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Abstract 

Artificial intelligence (AI) training data centers with periodic load profiles can induce sustained 
grid oscillations across a wide frequency range, making accurate monitoring essential for 
reliable power system operation. This report evaluates the adequacy of existing measurement 
systems for monitoring such oscillations, focusing on phasor measurement units (PMUs) and 
point-on-wave (POW) measurement systems. The analysis shows that while PMUs are highly 
effective for monitoring low-frequency electromechanical oscillations, they have inherent 
limitations in accurately representing higher-frequency oscillations due to constraints imposed 
by reporting rates and the bandwidth of phasor estimation filters. Even when configured with 
higher reporting rates, the filtering inherent in the phasor estimation process can significantly 
attenuate oscillation magnitudes, potentially leading to underestimation of oscillatory behavior. 
This has important implications for compliance and performance monitoring of large loads. To 
address the limitations associated with PMU-based monitoring, the report examines the use of 
high-resolution POW measurements, which can capture oscillations across a broader frequency 
range. However, continuous POW monitoring introduces practical challenges related to large 
data volumes, communication bandwidth, and real-time data processing. For this reason, the 
report also discusses emerging approaches that could enable the use of POW measurements 
as a complementary capability alongside PMUs to improve observability of oscillations from 
large data center loads. 
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Summary 

The rapid expansion of hyperscale data centers driven by artificial intelligence (AI) workloads is 
introducing new operational challenges for power system monitoring and stability assessment. 
Unlike traditional computing facilities, AI training data centers operate large clusters of graphics 
processing units (GPUs) executing tightly synchronized computational tasks. The repetitive 
nature of distributed training iterations produces periodic and persistent fluctuations in power 
demand that can introduce sustained forced oscillations into the electrical grid serving the load. 
These oscillations may span a wide frequency range, including low-frequency components in 
the electromechanical range as well as higher-frequency components in the sub-synchronous 
range.1 As the size of AI training campuses grows to hundreds of megawatts or more, these 
oscillatory load behaviors have the potential to interact with existing power system dynamics, 
potentially exciting poorly-damped modes of oscillation or exciting mechanical torsional modes 
of nearby synchronous generators. Consequently, accurate monitoring of load-induced 
oscillations across a broad frequency spectrum is becoming increasingly important for reliable 
power system operation. 

This report presents a comprehensive assessment of measurement system capabilities for 
monitoring oscillations associated with large data center loads. The analysis focuses on two 
primary measurement technologies used in modern power system monitoring: phasor 
measurement units (PMUs) and high-resolution point-on-wave (POW) measurements. PMUs 
form the backbone of existing wide-area monitoring systems and have been widely deployed for 
detecting electromechanical oscillations in the range of approximately 0.1–2 Hz. However, the 
oscillatory behavior produced by large AI data centers may extend beyond this traditional 
frequency band. This raises important questions regarding the adequacy of PMU-based 
monitoring for detecting and quantifying higher-frequency sub-synchronous oscillations that may 
arise from large data center loads. 

A detailed technical evaluation of PMU-based monitoring is presented based on the 
performance requirements specified in the IEC/IEEE 60255-118-1 synchrophasor standard. The 
analysis examines how PMU reporting rates and phasor estimation filtering influence the 
observability of oscillations at different frequencies. Analytical derivations, simulation studies, 
and hardware-in-the-loop experiments demonstrate that oscillations outside the validated 
measurement bandwidth of PMUs can experience significant attenuation during the phasor 
estimation process. These effects arise because phasor estimation algorithms are designed to 
suppress spectral components that are sufficiently far from the nominal fundamental frequency. 
As a result, oscillations in higher-frequency ranges may appear with reduced amplitude in PMU 
measurements or may not be represented accurately in the reported phasor quantities. The 
report demonstrates that such attenuation can lead to underestimation of oscillation 
magnitudes, potentially causing monitoring systems to misread the severity of high-frequency 
oscillatory behavior. 

To address these limitations, the report investigates the use of POW measurements as a 
complementary monitoring capability. POW measurements directly capture voltage and current 
waveforms at high sampling rates, preserving a much wider range of the signals’ frequency 
spectra. This makes waveform-based measurements particularly well suited for detecting 

 
1 In power systems, electromechanical oscillations typically occur in the approximate range of 0.1–2 Hz. 
Colloquially, the sub-synchronous frequency range refers to components below the nominal system 
frequency but above the electromechanical range; for a 60 Hz system, this generally corresponds to 
frequencies between about 5 Hz and 59 Hz. 
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oscillatory phenomena across a broad frequency range, including sub-synchronous oscillations 
that may not be observable through phasor measurements. However, continuous (i.e., gapless) 
waveform monitoring introduces practical challenges associated with large data volumes, 
communication bandwidth constraints, and real-time processing requirements. The report 
therefore also examines emerging monitoring architectures designed to enable scalable use of 
waveform measurements. These include the use of high-speed communication networks to 
continuously stream high-resolution waveform measurements to the cloud, trigger-based 
recording of waveforms within the substation, and a hybrid approach in which analytics are 
applied in the substation with only summarized oscillation metrics communicated to a 
centralized monitoring platform.  

Overall, the findings of this report highlight the complementary roles of PMU and POW 
measurements in monitoring oscillations induced by large data center loads. While PMUs 
remain highly effective for observing low-frequency grid dynamics, waveform-based monitoring 
provides improved visibility into higher-frequency oscillatory phenomena. Hybrid monitoring 
approaches that integrate both measurement types offer a promising pathway for ensuring 
reliable detection and assessment of oscillations associated with emerging large data center 
loads in modern power systems. 



PNNL-39191 

Acknowledgments v 
 

Acknowledgments 

This work was supported by the U.S. Department of Energy (DOE) Office of Electricity. The 
authors gratefully acknowledge the guidance and support of DOE sponsors Sandra Jenkins and 
Nathaniel Horner. The authors also thank their colleagues at Pacific Northwest National 
Laboratory, Brett Ross, Jeff Dagle, Chris Klasen, Jason Fuller, and Kevin Schneider for their 
valuable discussions and comments.  

The authors also acknowledge the comments and feedback from the following reviewers. 

• Hamed Mohsenian-Rad, University of California, Riverside 

• Kat Sico, Duke Energy 

• Nadia Smith, NERC 

• Yi Hu, Danovo Energy Solutions 



PNNL-39191 

Acronyms and Abbreviations vi 
 

Acronyms and Abbreviations 

AESO Alberta Electric System Operator 

AEP American Electric Power 

AI Artificial Intelligence 

ATC American Transmission Company 

CPU Central Processing Unit 

DFR Digital Fault Recorder 

ERCOT Electric Reliability Council of Texas 

FE Frequency Error 

fps Frames Per Second 

GPU Graphical Processing Unit 

IEC International Electrotechnical Commission 

IEEE Institution of Electrical and Electronic Engineers 

IBR Inverter-Based Resources 

LIPA Long Island Power Authority 

NERC North American Electric Reliability Corporation 

PMU Phasor Measurement Unit 

POW Point on Wave 

ROCOF Rate of Change of Frequency 

SCADA Supervisory Control and Data Acquisition 

sps 

TVE 

Samples Per Second 

Total Vector Error 
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1.0 Introduction 

The United States is experiencing rapid growth in large-scale data centers, driven primarily by 
artificial intelligence (AI), cloud computing, and other digital services (NERC 2025, IEEE 
Spectrum 2026). Recent projections from the Lawrence Berkeley National Laboratory estimate 
that data centers accounted for roughly 4–5% of total U.S. electricity demand in the early 2020s 
(Shehabi, et al. 2024). This share is expected to increase substantially by the end of the 
decade, potentially reaching 6–12% of national electricity consumption under high-growth 
scenarios (Shehabi, et al. 2024). Much of this increase is associated with hyperscale AI training 
facilities, whose power requirements can exceed several hundred megawatts per campus. In 
some regions, developers are already planning multi-gigawatt clusters of such facilities, 
highlighting the scale at which AI-driven computing infrastructure is expanding. 

Beyond their size, AI training data centers differ from traditional data centers in their electrical 
load characteristics. Conventional enterprise data centers, including corporate server farms, 
colocation facilities, and standard hyperscale cloud centers, generally exhibit relatively smooth 
and diversified demand profiles (NERC 2025). Their workload consists of many independent 
computing tasks whose fluctuations tend to average out over time. In contrast, AI training 
facilities rely on large numbers of GPUs operating in parallel during tightly synchronized 
distributed training cycles. Coordinated workloads across computational racks can cause power 
demand to rise and fall simultaneously across many servers. When aggregated across large 
clusters, these synchronized operations can produce coherent, periodic fluctuations in electricity 
demand, creating oscillatory load patterns that differ fundamentally from the smoother profiles 
typically observed in conventional data centers (Choukse, et al. 2025). 

From a power-system perspective, this structured periodic and fluctuating demand acts as a 
sustained source of forced oscillations (Ko and Zhu 2025, NERC 2025). The resulting 
oscillations can span a broad frequency range, including low-frequency components in the 0.1–
2 Hz band, higher-frequency components in the sub-synchronous 5–59 Hz band, as well as 
intermediate frequencies between these ranges. Unlike stochastic load variability, these 
oscillations are repeatable and persistent, meaning they can continuously induce power system 
oscillations at specific frequencies. 

