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Abstract

This paper proposes peer-to-peer distributed algorithms for locally determining global
power system quantities—specifically the total inertia and average frequency—which
are critical for wide-area monitoring and control. These algorithms use a network of
distributed measurement units that communicate locally, based on the push-sum protocol,
to compute global information without centralized coordination. Applied to the large-
scale European power system, these methods demonstrate an effective performance across
varying time scales and system sizes, offering technical and economic advantages over
centralized approaches.

Keywords: peer-to-peer; distributed; wide-area monitoring and control; WAMC; inertia
estimation; frequency control; damping

1. Introduction
The electric power system is undergoing a profound transformation driven by the

widespread deployment of distributed energy resources (DERs), such as photovoltaic
panels, battery storage systems, electric vehicles (EVs), and flexible loads. These devel-
opments challenge traditional centralized control paradigms, which are often limited
by scalability, communication bottlenecks, and vulnerability to a single point of failure.
In response, peer-to-peer (P2P) distributed algorithms have emerged as a promising solu-
tion for achieving scalable, resilient, and decentralized coordination among networked
agents in power systems. P2P distributed algorithms are designed to operate without
a central coordinator, relying instead on local interactions among agents—such as pro-
sumers, smart inverters, and microgrid controllers—organized into a communication
network. These algorithms enable agents to collaboratively solve global optimization
and control problems using only local information and message exchanges with their
neighbors. The prominent algorithmic frameworks include consensus algorithms, gossip
protocols, and distributed optimization techniques such as the alternate direction method
of multipliers [1,2].

In the context of power systems, P2P approaches have been successfully applied in
several domains. In the field of the Optimal Power Flow (OPF), distributed OPF algorithms
have been proposed. Distributed OPF algorithms allow each agent (for example, a bus
or microgrid) to optimize its local operation while coordinating with neighboring nodes
to meet system-wide objectives such as cost minimization, voltage limits, and power bal-
ance [3]. P2P algorithms are also used in the field of demand response and energy trading.
In transactive energy systems, P2P algorithms support decentralized energy trading among
prosumers, enabling market-based coordination of flexible loads and DERs [4,5]. In this
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context, P2P algorithms can facilitate decentralized scheduling of EV charging, reducing the
peak demand and grid congestion without centralized oversight [6]. Advanced voltage and
frequency control can be achieved using distributed algorithms. Local control agents can
regulate voltage and frequency using distributed feedback based on measurements from
neighboring nodes, improving the stability and responsiveness in low-inertia systems [7].
Moreover, distributed algorithms can improve the resilience of the system and support the
restoration process after blackouts. Following faults or cyberattacks, P2P coordination al-
lows microgrids or DERs to reconfigure autonomously and maintain operational continuity,
improving system resilience [8,9]. The main advantages of P2P methods include scalability,
robustness, privacy preservation, and flexibility in integration. All of these aspects are
particularly important for power system operation, especially within the perspective of the
widespread deployment of distributed energy resources. However, challenges remain in
ensuring convergence, dealing with asynchronous communications, preserving security
and privacy, and integrating with legacy grid infrastructures. Recent research has begun to
address these issues by incorporating event-triggered communication, machine-learning-
enhanced P2P strategies, and secure communication protocols [10–12]. The problem of
frequency regulation in power grids with distributed controllers is studied in [13], formu-
lating the problem as an output agreement. The work in [14] examines distributed control
protocols for first- and second-order networked dynamical systems, introducing a class of
nonlinear consensus controllers where the each agent’s input is the product of a nonlinear
gain and a sum of nonlinear interaction functions. Distributed control represents an essen-
tial resource for addressing the challenges of modern electrical grids [15,16], for different
scopes of applications and under different time scales [17–19]. In this sense, distributed
and low-latency data processing is essential for wide-area monitoring and multi-frequency
estimation [20], localized inertia identification [21], and an asynchronous consensus un-
der network imperfections [22]. Other relevant works have addressed the application of
distributed methods in resilience-oriented approaches to extreme event scenarios [23] and
bio-inspired optimization algorithms [24].

