation and setpoint selection 
can identify the TSO’s minimum-risk setpoints.

In the Netherlands, the IBR response to dynamic events can im-
pact the stability in TS with low inertia (e.g., below 4 [s]). Thus, 
controlling the IBR setpoints under low-inertia TSs reduces instability 
risks, considering the probability of a dynamic event. Including the TS 
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dynamic properties, DS operating condition, and IBR share improves 
the prediction performance by 59[%] (RMSE reduced from 2.32 to 0.94).

Future work includes exploring flexibility areas in the proposed 
coordination process to inform TSOs on the potential feasibility of the 
IBR control setpoints on the DS steady-state constraints. Subsequent 
work will also consider alternative test systems and IBR models to 
explore the proposed approach’s performance under alternative sources 
of instability. The adaptability of ADRR models to different topologies 
will also be studied. Future developments will explore developing a 
computationally feasible algorithm to optimize different individual set-
points per GFM IBR. Next steps also include designing an IBR classifier 
that adaptively screens and differentiates the dynamic response of GFM 
and GFL IBRs.
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