While sub-synchronous oscillations have also been observed in systems with large inverter-
based resource (IBR) plants, the underlying mechanisms differ. Oscillations associated with 
IBRs are typically unintended and arise from control interactions, such as phase-locked loop 
(PLL) dynamics or weak-grid interactions. In contrast, oscillations induced by AI training data 
centers are inherent to their normal operation and arise from synchronized workload cycles. As 
a result, data center–induced oscillations are often persistent, repeatable, and sustained over 
long durations, rather than transient or condition-dependent, making them a distinct class of 
forced oscillations from a monitoring perspective. As the penetration of large AI data centers 
increases, these interactions introduce new operational and stability concerns that extend 
beyond traditional load growth considerations. 

Depending on their frequency, these oscillations may interact with different elements of the 
power system. At lower frequencies, AI training load induced forced oscillations may interact 
with poorly-damped inter-area or regional modes, potentially amplifying oscillations across 
critical transmission corridors and tie lines (Ko and Zhu 2025, Biswas, et al. 2025). At higher 
frequencies in the sub-synchronous range, forced oscillations may align with torsional modes of 
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nearby synchronous generators, introducing risks of shaft stress and long-term mechanical 
fatigue (Zhang and Rose 2026).  

Managing these risks requires enhanced visibility into large load dynamics in near real time. 
System operators should not only detect these oscillations but also accurately quantify their 
frequency, magnitude, and persistence across a wide spectral range. This capability is 
particularly important in the context of emerging compliance frameworks, where oscillation limits 
may be specified in terms of magnitude thresholds within defined frequency bands. However, as 
the forcing mechanisms associated with AI training loads span from very low inter-area 
frequencies to sub-synchronous ranges, accurate measurement and faithful representation of 
oscillations across the entire band of interest present significant technical challenges. 
Measurement bandwidth limitations, estimation filter characteristics, and reporting rate 
constraints can all affect the visibility of these phenomena. This report examines these 
challenges in detail and systematically evaluates the capabilities and inherent limitations of 
existing measurement systems for monitoring AI load induced oscillations at the grid interface. 

1.1 Motivation and Background 

Wide-area monitoring in power systems has historically relied on synchrophasor measurements 
to detect and analyze low-frequency oscillations1 (NERC 2025). Phasor measurement units 
(PMUs) were developed to accurately track electromechanical dynamics in the 0.1 to 2 Hz 
range associated with inter-area and regional modes. Over the past two decades, their 
performance in this regime has been thoroughly validated through extensive field deployments 
and operational experience, establishing PMUs as a trusted foundation for wide-area oscillation 
monitoring and small-signal stability assessment (Chatterjee, et al. 2023). 

However, applying the same PMU technology to monitor oscillations induced by large AI-driven 
data center loads presents distinct challenges. The dynamic behavior associated with AI training 
facilities differs significantly from the traditional electromechanical phenomena for which PMUs 
were originally designed. As discussed in the Introduction, AI training loads can generate 
sustained forced oscillations with broadband spectral content extending beyond the effective 
low-frequency measurement range of PMUs. Consequently, PMUs may have limited ability to 
accurately capture higher-frequency dynamics emerging from large data center loads. 

Two main factors contribute to these limitations. First, phasor estimation filters are intentionally 
designed to be selective around the nominal fundamental frequency. This selectivity suppresses 
frequency components that are widely separated from the fundamental, leading to systematic 
underestimation of higher-frequency oscillation magnitudes. Second, the typical PMU reporting 
rate imposes a Nyquist constraint on observable oscillations in the phasor measurements.2 
Oscillation frequencies that exceed half of the reporting rate cannot be faithfully represented 
and may appear at incorrect frequencies due to aliasing (Hooshyar, Faranatatos and Patel 
2019). 

 
1 In this document, the term low-frequency oscillations refer to phasor oscillations in 0.1-2 Hz range, while 
higher-frequency oscillations refer to phasor oscillations in the 5-59 Hz sub-synchronous range. 
2 Formally, Nyquist’s constraint applies to the process of sampling a continuous-time signal to create a 
discrete-time signal, and it does not directly extend to the reporting rate of phasor estimates computed 
from that signal. However, from a practical perspective, the parallels between a PMU’s reporting rate and 
a signal’s sampling rate are often straightforward to apply. 
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A recent field event illustrates these effects. In October 2024, the Electric Reliability Council of 
Texas (ERCOT) observed real power oscillations associated with ramping behavior from a large 
crypto-mining data center load (Gravois 2025). PMU data reported at 30 frames per second 
(fps) from the point of interconnection indicated an oscillation frequency of approximately 7.5 Hz 
with a peak-to-peak magnitude of 25 MW (see Figure 1). In contrast, high-resolution waveform 
data collected at 20 samples per cycle (approximately 120 samples per second (sps)) from a 
digital fault recorder (DFR) at the same location showed that the actual oscillation had a 
frequency of approximately 23 Hz and a peak-to-peak magnitude of 50 MW (see Figure 2). The 
limited reporting rate of the PMU resulted in aliasing of the oscillation frequency and significant 
attenuation of the measured magnitude1. 

 
 

Figure 1. Large load oscillation event at ERCOT observed from 30 fps PMU measurements. 
Source: ERCOT (Gravois 2025).  

 

This example demonstrates that while PMUs remain highly effective for low-frequency 
oscillation monitoring, they may misrepresent oscillations at higher frequencies. Understanding 
these limitations is essential for evaluating the adequacy of existing measurement systems and 
for determining how best to monitor AI load-induced oscillations across the full frequency range 
of concern. 

This work builds on prior efforts examining measurement needs for monitoring oscillations 
associated with IBRs. The fundamental requirements for capturing higher-frequency sub-
synchronous dynamics remain largely the same, particularly with respect to measurement 
bandwidth, reporting rate, and faithful magnitude representation. However, unlike IBR 
oscillations, which are often event-driven, the emphasis here extends to continuous compliance 
monitoring of persistent oscillatory behavior, requiring measurement systems that can reliably 
track magnitude and frequency across the full operating range over sustained durations. 

 
1 For detailed explanation, see Section 4.2.1 
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Figure 2. Large load oscillation event at ERCOT observed from 20 samples/cycle DFR 
measurements. The red trace in the bottom plot is three-phase power and reveals the 50 MW 

oscillation. Source: ERCOT (Gravois 2025).  
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1.2 Organization of the Report 

The remainder of this report is organized as follows.  

• Chapter 2.0 provides a brief overview of AI training workloads and their characteristic 
periodic power demand profiles. It explains how these loads can act as sustained 
sources of forced oscillations in the grid and discusses the potential impacts on power 
system stability. The section also motivates the need for compliance guidelines and real-
time monitoring and summarizes emerging oscillation-related requirements proposed by 
utilities and system operators in North America.  

• Chapter 3.0 introduces the measurement systems available at the grid interface for 
monitoring oscillations from large data center loads, with emphasis on PMUs and point-
on-wave (POW) measurements. It reviews the key distinctions between these 
technologies in terms of signal representation, measurement resolution, bandwidth, and 
practical deployment considerations.  

• Chapter 4.0 evaluates the adequacy of PMU-based monitoring for detecting oscillations 
induced by large data center loads. The section reviews the performance requirements 
specified in the IEC/IEEE 60255-118-1 standard and analyzes challenges associated 
with monitoring higher-frequency oscillations. It examines the effects of reporting rate 
and filtering on oscillation observability and presents analytical results, simulations, and 
hardware-in-the-loop experiments to quantify oscillation attenuation and assess 
implications for monitoring compliance with emerging utility requirements. 

• Chapter 5.0 discusses considerations for monitoring oscillations using high-resolution 
POW measurements. It highlights practical challenges associated with continuous 
waveform-based monitoring and briefly reviews emerging approaches aimed at enabling 
scalable deployment.  

• Chapter 6.0 summarizes the key findings of the report and presents concluding 
observations. 
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2.0 Oscillations from Data Center Loads 

As introduced in Chapter 1.0, the rapid growth of large AI data centers has introduced new 
patterns of electrical demand that can exhibit pronounced temporal variability. This chapter 
examines how the operational characteristics of AI workloads can produce oscillatory load 
behavior and discusses the potential implications of such oscillations for power system 
dynamics, monitoring, and operational compliance. 

2.1 AI Training Loads and Induced Oscillations 

AI-centric data centers differ from conventional data centers in both workload composition and 
power consumption characteristics (NERC 2025). In conventional facilities, server workloads 
are typically dominated by central processing unit (CPU)–based applications such as web 
hosting, database services, and search indexing, which generally impose relatively stable 
computational demand. In contrast, AI-focused data centers rely heavily on graphics processing 
units (GPUs) optimized for large-scale parallel computation required for machine learning 
applications. These facilities host a mixture of workloads, including large-scale model training, 
fine-tuning tasks, and inference services executed across clusters of GPUs. Among these, 
large-scale AI training jobs typically dominate the aggregate power consumption due to their 
high computational intensity (Choukse, et al. 2025). 

A defining characteristic of AI training workloads is their periodic power consumption pattern, 
which arises from the repetitive nature of mini-batch training iterations (Choukse, et al. 2025). 
Each iteration alternates between a high-power phase and a lower-power phase. During the 
high-power phase, GPUs execute large volumes of parallel computations, resulting in elevated 
power demand. This is followed by a lower-power phase dominated by memory transfers, 
communication, and synchronization across distributed compute nodes. The repeated 
alternation of these phases produces a sustained oscillatory load profile (Choukse, et al. 2025) 
(NERC 2025). The duration of the iteration cycle leads to a slower periodic component of load 
variation, while variability within the computational phases introduces faster fluctuations in 
power consumption (Ko and Zhu 2025). 