Peer-to-peer distributed algorithms are therefore a promising solution providing a
flexible and robust foundation for the next generation of decentralized power networks,
and detailed research is needed to address open points and challenges related to the ap-
plication of peer-to-peer algorithms to electric systems. The purpose of this paper is to
contribute in this field, proposing a novel distributed algorithm for application to wide-area
monitoring and wide-area control in power systems. Wide-area monitoring and control
(WAMC) systems have become essential to enhancing the observability, stability, and re-
silience of large-scale power systems. Traditionally, WAMC architectures have typically
relied on centralized control centers that aggregate data from Phasor Measurement Units
(PMUs) and issued control commands based on system-wide assessments. However, this
centralized approach is increasingly challenged by the growing scale of data, the complexity
of grid dynamics, and the need for real-time responsiveness under uncertain and rapidly
changing conditions. Peer-to-peer distributed algorithms represent a promising solution to
these challenges by enabling decentralized processing and control across geographically
dispersed agents—such as substations, regional controllers, and PMUs—without relying
on a central coordinator. These algorithms leverage local computation and limited peer-to-
peer communication to collaboratively perform global tasks such as state estimation, event
detection, and emergency control, thus significantly reducing latency, the communication
burden, and vulnerability to single-point failures.

While some works in literature have addressed state estimation [25–27] and event
detections [28–30], there are no works that have specifically addressed the distributed
computation of global quantities in power systems such as the total inertia and average
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frequency. This article proposes a peer-to-peer distributed approach to the determination
of the total inertia and average frequency of the system, solely relying on peer-to-peer ex-
change between neighboring agents of local measurements and estimations. The proposed
approach has been filed as a patent application [31]. It allows a central unit to be avoided,
thus increasing the resilience, robustness, and security of the WAMC architecture. Our
novel contributions are therefore summarized in terms of the following aspects:

• The definition of a peer-to-peer distributed algorithm for the determination of the
total inertia for wide-area monitoring in power systems;

• The definition of a peer-to-peer distributed algorithm for the determination of the
average frequency for wide-area control in power systems;

• Demonstration of the two proposed distributed algorithms in a real-world power
system, referring to the case of the large-scale interconnected European system.

The remainder of this paper is structured as follows. The proposed P2P distributed
algorithms are presented in Section 2, recalling the underlying concept and describing the
main characteristics of the proposed algorithms for application to WAMC systems. The
application of the distributed algorithms to a real-world power system is presented in
Section 3, referring to a large-scale dynamic model of the European power system. Finally,
Section 4 concludes this paper with a summary of the main findings and observations.

2. The Proposed Peer-to-Peer Algorithms
The underlying idea of the proposed peer-to-peer algorithms is to build upon the

principles of the push-sum protocol. The push-sum protocol is a particular type of gossip
algorithm, aiming to compute an aggregate function of the values held by the nodes of
the network [32,33]. This type of algorithm falls within the category of node aggregation
problems, where the aggregate functions can be the sum, average, count, and so on.
The computation of these functions is performed in a decentralized and fault-tolerant
manner, relying only on the exchange of small messages. In general, gossip algorithms
are used in distributed systems to disseminate global information in the system through
the periodical exchange of local information between selected neighbors (Figure 1). In
a standard push-sum protocol, each node or agent stores two values: a sum and a
weight. The sum is initially set to the own local value of the node. As the algorithm
progresses, the sum of a given node accumulates portions of sums from other nodes.
The weight instead is initially set to a value that depends on the aggregate function to
be realized. The weight of a given node also accumulates portions of weights from other
nodes. In each round of the algorithm, a given node i performs the following: it selects a
neighbor node j to communicate with; divides its current sum and weight by two; and
sends half of its sum and half of its weight to the neighbor j, retaining the other half of its
sum and weight for itself. When a node j receives the pair of the sum and the weight from
a neighbor i, it adds the received values to its own sum and weight. At any point in the
process, each node or agent belonging to the network can estimate the global quantity by
computing the ratio of its current sum to its current weight. A flowchart of the proposed
method for a visual illustration of the information exchange and the update process used
in the protocol is show in Figure 2.
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Figure 1. A conceptual representation of the proposed peer-to-peer distributed algorithms.

Figure 2. A flowchart of the proposed peer-to-peer distributed algorithms.

In the described algorithm, each node operates independently, without the need for
centralized coordination. The nodes require information only from a few neighbors, even
in cases of very large networks. The set of neighbors can be determined following two
different approaches: the paired units can either be selected uniformly at random across the
entire network or according to the geographical distances within a given radius. The first
approach will guarantee high accuracy and performance since the random selection will
increase the diversity of the averaging operation, pairing nodes which could hold very
different values. The random selection of a neighbor ensures that the information spreads
evenly throughout the network. This approach, however, would require an extensive
communication network between nodes and a local cache of nodes identifiers, giving the
implementation certain complexity. The second approach, instead, can be implemented
more easily in practice since it necessitates communication interconnection only between
pairs of nodes that are geographically close. This approach, however, might require a
higher number of neighbors to achieve the proper accuracy and performance. Neighboring
nodes can be identified according to geographic distance using specific greedy routing
algorithms [34]. Gossip algorithms have been considered an efficient option for wide-area
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sensor networks due to their advantages of decentralization and scalability, efficiency,
flexibility, tolerance to failures, and resilience to topological changes. Additionally, gossip
algorithms do not require nodes to share sensitive information with a central unit, so
they can guarantee a certain level of privacy preservation and cybersecurity. All of these
properties make gossip algorithms well suited to wide-area networks, where scalability,
robustness, security, and efficiency are aspects of particular importance.

While push-sum protocols and gossip algorithms are generally considered for appli-
cation to distributed sensor systems [35,36], the use of gossip algorithms for wide-area
monitoring and control in power systems has not previously been addressed in the lit-
erature. The next sections address this research gap, with the presentation of specific
distributed algorithms for the determination of global system quantities such as the total
inertia and average frequency. Such global quantities can serve for different purposes and
scopes of application, as summarized in Table 1.

Table 1. Scope of use and application for global quantities.

Global Quantity Application

Total inertia
Online inertia level monitoring
Security-constrained dispatch and reserve sizing
Definition of advanced optimal inertia control
Extended event classification

Average frequency
Enhanced situational awareness and grid stability monitoring
Identification and damping of inter-area oscillations
Enhanced detection of islanding and system separation
Definition of advanced wide-area control schemes

The selection of the agents should be made according to a specific methodology, and it
can be conveniently carried out according to the geographic distribution and connectivity
requirement criteria. For this purpose, a given connectivity radius can be fixed in length,
and centering the circle in a given measurement unit, all other units found within the
radius will be flagged as neighbors. While there is a minimum number of units to select
as agents according to the required performance (speed, accuracy), there is no practical
limit in involving several units in the distributed algorithm. This guarantees the proper
degree of scalability of the proposed approach, especially in cases of large and sparse
power systems.

It is proven that the convergence of push-sum algorithms is guaranteed under the
conditions of sufficient connectivity within the network and the inherent mass conservation
property of the algorithm itself [32,37]. The convergence rate generally depends on the
network topology, the number of units, and the communication strategy. In this sense,
latencies and communication delays can affect the convergence speed and, in some nuanced
cases, the accuracy of the final value reached with the consensus of all units. However, a re-
markable advantage of the push-sum protocol is its robustness to delays. In fact, the mass
conservation property of the algorithm—i.e., a global consensus (total sum/total weight)
constant throughout the execution—helps in maintaining the correct final value, even in
the presence of bounded, fixed, or time-varying random communication delays [38,39].

2.1. Algorithm #1: Total Inertia

Determination of the total inertia of the system according to the proposed peer-to-peer
distributed algorithm can be illustrated as follows. Each measurement unit is installed in
the electrical system, as in Figure 1, and knows the amount of local inertia at the point of
installation. The local inertia can be estimated using the information obtained from the
PMUs according to the most common measurement-based approach. Different techniques
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can be applied for online inertia estimation in a fast and reliable manner [40–42]. Each
unit initialises its state si and weight wi in the following way: si assumes the value of the
estimated local inertia at the point of installation; wi assumes the value corresponding
to the inverse of the total number of units in the system. Upon receiving data from a
neighboring unit, each unit updates its state si and wi by adding the received state and
weight to its own pair and computing the half. Each unit then sends the updated state
si and weight wi to the neighboring units. This process is performed continuously and
repeatedly until a consensus is reached on the total value of all local estimated inertia
contributions after a sufficient number of iterations. For a given unit, it is assumed that data
exchange can take place with a limited number of neighboring units within a given time
interval, ranging from the order of minutes to the hour scale depending on the application
purposes and requirements.