From a power-system perspective, such periodic load variations can act as persistent sources 
of forced oscillations (NERC 2025). The multi-periodicity of AI training load profiles introduces 
forcing components across multiple frequency ranges relevant to power-system dynamics. The 
slower oscillations associated with iteration cycles typically fall in the 0.1–1 Hz range, while 
faster fluctuations originating within the high-power computational phases may extend into the 
sub-synchronous (5–59 Hz) frequency range. Figure 3 illustrates a representative load profile 
from a real-world AI data center, reproduced from the NERC Large Loads Task Force (LLTF) 
White Paper (NERC 2025), highlighting these different periodicities of load variation. Similar 
profiles of cyclic AI training load are also reported by American Electric Power (AEP) (ESIG 
2026). 
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Figure 3. Representative load profile of a real-world AI data center showing different 
periodicities of load variation. Source: NERC (NERC 2025).  

It is also important to highlight that oscillations may also emerge from non-AI conventional data 
centers, although the underlying mechanisms differ from periodic AI training loads. In these 
facilities, oscillations are typically associated with high-power electronic interfaces and their 
control interactions rather than cyclical computational demand. Improper controller settings, 
aggressive operating set points at high loading levels, or interactions among converter controls 
can introduce oscillations across a wide frequency range. Such behavior has been observed in 
recent events involving large data center loads in systems such as ERCOT (see Figures 1 and 
2) and Dominion Energy (Gravois 2025, Mishra, et al. 2025). 

Because these oscillatory load components, whether originating from periodic AI workloads or 
power-electronic control interactions, can span multiple frequency ranges relevant to power-
system dynamics, they have the potential to interact with existing grid oscillation modes and 
other dynamic phenomena. The implications of such interactions, along with the associated 
monitoring needs for system operators, are discussed next. 

2.2 Potential Grid Impacts and Monitoring Need 

Oscillations induced by large data center loads can interact with power system dynamics across 
multiple frequency ranges, creating different categories of operational risk (NERC 2025, ESIG 
2026). At low frequencies (typically 0.1–1 Hz), periodic load variations may interact with poorly 
damped inter-area and regional oscillation modes that naturally exist in large, interconnected 
grids. If the forcing frequency of the load is close to a system mode, the injected oscillatory 
power can amplify the existing oscillation through resonance, potentially increasing power 
swings across major transmission corridors and tie-lines (Biswas, et al. 2025, NERC 2025). 
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Similar forced oscillation phenomena have historically been observed from generator control 
system malfunctions and industrial cyclic loads, where sustained periodic disturbances 
propagated across wide areas, where they introduce risks of triggering protection and mitigation 
actions (NERC 2019). As the scale of hyperscale AI data centers increases to hundreds of 
megawatts or more, synchronized load behavior may introduce disturbances of comparable 
magnitude, increasing the likelihood of wide-area oscillatory impacts. 

At higher frequencies within the sub-synchronous range (5–59 Hz), oscillatory load behavior can 
interact with torsional modes of nearby synchronous generators. These torsional modes 
correspond to the mechanical shaft dynamics of turbine–generator systems. If electrical 
disturbances repeatedly excite these modes, cyclic torque can accumulate in generator shafts, 
potentially leading to increased mechanical stress and long-term fatigue (Zhang and Rose 2026, 
ERCOT 2026). Historically, sub-synchronous torsional interactions have been short-lived events 
that subsided once mitigation actions were implemented. In contrast, oscillations produced by 
tightly synchronized computing workloads in large AI data center clusters may persist 
continuously during normal operation of the facility. Such sustained forcing can repeatedly inject 
energy near generator torsional frequencies over long periods, increasing the potential for 
fatigue accumulation. Oscillations produced by tightly synchronized computing workloads in 
large data center clusters could therefore create localized risks for nearby generating units. 

Given these potential interactions across multiple frequency ranges, timely detection and 
monitoring of load-induced oscillations become essential for maintaining reliable grid operation 
(ESIG 2026). Accurate characterization of oscillatory load behavior allows system operators to 
identify emerging risks, evaluate their interaction with existing system modes, and take 
appropriate mitigation actions before oscillations grow to problematic levels. These operational 
considerations have motivated utilities and system operators to develop compliance 
requirements that limit load variability and oscillatory behavior from large data center facilities, 
as discussed in the following subsection. 

2.3 Utility- and Operator-Proposed Compliance Requirements 

System operators recognizing the risks associated with oscillatory behavior from data center 
loads are introducing compliance limits on load variability and oscillation amplitudes. These 
requirements are intended to constrain load-induced forced oscillations and reduce the risk of 
interaction with critical grid modes. Several utilities and system operators in North America have 
proposed preliminary compliance criteria that define acceptable limits on load variability and 
oscillatory power behavior. Representative examples are summarized below.  

1. American Transmission Company (ATC): Repetitive changes in active power must 
remain below 25 MW for any period shorter than 5 seconds. Additionally, oscillations 
with frequencies above 0.1 Hz must have peak-to-peak amplitudes not exceeding 25 
MW (ATC 2025). 

2. Electric Reliability Council of Texas (ERCOT): Load power must not repetitively exceed 
a 10 MW change within a 5-second sliding time window, limiting the magnitude of short-
term load fluctuations introduced into the grid (ERCOT 2026). 

3. Alberta Electric System Operator (AESO): Net load variability must remain below 16 kW 
for every 100 milliseconds. In addition, power oscillations within the sub-synchronous 
frequency band must be limited to ±160 kW. These limits may be refined based on 
system-specific electromagnetic transient (EMT) studies, which consider factors such as 
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local grid strength, point-of-interconnection configuration, and facility control 
characteristics (AESO 2025). 

4. PSEG Long Island Power Authority (LIPA): Distinct limits are defined for oscillations in 
two sub-synchronous oscillation (SSO) bands. For the high SSO band (5–55 Hz), the 
power summed over any two adjacent frequency bins, computed using a 1-second FFT 
window and averaged over a 10-second rolling window, must not exceed 3.5 MW. For 
the low SSO band (1–5 Hz), a 10-second FFT window is used, and the sum of power 
across any two adjacent bins must remain below 10 MW, while the sum across all bins 
must remain below 20 MW, both averaged over a 60-second rolling window (PSEG 
2026). 

Assessing compliance with these requirements necessitates accurate measurement of load 
variability and oscillatory behavior in both the time and frequency domains. The ability to 
quantify these aspects depends fundamentally on the characteristics and limitations of the 
measurement systems used to observe power system dynamics. Understanding the capabilities 
and constraints of such measurement systems is therefore essential for determining whether 
these proposed limits can be reliably evaluated and enforced in practice. Measurement 
technologies and their limitations relevant to this problem are discussed in the following 
chapters. 
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3.0 Measurement Systems for Monitoring Large Loads 

As outlined in Chapters 1.0 and 2.0, the rapid growth of hyperscale data centers has increased 
the need for measurement systems capable of capturing fast electrical dynamics at the grid 
interface. These loads can introduce rapid power fluctuations, oscillatory behavior, and abrupt 
ramping events that occur on time scales significantly faster than those traditionally monitored 
by supervisory control and data acquisition (SCADA) systems. Consequently, monitoring such 
phenomena requires measurement technologies with significantly higher temporal resolution 
and wider measurement bandwidth. 

High-speed measurement technologies used in modern power systems can be broadly 
classified into two categories based on how the electrical signal is represented:  

(1)  Waveform measurements: obtained by directly sampling three-phase voltage and current 
signals as point-on-wave (POW) data, and  

(2)  Phasor measurements: derived from POW data (see Figure 4) as estimates of the 
magnitude, phase angle, and frequency of the underlying three-phase signals.  

 
 

Figure 4. Measurement systems for monitoring large loads. 
 
To highlight the differences between these measurement types, Figure 5 shows the real-world 
waveform and phasor measurement data for a transmission system fault, (not related to data 
centers) reported at sampling rates of 960 sps and 30 fps, respectively (ORNL, LLNL 2026).  
This example illustrates phasor measurements as representative quantities derived from the 
underlying waveform data through estimation over a finite time window. 
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Figure 5. Waveform and phasor measurements for a real-world disturbance (fault) event. 

Although both measurement types are based on the same underlying voltage and current 
waveforms, they differ significantly in terms of signal representation, temporal resolution, data 
volume, and monitoring capabilities. The following sections introduce these two measurement 
approaches and discuss their characteristics and practical deployment considerations. 

3.1 Point-on-Wave (POW) Measurements  

POW measurements are direct time-domain recordings of voltage and current signals obtained 
by sampling three-phase waveforms at high rates, typically ranging from several kilohertz to 
tens of kilohertz. Each recorded sample represents the value of the signal at a specific point in 
time. POW measurements preserve spectral information of the waveform up to several orders of 
harmonics, including inter-harmonics and other higher-frequency content. This makes POW 
measurements particularly well suited for monitoring fast electrical phenomena such as 
switching transients, inverter-driven dynamics, electromagnetic interactions, and high-frequency 
oscillatory behavior (Mohsenian-Rad and Xu 2023, Follum, Miller, et al. 2021). In the context of 
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monitoring data center loads, POW data can provide detailed insight into how rapid load 
variations induce fast oscillations in terminal voltages and currents that may not be observable 
through lower-bandwidth measurement systems. 

Despite these advantages, practical deployment of continuous POW monitoring across 
transmission networks remains limited. High-speed waveform sampling generates very large 
data volumes, which impose substantial requirements on communication bandwidth, storage 
infrastructure, and real-time data processing capabilities (Follum, Hovsapian, et al. 2023). In 
operational practice, POW measurements are most commonly implemented in disturbance 
monitoring equipment such as digital fault recorders (DFRs) and power quality monitors. These 
systems typically record waveform data when triggered by disturbance events rather than 
continuously streaming measurements across wide-area monitoring systems. That said, 
developments toward continuous POW recording and monitoring are emerging and are 
discussed later in Section 5.0.  

3.2 Phasor Measurements  

Phasor measurements provide a derived representation of voltage and current waveforms 
through estimates of the magnitude and phase angle of their fundamental-frequency 
components. For example, a sinusoidal waveform 

 𝑥(𝑡) = √2 𝑋𝑚 cos(2𝜋𝑓0𝑡 + 𝜙) (1) 

can be represented in phasor notation as 

 𝑋̃ = 𝑋𝑚 ∠𝜙 (2) 

where 𝑋𝑚 is the phasor magnitude and 𝜙 is the phase angle relative to a common reference.  

A phasor measurement unit (PMU) estimates the quantities 𝑋𝑚and 𝜙, along with system’s 

fundamental frequency 𝑓0, from sampled POW measurements through a signal processing 
procedure known as phasor estimation. Although the input waveform signals are sampled at 
rates consistent with POW measurements (typically several kilohertz), the estimated phasor 
quantities are reported at standardized reporting rates, typically 30, 60, or 120 frames per 
second (fps)1. These reporting rates are significantly faster than those of traditional SCADA 
systems, which typically update measurements every 1–5 seconds, but slower than the 
underlying POW sampling rates. The phasor representation therefore reduces measurement 
data volume while retaining key information about the fundamental-frequency behavior of the 
system. This representation has enabled widespread deployment of PMUs and forms the 
backbone of modern wide-area monitoring systems used by most transmission utilities.   

Given the extensive deployment of PMU infrastructure in recent decades, phasor 
measurements will continue to play a key role in monitoring system dynamics associated with 
emerging large electric loads such as hyperscale data centers. However, phasor quantities are 
not direct measurements of the instantaneous electrical waveform. Instead, they are derived 
quantities obtained through signal processing applied to sampled waveform data. As a result, 
oscillations present in the waveform may appear differently in the reported phasor quantities. 

 
1 Some documents use Hertz (Hz) for reporting rate; in this context, the two are equivalent and denote 
the number of phasor reports generated per second. 



PNNL-39191 

Measurement Systems for Monitoring Large Loads 13 
 

Understanding this relationship is therefore essential when interpreting oscillatory behavior 
observed in PMU measurements.  

3.3 Representation of Oscillations in Phasors vs. Waveforms 

In this section, we examine how oscillations observed in PMU measurements in the phasor 
domain relate to those observed in POW measurements. Although both measurement systems 
observe the same underlying electrical phenomenon, they characterize oscillatory behavior in 
fundamentally different ways. Understanding this relationship is essential for correctly 
interpreting measurements obtained from waveform recorders and PMUs.  

Consider a periodic load variation that causes the amplitude of the voltage waveform at a bus to 
oscillate at frequency 𝛥𝑓. In general, the magnitude and angle of the phasor derived from this 
voltage will also oscillate and can be expressed as  

 𝑋̃(𝑡) = 𝑋𝑚 ∠𝜙,   (3) 

where 

 
𝑋𝑚 =  

𝑋0

√2
 { 1 + 𝑘𝑚 cos(2𝜋 𝛥𝑓 𝑡) } ,  

𝜙 =  𝜙0{ 1 + 𝑘𝑎 cos(2𝜋Δ𝑓 𝑡)}, 

 

𝑓0 is the nominal system frequency (e.g., 60 Hz), 
𝑋0 

√2
 is the nominal phasor magnitude, 𝜙0 is the 

nominal phase angle, and 𝑘𝑚 and 𝑘𝑎 are the modulation indices that represent the amplitude of 
phasor magnitude and angle oscillations, respectively.  

To understand how this appears in the waveform, the instantaneous waveform 𝑥(𝑡) can be 
obtained from the real part of the phasor, as shown in (4).  

 𝑥(𝑡) = √2 𝑋𝑚 cos(2𝜋𝑓0𝑡 + 𝜙) 

         = 𝑋0 { 1 + 𝑘𝑚 cos(2𝜋 𝛥𝑓 𝑡) } ⋅ cos(2𝜋𝑓
0
𝑡 +  𝜙)  

         = 𝑋0 cos(2𝜋𝑓0𝑡 +  𝜙)

+   
𝑘𝑚 𝑋0

2
cos(2𝜋 (𝑓0 + Δ𝑓) 𝑡 +  𝜙)

+  
𝑘𝑚 𝑋0

2
cos(2𝜋 (𝑓0 − Δ𝑓) 𝑡 +  𝜙)  

 

(4) 

Equation (4) shows that when the phasor magnitude oscillates at frequency 𝛥𝑓, the waveform 
contains two additional spectral components located at 𝑓0 ± Δ𝑓 frequencies. In the waveform 
spectrum these appear as inter-harmonic sidebands around the fundamental (or system) 
frequency. This establishes an important equivalence between the two measurement domains: 
phasor representation maps the fundamental and its sideband frequency components in a 
signal waveform into a time-varying phasor oscillating at the sideband offset frequency ∆𝑓. A 
much more detailed discussion of this relationship can be found in (Xu, et al. 2025).  

Figure 6 illustrates this relationship using an example of a 10 Hz phasor oscillation. In the 
underlying POW measurements, the oscillation manifests as two inter-harmonic components 
located 10 Hz away from the 60 Hz fundamental, appearing at 50 Hz and 70 Hz, respectively. In 
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the phasor domain, the same phenomenon appears as a 10 Hz oscillation in the magnitude and 
phase of the estimated phasor. The corresponding frequencies are confirmed by examining the 
frequency spectrum of both the waveform and phasor signals.  

 
 

   
 

      
 

       
 

Figure 6. Representations of a 10 Hz oscillation in POW and phasor data. 

This example with amplitude-modulated waveforms and inter-harmonic sidebands is 
representative of oscillatory phenomena observed in real-world grid events, particularly those 
involving IBRs as reported in (Xu, et al. 2025). The same interpretation can be extended to 
oscillations originating from large data center loads. 

It is important to note that this example assumes an ideal phasor representation. In practice, 
phasor measurements are obtained through estimation algorithms that include filtering stages 
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designed to isolate the fundamental frequency component while suppressing other wide-band 
spectral components present in the waveform. These filtering operations, along with the 
reporting rate of PMUs, limit the range of oscillatory frequencies that can be accurately 
represented in phasor measurements. These considerations are discussed further in Section 
4.0. 
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4.0 Considerations for Phasor Measurement-Based 
Monitoring 

To assess the capabilities and limitations of phasor measurement systems for monitoring data 
center oscillations, it is necessary to examine the performance boundaries defined by the 
relevant measurement standards. The requirements for synchrophasor measurements are 
specified in standard IEC/IEEE 60255-118-1 (IEC/IEEE 2018). This standard establishes the 
framework for evaluating measurement accuracy based on the dynamic response, filtering 
characteristics, and reporting rates of phasor estimators. It defines compliance criteria under 
both steady-state and dynamic test conditions, requiring certified devices to satisfy limits on 
Total Vector Error (TVE), frequency error (FE), and rate-of-change-of-frequency (ROCOF) error. 

Although IEC/IEEE 60255-118-1 provides rigorous performance requirements, those 
requirements are limited to the dynamic conditions and frequency ranges specified in the 
standard. As large AI-driven data center loads introduce oscillatory behavior that extends 
beyond traditional electromechanical dynamics, it becomes necessary to evaluate how phasor-
based monitoring performs relative to the measurement bandwidth and compliance limits 
defined in the standard. The following subsection examines these considerations by contrasting 
low-frequency electromechanical oscillations with higher-frequency and sub-synchronous 
oscillations that may lie outside the validated dynamic measurement range.  

4.1 Considerations for Monitoring Low- vs. High-Frequency 
Oscillations 

IEC/IEEE 60255-118-1 defines two performance classes for PMUs: P-class and M-class, each 
intended for different operational objectives. P-class PMUs are designed for applications that 
prioritize fast response and low latency. In contrast, M-class PMUs are intended for applications 
where improved steady-state accuracy and stronger rejection of off-nominal components are 
emphasized. For both classes, compliance with the standard requires that the reported phasor 
quantities satisfy specified limits on TVE, FE, and ROCOF error under both steady-state and 
dynamic test conditions. 

To evaluate estimator performance under dynamic conditions, the standard specifies amplitude 
modulation and phase modulation tests. These tests introduce sinusoidal modulation around the 
nominal system frequency and evaluate whether the PMU maintains compliant performance 
within prescribed TVE limits. From a signal perspective, these tests emulate conditions where 
the underlying voltage or current waveforms contain inter-harmonic sideband components 
around the fundamental frequency. As discussed in Section 3.3, oscillations observed in the 
phasor magnitude or angle arise from such sideband components present in the waveform 
spectrum. The modulation tests therefore provide a standardized method for assessing how well 
a phasor estimator can represent oscillatory behavior associated with these spectral 
components. 