The proposed procedure for the determination of the total inertia using a peer-to-peer
distributed approach is summarized in Algorithm 1.

Algorithm 1 Algorithm #1 for determination of the total inertia

Require: A, set of nodes or agents
Require: Ni, set of neighbors of node i
Ensure: NA, number of elements in A
Ensure: rmax, maximum number of rounds
Ensure: xi, estimation of the total inertia at node i

1: r ← 0
2: for each node i in A do
3: si ← estimated local inertia Hi
4: wi ← 1/NA
5: Send (si, wi) to i
6: r ← r + 1
7: while r < rmax do
8: for each node i in A do
9: for each node j in Ni do

10: Let (sj, wj) be the pair received from j at r− 1
11: si ← (si + sj)/2
12: wi ← (wi + wj)/2
13: Send (si, wi) to j
14: xi ← si/wi

15: r ← r + 1

From the point of view of a practical implementation, the algorithm requires the
initialization of the state and weight for all units. In particular, the weights w are all
initialized to the inverse of the total number of units that belong to the sensor network
and participate in the algorithm. This requires knowledge of the total number of units
in the system NA, which is not a flexible approach and might not be feasible for large
interconnected systems. A more practical approach is therefore to choose a limited number
NR ⊂ NA of reference units for initialization. The weights of these NR units are then
initialized to 1/NR, while the weights of all other remaining units will be instead initialized
to 0. This non-uniform initialization of the weights might affect the convergence of the
algorithm only if the network is not strongly connected. Network connectivity, however,
is fundamental to the algorithm in all cases. Regardless of initialization, the underlying
communication network must be strongly connected, for all units to eventually reach a
consensus value [32]. If the network is disconnected, a consensus will only be formed within
each connected group of units. Under the required conditions of network connectivity,
an algorithm with non-uniform weight initialization based on the reference units converges



Energies 2025, 18, 3972 7 of 17

to the same result in the ideal case as uniform weight initialization for all units. With this
modification, it is thus possible to implement a more flexible and resilient algorithm to
determine the total inertia of the system.

Real-time knowledge of the system’s overall inertia is of paramount importance to
system operators, as it provides the system with the ability to instantaneously cope with any
power imbalances. Knowledge of the total inertia is surely fundamental for monitoring and
preventive action purposes. Additionally, this information might also be advantageously
used for the development of advanced wide-area control schemes and architectures for
the optimal inertia provision and distribution in the system, leading to technical benefits
for the electric power system and economical benefits for the owners of the plants which
provide this remunerated service. Finally, with proper adjustments to and extensions of
the proposed peer-to-peer distributed method, it is also possible to determine the total
inertia for a given area or part of the system, possibly based on the competence of a single
system operator, thus leading to an enhanced and more precise situational awareness of
the entire system.

2.2. Algorithm #2: Average Frequency

Determination of the average frequency of the system according to the proposed
peer-to-peer distributed algorithm can be illustrated as follows. Each measurement unit
is installed in the electrical system, as in Figure 1, and knows the measurement of the
local frequency at the point of installation. The local frequency can be obtained using the
information provided by the PMUs in terms of high-resolution and time-synchronized
measurements. Each unit initializes its state si and weight wi in the following way: si

assumes the value of the measured local frequency at the point of installation; wi assumes
the value 1. Upon receiving data from a neighboring unit, each unit updates its state si and
wi by adding the received state and weight to its own pair and computing the half. Each
unit then sends the updated state si and weight wi to the neighboring units. This process is
performed continuously and repeatedly until a consensus is reached on the average value
of all local measured frequencies after a sufficient number of iterations. For a given unit, it
is assumed that data exchange can take place with a limited number of neighboring units
within a given time interval, which should ideally be equal to 2–3 cycles of the fundamental
frequency to guarantee adequate performance requirements.

The proposed procedure for the determination of the average frequency with a peer-
to-peer distributed approach is summarized in Algorithm 2.

From the point of view of a practical implementation, the initialization of the internal
state of the units can be conveniently improved, taking advantage of the knowledge of the
previous estimation of the global average frequency. Instead of assuming that the initial
state is equal to the local frequency measured by the unit, the state si can be initialized
according to a weighted proportion between the local frequency fi and the value xi de-
termined in the previous round as the ratio between the state and weight. Ultimately, xi

represents an estimate of the global average frequency locally available in the unit. The
proposed modification follows the principles of reinforcement learning, establishing a
premium for the global quantity determined from the previous communication cycles,
accelerating a consensus being reached between units, and thus allowing for faster and
more accurate determination of the average frequency of the system. Even if, in this case of
determining the average frequency, the initialization of the weights is uniform for all nodes,
it is important to remark that the underlying communication network must be strongly
connected. Like in the previous case of determining the total inertia, this will allow all units
to eventually reach a consensus value. Contrarily, if the network is disconnected, a consen-
sus will only be reached within each connected group of units. Real-time knowledge of
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the system’s average frequency may be of fundamental importance to the system operator,
especially if this information is accessible at a local and distributed level. Knowledge of the
average frequency can be advantageously utilized for the development of advanced control
schemes for damping system oscillations using wide-area control architectures. For these
purposes, it is possible to refer to the concept of wide-synchronization control [43], where
the average frequency of the system is used to determine a transient change in the active
power output of selected actuators. The actuators in the scheme are typically the controllers
of non-synchronous generation sources interfaced via power electronic converters. This
concept—which relies on the average frequency of the system as a feedback signal for
wide-area damping control—has been proven to significantly increase damping and the
stability of the system [44,45]. In addition to the technical advantages described, in cases
where the provision of damping is regulated by the network code of the system operator
and remunerated as a service, the application of the proposed method would also increase
the economic benefits for the owners of the plants providing that service.

Algorithm 2 Algorithm #2 for determination of the average frequency

Require: A, set of nodes or agents
Require: Ni, set of neighbors of node i
Ensure: NA, number of elements in A
Ensure: rmax, maximum number of rounds
Ensure: xi, estimation of the average frequency at node i

1: r ← 0
2: for each node i in A do
3: si ←measured local frequency fi
4: wi ← 1
5: Send (si, wi) to i
6: r ← r + 1
7: while r < rmax do
8: for each node i in A do
9: for each node j in Ni do

10: Let (sj, wj) be the pair received from j at r− 1
11: si ← (si + sj)/2
12: wi ← (wi + wj)/2
13: Send (si, wi) to j
14: xi ← si/wi

15: r ← r + 1

3. The Application Case
The proposed peer-to-peer distributed algorithms are demonstrated taking the Euro-

pean power system as a case study. This system is also known as the Continental Europe
Synchronous Area, and it is the largest interconnected electrical grid. The geographical
extent of the synchronous area is shown in Figure 3. The European system is examined by
referring to the large-scale dynamic model provided by the European Network of Trans-
mission System Operators (ENTSO-E) [46]. This model includes a representation of all
areas, with more than 20,000 nodes, and it is capable of replicating the main frequency
dynamics of the system [46–48]. For the purposes of this work, the ENTSO-E model has
been developed further with some specific additions and modifications. The original simu-
lation model is modified with the integration of a sensor network, by adding several PMUs
across the entire system. The integration of the measurement units is performed area-wise
with a random selection of nodes, for a total share of 5% over the total number of nodes
in the area. This results in the inclusion of approximately 1100 measurement units in the
system. This number of PMUs was determined according to the considerations in Section 2
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to also assess the effectiveness of this method with a defined number of measurement
units, thus demonstrating the potential scalability of the proposed algorithm. Then, for the
implementation of the proposed distributed algorithms, a peer-to-peer communication
network was implemented in the model. The communication network accounts for the
exchange of local information between measurement units. It is worth remarking that the
units communicate only with a limited set of neighbors. For a given PMU participating as
an agent in the distributed algorithm, the neighboring units have been identified according
to the methodology described in Section 2, fixing a connectivity radius of 300 km. The
model also takes into account the latencies, which are represented using a strictly second-
order Padé approximation, as detailed in [43,44]. The total round-trip delays have been
assumed randomly in the range of 100 to 400 ms.