The modulation tests also define the dynamic measurement bandwidth within which PMU 
performance is validated. Table 4 in the standard (IEC/IEEE 2018) summarizes the minimum 
range of modulation frequencies over which a compliant PMU must maintain TVE within 3%. 
For P-class PMUs, compliant performance is required for modulation frequencies from 0.1 Hz 

up to the lesser of 
𝐹𝑠

10
 or 2 Hz, where 𝐹𝑠 is the reporting rate. For M-class PMUs, the validated 

range extends from 0.1 Hz up to the lesser of 
𝐹𝑠

5
 or 5 Hz, also with a 3% TVE limit. These limits 
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establish the range of oscillation frequencies for which the PMU estimator is guaranteed to 
accurately represent phasor magnitude and angle variations. 

An important implication of this specification is that the effective measurement bandwidth 
increases with reporting rate only up to a certain point. Once the reporting rate exceeds the 
value required to reach the upper limits of 2 Hz for P-class and 5 Hz for M-class, further 
increases in reporting rate do not enhance the measurement bandwidth. As a result, increasing 
the reporting rate from 30 fps to 60 fps, or even higher, does not increase the range of 
oscillation frequencies for which compliant performance is guaranteed. 

Vendors may implement proprietary phasor estimation algorithms in their PMUs. However, to 
claim compliance with IEC/IEEE 60255-118-1, the PMU must still satisfy the dynamic 
performance requirements for its designated class, including the TVE limits under the specified 
modulation tests. Consequently, while implementations in commercial devices may vary, their 
effective dynamic response must remain consistent with the performance envelope defined for 
P-class and M-class PMUs. The standard also recognizes that some implementations may 
achieve bandwidths beyond these minimum 2 Hz and 5 Hz requirements. Annex I introduces an 
optional enhanced bandwidth (BW) classification, in which vendors may report the modulation 
frequency up to which TVE remains within 3%. For example, a designation such as BW11.8 
indicates compliant performance with TVE below 3% up to 11.8 Hz modulation. Although this 
BW classification is not part of the mandatory compliance requirements and is therefore not 
commonly reported, it provides additional information on the achievable measurement 
bandwidth of commercial PMUs. 

These performance boundaries have important implications for monitoring large load 
oscillations. As discussed in earlier sections, oscillations associated with large AI-driven data 
center loads can exhibit broadband spectral characteristics, producing phasor oscillations that 
span from very low electromechanical frequencies to higher-frequency and sub-synchronous 
ranges. While oscillations within the validated bandwidth can be accurately represented by PMU 
measurements, oscillations whose frequencies exceed approximately 2 Hz for P-class PMUs or 
5 Hz for M-class PMUs fall outside the range over which estimator accuracy is guaranteed by 
the standard. In such cases, the reported phasor quantities may not faithfully represent the 
magnitude or frequency of the underlying oscillatory behavior. 

Understanding how oscillatory components outside this validated bandwidth are represented in 
phasor measurements is therefore essential for assessing the suitability of PMU-based 
monitoring for large load oscillations. The following subsection examines how key elements of 
the phasor measurement process influence the representation of these higher-frequency 
oscillation components.  

4.2 Challenges and Limitations of Monitoring High-Frequency 
Oscillations 

Two primary factors determine effective performance limits of PMUs when monitoring higher-
frequency oscillations.  

• The first is the output reporting rate, in frames per second (fps), which determines how 
frequently phasor estimates are communicated and therefore limits the range of 
oscillation frequencies that can be correctly represented in the measurement stream.  
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• The second is the low-pass filtering inherent to the phasor estimation process, which 
suppresses spectral components that are sufficiently far from the nominal system 
frequency.  

Together, these mechanisms define the practical boundaries within which phasor 
measurements can accurately represent oscillatory phenomena (Hooshyar, Faranatatos and 
Patel 2019, Follum, Miller, et al. 2021). When oscillations occur at frequencies approaching or 
exceeding these limits, distortions may appear in the reported phasor quantities. These 
distortions can manifest as incorrect oscillation frequencies, attenuated magnitudes, or both. 
The following subsections examine these effects in detail. 

4.2.1 Impact of Reporting Rate 

In PMUs, phasor estimation is performed on waveform data at a rate much higher than the 
output reporting rate used for external streaming. The estimated phasor values are then down 
sampled before transmission, and external subscribers receive the output at a much lower rate, 
typically 30 or 60 frames per second (fps), referred to as the reporting rate. The time series of 
reported phasor measurements can therefore be interpreted as a sampled representation of the 
underlying phasor dynamics. Consequently, the reporting rate used for data streaming has a 
direct influence on how accurately the ground truth dynamics are reproduced in the 
measurement observations. 

According to Shannon’s sampling theorem, the highest oscillation frequency that can be 
correctly represented in the reported phasor data is limited by the Nyquist frequency, which in 
this case is equal to one-half of the reporting rate. When oscillations occur at frequencies higher 
than the Nyquist frequency associated with the reporting rate, they cannot be represented 
correctly in the reported phasor measurements. For this reason, most PMU implementations 
incorporate anti-aliasing filters that suppresses spectral components above the Nyquist 
frequency prior to reporting. The spectral components above the Nyquist limit that are not 
sufficiently attenuated by these filters are folded into the observable frequency range, producing 
image frequencies that differ from the true oscillation frequency.  
 
A simple example illustrates this effect. Consider a PMU reporting at 30 fps, which corresponds 
to a Nyquist frequency of 15 Hz. Suppose the underlying waveform contains side-band inter-
harmonics that produce phasor oscillations at 23 Hz. Since this frequency exceeds the Nyquist 
limit, the reported phasor data cannot represent the oscillation at its true frequency. Instead, the 
oscillation appears in the reported measurements at an aliased frequency, which can be 
calculated using the relationship 𝑓𝑎𝑙𝑖𝑎𝑠  =  | 𝑓𝑡𝑟𝑢𝑒  −  𝑛 𝐹𝑠 |, where 𝑓𝑎𝑙𝑖𝑎𝑠 is the observed frequency 

in the reported phasor data, 𝑓𝑡𝑟𝑢𝑒 is the true oscillation frequency present in the waveform, 𝐹𝑠 is 
the reporting rate of the PMU, and 𝑛 is an integer chosen such that the resulting frequency falls 

below the Nyquist limit. For the example above, with a reporting rate of 𝐹𝑠  = 30 Hz1 and a true 
oscillation frequency of 23 Hz, the aliased frequency becomes 7 Hz. Consequently, the phasor 
measurements indicate an oscillation at 7 Hz, even though the actual oscillation present in the 
waveform occurs at 23 Hz. This behavior is consistent with the large load oscillation example 
from ERCOT discussed in Section 1.1, where oscillations observed in DFR data occurred at 
approximately 23 Hz, while the corresponding 30 Hz PMU measurements indicated oscillations 
near 7 Hz (Gravois 2025). 

 
1 Frames per second (fps) is the more appropriate unit for reporting rate, but Hz are used here for 
consistency with the other values in the equation. 
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There are other examples like this where aliased frequency components in PMU measurements 
were helpful in alerting utilities to a problem. However, such measurements are extremely 
limited in understanding the actual characteristics of the oscillation. Because the integer 𝑛 in the 
equation for 𝑓𝑎𝑙𝑖𝑎𝑠 is unknown, the true frequency 𝑓𝑡𝑟𝑢𝑒 cannot be ascertained from PMU 
measurements. Further, the anti-aliasing filters employed by the PMU will heavily attenuate the 
oscillation, so the apparent amplitude will be significantly smaller than the true amplitude. 

This limitation is particularly relevant when monitoring oscillations associated with large data 
center loads, which may introduce higher-frequency components extending into sub-
synchronous ranges. Increasing the reporting rate can expand the observable frequency range 
and reduce the likelihood of aliasing. However, even when the reporting rate is sufficiently high 
to avoid aliasing, the low-pass filtering inherent in the phasor estimation process may still 
attenuate higher-frequency components, as discussed next. 

4.2.2 Impact of Filtering 

In addition to the reporting-rate limitations discussed in the previous subsection, the low-pass 
filtering in the phasor estimation process imposes a second fundamental constraint on the ability 
of PMUs to represent higher-frequency oscillations. These filters are designed to extract the 
fundamental-frequency phasor while suppressing noise, harmonics, and other off-nominal 
spectral components that are sufficiently far from the nominal frequency. Such filtering improves 
measurement robustness and helps maintain compliance with the TVE limits specified in the 
IEC/IEEE 60255-118-1 standard under steady-state and dynamic conditions. 

However, the same filtering mechanism also affects the ability of PMUs to accurately represent 
oscillatory components associated with higher-frequency phasor dynamics. As discussed in 
Section 3.3, oscillations observed in phasor magnitude and angle arise from inter-harmonic 
sideband components present in the underlying waveform spectrum. When these sideband 
components lie outside the passband of the estimator’s filter, they are attenuated before the 
phasor quantities are reported (see, Figure 7). Consequently, oscillations at higher frequencies 
may appear with reduced magnitude or may not be observable in the phasor measurements at 
all. 
 

 
Figure 7. Attenuation of sideband components due to low-pass filtering in phasor estimation. 

To illustrate this effect, consider an input waveform containing spectral components at 
frequencies 𝑓0, 𝑓0 + Δ𝑓, and 𝑓0 − Δ𝑓. As discussed in Section 3.3, the sideband components 
𝑓0 ± Δ𝑓 produce an oscillation in the estimated phasor at the frequency Δ𝑓. Even when Δ𝑓 is 
smaller than the Nyquist frequency 𝑓𝑁𝑦𝑞𝑢𝑖𝑠𝑡 associated with the reporting rate, accurate 
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representation of this oscillation depends on whether the sideband components lie within the 
passband of the estimator filter. If the frequency offset exceeds the effective passband of the 

filter, denoted here as Δ𝑓𝑝𝑎𝑠𝑠
𝐿𝑃 , such that Δ𝑓𝑝𝑎𝑠𝑠

𝐿𝑃 < Δ𝑓 < 𝑓𝑁𝑦𝑞𝑢𝑖𝑠𝑡, the sideband components will be 

attenuated by the filter during the estimation process. As a result, the corresponding phasor 
oscillation at frequency Δ𝑓 will also appear attenuated in the reported measurements. 