Figure 3. Continental Europe Synchronous Area.

Finally, the model includes the implementation of the two distributed algorithms
presented in this work. According to the principle of the proposed algorithms, each unit
holds an internal state and weight within a given period of time. For this, the conventional
model of the PMU has been extended with the inclusion of this feature. According to
the selected algorithm, the ratio between the state and the weight gives at any time an
estimate of the total inertia or of the average frequency of the system. The application of
the two specific algorithms to the case of the European power system is described in the
next subsections.

3.1. Application #1: Total Inertia

The application of the proposed peer-to-peer distributed algorithm for the determi-
nation of the total inertia to the European power system was performed according to the
following procedure. First, an estimation of the local inertia is assigned to the individ-
ual units distributed across the system. The estimation is performed in different steps,
according to [49]. The first step is the differentiation of the local inertia’s contribution
according to the type of generation. Values of the typical inertia constants Hi are provided
in [49] per generation type. Then, the individual inertia constants are weighted according
to the actual generation mix on an hourly basis. For this, an hourly weighting factor ki

is assigned to each of the generation types as follows ki(t) = Pi(t)/Ptot(t). The values
Si—representing the hourly generation mix per generation technology—are obtained from
the ENTSO-E Transparency Platform [50] for an entire year (2023). These values are finally
assigned to the local units in the system for the application of the proposed peer-to-peer
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distributed algorithm. Each unit will exchange its local estimation Ei with the neighboring
units, and the algorithm will aim at the determination of the total inertia of the system.
At the beginning, the states si receive the local estimations Ei, while the weights wi are
initialized to the inverse of the total number of units for the sake of simplicity. The value
Ptot represents the sum of all Pi for the given area and period of time. Since the ENTSO-E
platform provides the data on the actual generated power, the corresponding rated power
Si required for the computation of the inertia contribution is determined considering the
typical loading factors LFi per generation technology, as Si(t) = Pi(t)/LFi. The typical
loading factors per generation type are also given in [49]. The individual local inertia
contributions Ei are therefore computed as Ei(t) = Hi ki(t)/LFi. These values are shown
in Figure 4 for all European countries. The application of the distributed algorithm to
determining the total inertia produces the results shown in Figure 5, where the actual value
of the total inertia is also reported for comparison. Close-up details are shown in Figure 6
for a more complete assessment of the results. It can easily be observed that the total inertia
of the system computed according to the proposed algorithm substantially matches the
actual value.

For a better insight into the distributed characteristics of the proposed algorithm,
the local estimations of the total inertia—held within each unit as xi = si/wi—are shown
in Figure 7. It can be noticed that the local estimations within all units are very close to the
actual values, providing local and distributed availability of the global information repre-
sented by the total inertia of the system. For a quantitative assessment of the algorithm’s
accuracy, the standard error metrics of the Root Mean Square Error (RMSE) and Mean
Absolute Error (MAE) have been also computed. For the numerical results in Figure 7,
the error metrics are a MAE = 1.73 × 10−4 and an RMSE = 2.77 × 10−4.

Figure 4. The individual inertia of different areas across the system.
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Figure 5. Determination of the total inertia with the proposed algorithm.
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Figure 6. Determination of the total inertia with the proposed algorithm—time detail.
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Figure 7. Determination of the total inertia with the proposed algorithm—round detail.

The results show that the units are able to reach a consensus on the sum, determining
a local estimate substantially close to the actual total inertia of the system.