This observation highlights two key aspects that must be carefully considered when assessing 
the ability of PMUs to capture higher-frequency oscillations. First, it is necessary to evaluate the 
frequency response of the filters to determine the passband range. This determines the 
frequency range around the nominal system frequency over which oscillatory components can 
be preserved during phasor estimation. Second, it is necessary to quantify the attenuation 
introduced by the filters on higher-frequency oscillations as a function of their frequency. These 
are discussed next. 

4.2.2.1 Attenuation of High-Frequency Oscillations Due to Filtering 

To demonstrate the impact of filtering, we present a simple analytical example based on the 
oscillation representation in Section 3.3. The results in this section will be applied to specific 
filter designs from IEC/IEEE standard and commercial PMUs in Sections 4.2.2.2 and 4.2.2.3, 
respectively.  

Consider the waveform signal in (5) containing a fundamental component and two inter-
harmonic sidebands, reproduced from the signal model discussed earlier in (4).  

 𝑥(𝑡) = 𝑋0 cos(2𝜋𝑓0𝑡 +  𝜙)

+   
𝑘𝑚 𝑋0

2
cos(2𝜋 (𝑓0 + Δ𝑓) 𝑡 +  𝜙)

+  
𝑘𝑚 𝑋0

2
cos(2𝜋 (𝑓0 − Δ𝑓) 𝑡 +  𝜙)  

(5) 

We show that the magnitudes of the sideband components in (5) are attenuated during phasor 
estimation, which results in the oscillations in the estimated phasors to be attenuated. 

Based on the analytical derivations provided in Appendix A, it can be shown that phasor 
estimation (using the IEC/IEEE reference algorithm) attenuates each frequency component at 
𝑓0 ± Δ𝑓 in (5) by the normalized magnitude response of the filter, denoted 𝒲(Δ𝑓). Thus, the 
filtering operation in the phasor estimator affects each frequency component differently.   For 
window function 𝑊[𝑘], with sample index 𝑘, this magnitude response is given by 

 

𝒲(Δ𝑓) =  

∑ 𝑊[𝑘] ⋅ 𝑒
−𝑗 

2𝜋 Δ𝑓
𝑓𝑠

 𝑘
𝑁
2

𝑘= −
𝑁
2

∑ 𝑊[𝑘]
𝑁
2

𝑘= −
𝑁
2

 

(6) 

The filters are designed such that the response at Δ𝑓 = 0 satisfies 𝒲(0) = 1. Consequently, the 
fundamental component at frequency 𝑓0 is preserved without attenuation during the phasor 

estimation process. In contrast, the sideband components at 𝑓0 ± Δ𝑓 are attenuated according 
to 𝒲(Δ𝑓). When Δ𝑓 lies within the passband of the estimator filter, 𝑊(Δ𝑓) ≈ 1 and the 

attenuation is negligible. As Δ𝑓 moves outside the passband, the magnitude response 
decreases rapidly, leading to attenuation of the corresponding phasor oscillations.  



PNNL-39191 

Considerations for Phasor Measurement-Based Monitoring 21 
 

The attenuation of the sideband magnitudes directly impacts the amplitude of the oscillation 
observed in the estimated phasor quantities. In particular, the signal in (5) may be rewritten as 

 𝑥(𝑡) =  √2 𝑋𝑚
𝑡𝑟𝑢𝑒 ⋅ cos(2𝜋𝑓0𝑡 +  𝜙)  (7) 

where 

 
𝑋𝑚

𝑡𝑟𝑢𝑒 =
𝑋0

√2
+

𝑘𝑚 𝑋0

2√2
 cos(2𝜋 𝛥𝑓 𝑡) 

+  
𝑘𝑚 𝑋0

2√2
 cos(2𝜋 𝛥𝑓 𝑡) =  

𝑋0

√2
{ 1 + 𝑘𝑚  cos(2𝜋 𝛥𝑓 𝑡) }  

(8) 

is the true magnitude of the phasor. Note that, 𝑋𝑚
𝑡𝑟𝑢𝑒 oscillates at Δ𝑓 and has a peak-to-peak 

amplitude Δ 𝑋𝑚
𝑡𝑟𝑢𝑒 = √2 𝑘𝑚 𝑋0. Due to filtering during phasor estimation, the sidebands will be 

attenuated. As a result, the estimated magnitude of the phasor becomes 

 
𝑋𝑚

𝑒𝑠𝑡𝑚 =   
𝑋0

√2
+ 𝑊(Δ𝑓) 

𝑘𝑚 𝑋0

2√2
 cos(2𝜋 𝛥𝑓 𝑡) 

+  𝑊(Δ𝑓) 
𝑘𝑚 𝑋0

2√2
 cos(2𝜋 𝛥𝑓 𝑡)

=  
𝑋0

√2
{ 1 + 𝑊(Δ𝑓) 𝑘𝑚  cos(2𝜋 𝛥𝑓 𝑡) }  

(9) 

The estimated phasor magnitude 𝑋𝑚
𝑒𝑠𝑡𝑚

 also oscillates at Δ𝑓, but with a reduced peak-to-peak 

amplitude Δ 𝑋𝑚
𝑒𝑠𝑡𝑚 = √2 𝑊(Δ𝑓) 𝑘𝑚 𝑋0. 

This result shows that phasor estimation using the IEC/IEEE reference algorithm attenuates a  
Δ𝑓-frequency phasor oscillation by a factor equal to the magnitude response of the estimator’s 
filter. In commercial PMUs that employ proprietary algorithms different from the IEC/IEEE 
reference algorithm, the exact attenuation expression may vary depending on the underlying 
implementation; however, the attenuation is still fundamentally governed by the magnitude 
response of the effective filter. 

In the following subsection, we examine the design and frequency responses of the reference 
filters defined in the IEC/IEEE 60255-118-1 standard, along with several commonly used filter 
structures implemented in commercial PMUs. In Section 4.2.3.2, we then evaluate the 
attenuation behavior of a commercial PMU to illustrate the practical impact of filtering and 
compare its performance with that of the IEC/IEEE reference algorithm.  

4.2.2.2 Frequency Response and Attenuation Characteristics of P- and M-class 
Reference Filters in the IEC/IEEE Standard 

The IEC/IEEE 60255-118-1 standard specifies two reference filter designs used for phasor 
estimation: (1) a triangular window associated with the P-class estimator and (2) a sinc–
Hamming composite window associated with the M-class estimator (IEC/IEEE 2018). These 
filters represent reference implementations defined in the standard for evaluating estimator 
behavior and verifying compliance with the dynamic performance requirements of each PMU 
class. 

It is important to note that PMU vendors may implement proprietary estimator filters that differ 
from these reference designs. However, regardless of the internal implementation, any PMU 
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claiming compliance with the standard must satisfy the dynamic performance requirements 
associated with its designated class (P-class or M-class), including the TVE limits under the 
modulation tests described in Section 4.1. Consequently, while the exact filter kernels 
implemented in commercial devices may vary, their effective dynamic response must remain 
consistent with the performance envelope defined for the respective class. 

In this section, the reference filter designs from the standard are used as representative 
examples to demonstrate how estimator filtering influences the attenuation of phasor 
oscillations. The resulting analysis therefore illustrates the expected attenuation behavior 
associated with the P-class and M-class performance requirements.  

The reference filter designs in the standard are as follows (IEC/IEEE 2018). 

1. The P-class reference filter uses a triangular window defined over a symmetric window 

of length 𝑁. For a filter order 𝑁 and sample index 𝑘 ∈  {−
𝑁

2
, … ,

𝑁

2
}, the filter window is 

given by (10). 

 
𝑊[𝑘] = 1 −

2𝑘

𝑁 + 2
 

(10) 

The standard specifies the filter order as 𝑁 = 2 (
𝑓𝑠

𝑓0
− 1),  where 𝑓𝑠 is the sampling 

frequency of the input waveform data and 𝑓0 is the nominal frequency. Therefore, 𝑁 = 30 
for 𝑓𝑠 = 960 sps and 𝑓0 = 60 Hz, which corresponds to approximately 2 cycles at the 
fundamental frequency.1 

2. The M-class reference filter uses a composite window formed by multiplying a sinc(⋅) 

function with a Hamming window of length 𝑁. For sample index 𝑘 ∈  {−
𝑁

2
, … ,

𝑁

2
}, the filter 

window is given by (11). 

 

𝑊[𝑘] =  {

sin(Ω𝑐𝑘)

Ω𝑐𝑘
 (0.54 + 0.46 cos

2𝜋𝑘

𝑁
 ) ,   𝑘 ≠ 0

1,                                                               𝑘 = 0

 

(11) 

In (11), Ω𝑐 = 2𝜋
2 𝑓𝑟

𝑓𝑠
 where 𝑓𝑟 is the filter reference frequency. Unlike the P-class, the filter 

order 𝑁 in M-class is determined as a function of the reporting rate 𝐹𝑠, along with the 

input sample frequency 𝑓𝑠. The reference design in the standard specifies that for: 

• 𝐹𝑠 = 30 fps and 𝑓𝑠 = 960 sps, the parameters should be 𝑓𝑟 = 5.02 and 𝑁 = 306; 

• 𝐹𝑠 = 60 fps and 𝑓𝑠 = 960 sps, the parameters should be 𝑓𝑟 = 8.19 and 𝑁 = 164; 

• 𝐹𝑠 = 120 fps and 𝑓𝑠 = 960 sps, the parameters should be 𝑓𝑟 = 16.25 and 𝑁 = 70. 

 
1 The filter order is the window length. In terms of cycles, the window length for a P-class filter is 

approximately 
𝑁∗𝑓0

𝑓𝑠
≈ 2 cycles at the fundamental frequency. 
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The window length in cycles can be determined from 𝑁 using the expression in the 
footnote 1. For 30, 60 and 120-fps designs, these are approximately 19, 10, and 4 cycles 
respectively. 

For the same waveform sampling frequency and reporting rate, the P-class filter order is 
significantly smaller than that of the M-class filter. Consequently, the P-class estimator provides 
faster dynamic response and lower latency. In contrast, the M-class filter provides stronger 
attenuation of spectral components located away from the nominal system frequency.  

Because of these structural differences, the two filters exhibit significantly different passband 
characteristics and attenuation behavior. The magnitude responses of the P- and M-class 
reference filters for 𝑓𝑠 = 960 sps and 𝐹𝑠 = 60 fps are examined in Figure 8 and Figure 9 
respectively. These responses characterize how oscillatory components at different frequency 
offsets from the nominal system frequency are attenuated during the phasor estimation process. 
Both filter designs exhibit strong attenuation for frequency offsets greater than approximately 10 
Hz. The P-class filter, however, has a comparatively narrower passband extending up to about 
2 Hz, within which the filter gain remains close to unity. In contrast, the M-class filter has a wider 
passband extending to approximately 5 Hz where the gain remains near unity, but it exhibits 
significantly sharper attenuation beyond this range compared to the P-class filter.  

  

Figure 8. Window function and magnitude response of the P-class reference filter. 
 

  

Figure 9. Window function and magnitude response of the M-class reference filter. 
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As discussed in Section 4.2.2.1, the magnitude response of these filters determines their 
attenuation characteristics. A phasor oscillation at frequency Δ𝑓 is attenuated by a factor of 

𝒲(Δ𝑓). Therefore, to understand how filter designs impact attenuation, it is important to 
explore how different parameters in the filter’s window function influence the filter’s magnitude 
response 𝒲(Δ𝑓). We study two key design factors – (1) the reporting rate 𝐹𝑠 of the output 
and (2) the sampling rate 𝑓𝑠 of the input waveform.  

 
Figure 10 studies the impact of reporting rate on the magnitude response and attenuation 
characteristics of the M-class filters described in page 22. The filter with a lower reporting rate 
has a narrower passband and a sharper attenuation behavior. Observe that an oscillation of 
10 Hz is attenuated by nearly 40% for a filter associated with a 30 fps report rate. The same 
oscillation is attenuated much less, approximately 10%, when a 60 fps report rate is used. If 
the report rate is further increased to 120 fps, the filter gain at 10 Hz is nearly unity and there 
is almost no attenuation. Nonetheless, at higher frequencies, the attenuation is still significant.  
 
 

 
 

Figure 10. Impact of output reporting rate on the attenuation characteristics of M-class 
reference filters. 

 
 

In Figure 11, the impact of input sample rate on attenuation characteristics is studied, for a 
fixed filter order (i.e., same window length). Two designs of the M-class filter for 𝐹𝑠 = 60 fps 
are evaluated corresponding to 𝑓

𝑠
= 960 sps (i.e., 16 samples/cycle) and 𝑓𝑠 =  7680 sps (i.e., 

128 samples/cycle), for 𝑁 = 164. Increasing 𝑓𝑠 slows the rate of attenuation for higher 

frequencies. 
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Figure 11. Impact of input sample rate on attenuation characteristics of M-class reference 
filters. 

 

4.2.2.3 Frequency Response and Attenuation Characteristics of Filters Used in 
Commercial PMUs 

We also analyze the attenuation characteristics of some common filters used in commercial 
PMUs. The Blackman–Harris family of window functions are employed for phasor estimation in 
the Arbiter Systems PMU Model 1133A (Arbiter Systems 2007). The parametric form of this 
filter family is given by 

 
𝑊[𝑘] = 𝑎0 + 𝑎1 cos (

2𝜋𝑘

𝑁
) + 𝑎2 cos (

4𝜋𝑘

𝑁
) + 𝑎3 cos (

6𝜋𝑘

𝑁
) , 

(12) 

for 𝑘 =  −
𝑁

2
, ⋯ ,

𝑁

2
 , where coefficients 𝑎0, 𝑎1, 𝑎2 and 𝑎3 determine the specific window type within 

the Blackman–Harris family. The parameter choices for respective window types are presented 
in Table 1. Arbiter 1133A allows the user to select between these filter windows. The filters are 
designed for an input sample rate 𝑓𝑠 = 10240 sps and a window size of 𝑁 = 1024 samples.  

The magnitude response and the attenuation characteristics of these filters are compared with 
the reference P-class filter for the same 𝑓𝑠 in Figure 12. The Blackman-Harris filter windows 
have relatively slower attenuation behavior compared to the reference P-class filter. Among 
these, the flat-top window has the best performance in this regard with nearly zero dB 
attenuation up to 10 Hz. However, beyond this range, the attenuation is significant. For most 
other filters in Table 1 the passband is much narrower, and magnitude drops appreciably 
beyond 2 Hz. 
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Table 1. Window parameters for the Blackman-Harris filters used in Arbiter Systems PMU. 
 

Window 𝒂𝟎 𝒂𝟏 𝒂𝟐 𝒂𝟑 

Hann 0.50 0.50 0 0 

Hamming 0.54 0.46 0 0 

Blackman 0.42 0.50 0 0.08 

Nuttall 0.355768 0.487396 0.144232 0.012604 

Flat-Top 0.2810639 0.5208972 0 0.1980399 

 

 
 

Figure 12. Attenuation characteristics of the filters used in Arbiter Systems PMU.  
 

4.2.3 Case Studies and Simulations 

To demonstrate the impact of filtering on oscillation attenuation, this section presents simulation 
and experimental case studies evaluating the performance of phasor estimation algorithms 
under high-frequency oscillations. 

4.2.3.1 Phasor Estimation using the IEC/IEEE Reference Algorithm 

We synthesize an amplitude modulated three-phase waveform signal with a 60 Hz fundamental 
and two sidebands at 40 Hz and 80 Hz. This corresponds to a 20 Hz phasor oscillation with a 
peak-to-peak (p-p) amplitude of 0.25 p.u. Phasors are estimated from the synthesized 
waveforms using the reference algorithm specified in IEC/IEEE 60255-118-1, configured with an 
M-class filter design with an input sample rate 𝑓𝑠 = 960 sps and an output reporting rate 𝐹𝑠 = 60 
fps, corresponding to a filter window length 𝑁 = 164 samples (~ 10 cycles). The results are 
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shown in Figure 13. The estimated phasor magnitude exhibits significant attenuation of the 
oscillatory component. Specifically, the original 0.25 p.u. peak-to-peak oscillation is reduced by 
approximately 80%, resulting in an observed oscillation magnitude of about 0.05 p.u. Although 
the oscillation frequency is preserved in the phasor estimates, the magnitude is substantially 
attenuated. This attenuation is consistent with the magnitude response of the reference M-class 
filter.  

 
 

Figure 13. Amplitude estimation and attenuation of a 20 Hz oscillation using the IEC/IEEE 
reference algorithm with M-class filter and 60 fps reporting rate. 

4.2.3.2 Phasor Estimation using Commercial-Grade PMUs 

In this section, we demonstrate the limitations of PMUs in capturing high-frequency oscillations 
through hardware-in-the-loop (HIL) testing of a commercial PMU. The experimental setup is 
shown in Figure 14.  

An OPAL-RT real-time simulator is used to generate analog waveforms for phasor estimation. 
The simulator also acts as a PMU data client to receive the synchrophasor data that is streamed 
by the commercial PMU. Both the OPAL-RT simulator and the PMU are synchronized using a 
substation clock that receives precise time through a global navigation satellite system (GNSS) 
antenna. The analog waveform signals, generated by the OPAL-RT simulator, are amplified 
using a voltage amplifier to the voltage levels suitable for input to the commercial PMU. The 
commercial PMU streams the synchrophasor data, complying with the IEEE C37.118.2 
standard format (IEEE 2024), over TCP/IP to the OPAL-RT simulator where the data is logged 
for analysis (Hooshyar, Haddadi, et al. 2022).  
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Figure 14. Experimental setup for hardware-in-loop testing of commercial PMU. 
 
Several cases are investigated with varying oscillation frequency. In all cases the PMU is 
configured as both P- and M-class, and two reporting rates of 30 and 60 fps were tested. When 
configured as M-class, the window length of the filter was set to six cycles. 
 

1) 5 Hz oscillation: First, we analyze a case of 5 Hz oscillation with 0.1 p.u. magnitude. The 

waveform signal with a 60 Hz fundamental was amplitude modulated at 5 Hz to create 

sidebands at 55 Hz and 65 Hz. Figure 15 shows the results from the FFT analysis on the 

PMU-reported phasor magnitude outputs for P- and M-class configurations with two 

different reporting rates. It is shown that the PMU output, in this case, preserves the 5 

Hz oscillation without aliasing or attenuation. The percentage value in the figures for 

each class represents the percentage of the true oscillation magnitude that was 

preserved after phasor estimation.  