3.2. Application #2: Average Frequency

The proposed peer-to-peer distributed algorithm for the determination of the average
frequency was applied to the European power system according to the following procedure.
The European power system is simulated for a dynamic analysis considering a disturbance
of a 1 GW generation imbalance on the western side of the system. This event corresponds
to an actual incident that occurred in the system, and it was used to validate the original
ENTSO-E model [47]. The frequencies in the different parts of the system are recorded by
the distributed PMUs which have been integrated into the simulation model. During the
solution of the model, at the end of each integration step, the PMUs exchange the local
frequency measurements with neighboring units and update their state s and weight w
with the received pairs, according to the proposed algorithm and for a given number of
rounds of communication. Once this process is completed, the simulation moves on to
the next integration interval, and the procedure starts over. At any instant of operation,
the algorithm aims to determine the average frequency of the system. At the beginning,
the states si receive local measurements of the frequency fi, while the weights wi are all
initialized to 1. The application of the distributed algorithm to determining the average
frequency produces the results shown in Figure 8, where the actual value of the average
frequency is also reported for comparison. A plot with only the actual average frequency
and the estimations computed locally within the units is shown in Figure 9 for a more
complete assessment of the results. It can easily be observed that the average frequency of
the system computed according to the proposed algorithm substantially matches the actual
value. Also, in this case, the algorithm’s accuracy was quantitatively assessed by computing
the standard error metrics of the RMSE and MAE. For the numerical results in Figure 9,
the error metrics are a MAE = 6.10 × 10−4 and an RMSE = 6.10 × 10−4. The two metrics
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differ only in some irrelevant digits because in the case of the average consensus, all
individual estimations are basically of the same magnitude.

Figure 8. Determination of the average frequency with the proposed algorithm.

Figure 9. Determination of the average frequency with the proposed algorithm—detail.

For deeper insight into the updating process between units, a snapshot of the initial-
ization and communication rounds during the execution of the algorithm is provided in
Figures 10 and 11. The plots show the internal estimations x = s/w of all units for two
snapshots taken at time t = 2 s and time t = 5 s, respectively. The snapshots are taken
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just a few seconds after the occurrence of the disturbance, therefore representing critical
moments during the transient response of the system, where significant local differences
in the frequency are likely to be experienced. The results show the speed of convergence
of the implemented algorithm: in just a few rounds of communications, the units are able
to reach a consensus on the average, determining a local estimate very close to the actual
average frequency of the system. It should be noted that the implemented algorithm works
continuously, providing the average frequency of the entire system at any time of operation,
even during critical transients characterized by significant frequency excursions.

Figure 10. Peer-to-peer communication rounds at t = 2 s snapshot.

Figure 11. Peer-to-peer communication rounds at t = 5 s snapshot.
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4. Conclusions
This article presents an innovative use of peer-to-peer distributed algorithms for

wide-area monitoring and control in power systems. These algorithms enable each mea-
surement unit to locally estimate global quantities—such as the total inertia and average
frequency—through continuous pairwise communication within a network. Based on the
push-sum gossip protocol, each unit updates a pair of values (sum and weight) during
communication rounds with neighboring units. Over time, this leads to a distributed
consensus, allowing every unit to estimate the global power system values. The approach
is validated on the large-scale European power system, demonstrating that the algorithms
quickly converge to accurate estimates across various time scales and operating conditions,
confirming their effectiveness and scalability. The proposed peer-to-peer distributed algo-
rithms enable local estimation of global power system quantities like the total inertia and
average frequency, enhancing situational awareness for wide-area monitoring and control.
At the same time, they also provide key benefits of decentralized approaches, including
flexibility, security, robustness, resilience, and efficiency.

Real-world implementations of the proposed algorithms will undoubtedly encounter
technical and regulatory challenges. From a technical point of view, a key challenge lies
in establishing a reliable and extensive communication infrastructure. From a regulatory
point of view, securing agreement and coordination among various system operators for
real-time data exchange will be critical. Building on the algorithms presented in this ar-
ticle, future works will then focus on developing advanced architectures for wide-area
monitoring and control, addressing cybersecurity aspects, and optimizing the selection
of the measurement units. The future research directions outlined will serve as funda-
mental points for addressing the challenges and limitations associated with the real-world
deployment of the proposed concept.
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