 

 

Figure 15. Amplitude estimate of a 5 Hz oscillation reported by a commercial PMU with P- and 
M-class filter designs for (a) 60 fps and (b) 30 fps reporting rates.  
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2) 8 Hz oscillation: Next, we analyze an 8 Hz oscillation. In this case it is shown in Figure 

16 that the PMU performance becomes more dependent on both reporting rate and 

PMU filter class, with some attenuation in the output signal. In particular, for 60 fps 

reporting rate and for both P- and M-class PMU configurations, there is a 9% attenuation 

in oscillation magnitude. For 30 fps reporting rate, when the PMU is configured as M-

class the output has higher attenuation compared to the case when the PMU is 

configured as P-class where the attenuation is minimal.  

 

 

Figure 16. Amplitude estimate of an 8 Hz oscillation reported by a commercial PMU with P- and 
M-class filter designs for (a) 60 fps and (b) 30 fps reporting rates. 

 

3) 15 Hz oscillation: In the next test case, we increase the oscillation frequency to 15 Hz. 

The results for the P- and M-class configurations are shown in Figure 17. When the 

PMU is configured with 30 fps reporting rate, the oscillation is not observed in the 

reported output, as expected considering the Nyquist limit. For 60 fps reporting rate, 

there is noticeable signal attenuation for both P- and M-class PMU configurations, larger 

in the M-class case. For this case, we also compare the outputs of the commercial PMU 

with a generic PMU model following the reference phasor estimation algorithm in the 

IEC/IEEE standard, shown in Figure 18. Compared to the commercial reference 

algorithm, the attenuation is higher in the commercial PMU for both PMU classes.    
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Figure 17. Amplitude estimate of a 15 Hz oscillation reported by a commercial PMU with P- and 
M-class filter designs for (a) 60 fps and (b) 30 fps reporting rates. 

 

 

Figure 18. Comparison of amplitude estimation for a 15 Hz oscillation reported by a generic 
PMU with IEC/IEEE reference algorithm and a commercial PMU, with (a) M- and (b) P-class 

filter designs for 60 fps reporting rate. 
  

4) 27 Hz Oscillation: Lastly, we evaluate the performance for a 27 Hz oscillation. The 

results are shown in Figure 19. For 30 fps reporting rate, the oscillation is not observed 

in the outputs, as expected based on the Nyquist limit. For 60 fps reporting rate 

configuration the PMU output signal has significant attenuation. The attenuation for the 

P-class configuration is 72%, while for the M-class configuration the attenuation is nearly 

100%.  In this case too, a comparison is made with the output of a generic PMU with 

IEC/IEEE reference algorithm, and the results are shown in Figure 20.  Similar to the 

previous case, the IEEE PMU model shows less attenuation for both PMU class 

configurations. 
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Figure 19. Amplitude estimate of a 27 Hz oscillation reported by a commercial PMU with P- and 
M-class filter designs for (a) 60 fps and (b) 30 fps reporting rates. 

 

 
 

Figure 20. Comparison of amplitude estimation for a 27 Hz oscillation reported by a generic 
PMU with IEC/IEEE reference algorithm and a commercial PMU, with (a) M- and (b) P-class 

filter designs for 60 fps reporting rate.  
 
These case studies point to the following conclusions. PMUs are highly effective in monitoring 
low-frequency oscillations but their ability to capture higher frequency oscillations is 
fundamentally constrained by the PMU’s reporting rate and the attenuation characteristics of the 
filters internal to the phasor estimation process. This has profound implications in monitoring 
compliance of data center loads to utility-specified oscillation limits.  

4.3 Implications for Monitoring Compliance with Utility-Proposed 
Data Center Oscillation Limits 

The case studies presented in Section 4.2.3 demonstrate the limitations of PMUs in accurately 
representing oscillations at higher frequencies. In this section, we examine the implications of 
these limitations for monitoring compliance with the utility-proposed oscillation limits introduced 
in Section 2.3. As discussed previously, oscillations whose frequencies fall outside the effective 
passband of phasor estimation filters experience attenuation in their estimated amplitudes. 
Consequently, high-amplitude oscillations may appear significantly smaller in the phasor domain 
than in the underlying waveform measurements. When compliance assessments rely solely on 
these attenuated phasor estimates, oscillatory behavior that exceeds the actual limits may 
nevertheless appear to satisfy the specified thresholds, thereby providing an overly optimistic 
assessment of compliance. 
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4.3.1 Impact of Attenuation on Compliance Assessment 

To illustrate this effect, we consider an example based on the criteria proposed by the PSEG 
Long Island Power Authority (LIPA) (PSEG 2026). LIPA specifies a detection criterion for 
oscillations in the 5–55 Hz band. In this approach, instantaneous power is first computed from 
POW voltage and current measurements. A Fast Fourier Transform (FFT) is then applied to a 1-
second sliding window, and the zero-to-peak magnitude of power (in MW) for each frequency 
bin is obtained. The magnitude summed over two adjacent bins is subsequently averaged over 
the preceding 10-second period and compared against a threshold of 3.5 MW. The LIPA 
criterion is defined using power derived from POW measurements with a minimum sampling 
rate of 600 sps. 

To demonstrate the impact of phasor filtering, the same detection criterion is implemented with 
phasor estimates derived from the POW data. Note that (PSEG 2026) does not allow for the use 
of PMU data; the PMU implementation is for illustration only, and the results are not intended to 
evaluate the method in (PSEG 2026). 

For the input POW data, we synthesize an amplitude-modulated waveform designed to emulate 
a 20 Hz oscillation. The true oscillation amplitude of 4.8 MW exceeds the 3.5 MW detection 
threshold. Phasors are then estimated from the sampled waveform data using the reference 
phasor estimation algorithm specified in the IEC/IEEE 60255-118-1 standard, employing a 120 
fps P-class filter. 

Using this setup, we compare the detection performance obtained when the LIPA criterion is 
applied to instantaneous power from POW measurements versus power computed from 
estimated phasors. The results are shown in Figure 21. For the POW measurements, the power 
component at 20 Hz computed using LIPA’s approach exceeds the 3.5 MW threshold, and the 
oscillation is successfully detected. However, when the same analysis is performed using the 
active power derived from phasors, the oscillation magnitude is attenuated due to the filtering 
characteristics of the phasor estimator. As the 10-second averaging window slides across the 
signal, the estimated oscillation magnitude gradually increases but converges to a value that 
remains below the detection threshold. As a result, an oscillation that is clearly detectable with 
POW data fails to be detected when the monitoring system relies solely on PMU data, even 
when phasors are reported at 120 fps. 

In contrast, when the oscillation frequency is reduced to 1 Hz, the estimated oscillation 
magnitudes obtained from both waveform and phasor measurements are essentially identical 
(see Figure 22). This occurs because 1 Hz lies within the effective passband of the 120 fps P-
class estimation filter, meaning that the oscillation amplitude is not attenuated during phasor 
estimation. Under these conditions, the LIPA detection criterion produces the same outcome 
regardless of whether waveform measurements or phasor estimates are used. 
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Figure 21. Comparison of POW- and PMU-based monitoring in detecting 20 Hz oscillation. 

 
 

Figure 22. Comparison of POW- and PMU-based monitoring in detecting 1 Hz oscillation. 

These results highlight an important implication for monitoring compliance with utility-specified 
oscillation limits. While PMU-based monitoring may provide reliable compliance assessment for 
low-frequency electromechanical oscillations, its effectiveness can be significantly challenged 
when evaluating higher-frequency oscillatory phenomena, particularly those approaching or 
exceeding the passband limits of phasor estimation filters. Consequently, compliance 
monitoring frameworks that rely exclusively on phasor measurements may underestimate the 
severity of high-frequency oscillations and may therefore report compliance even when the true 
waveform behavior exceeds the specified limits. 
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4.3.2 Practical Considerations for Using PMU Data in Compliance Assessment 

The limitations highlighted above do not necessarily preclude the use of PMU data for oscillation 
monitoring. If the magnitude response of the phasor estimation filter is known, the estimated 
oscillation amplitudes could be adjusted to compensate for the expected attenuation at a given 
frequency. In such a scenario, the oscillation magnitude obtained from PMU data may be 
corrected using the known frequency response of the estimator, thereby providing a more 
accurate representation of the underlying waveform oscillation. However, in practice, 
implementing such corrections is challenging. In most commercially deployed PMUs, the phasor 
estimation algorithms and associated filter designs are proprietary. As a result, the frequency 
response characteristics of the estimator are generally not available to system operators. 
Without this information, it is difficult to analytically determine the attenuation experienced by 
oscillations at specific frequencies, limiting the ability to directly compensate PMU 
measurements for filter-induced magnitude reduction. 

In an appropriate laboratory environment, it may be possible to empirically determine a PMU’s 
attenuation characteristics by playing in waveform data with oscillations at a range of 
frequencies. Such comparisons can provide approximate correction factors that describe how 
oscillation magnitudes observed in PMU data relate to the underlying waveform oscillations. 
These empirically derived relationships may then be used to refine detection thresholds or guide 
the interpretation of compliance assessments when PMU data is the only measurement 
available during routine operation. For example, if it is known that oscillations in a particular 
frequency band are systematically attenuated by a certain factor in PMU measurements, 
compliance thresholds could be adjusted accordingly or monitoring systems could incorporate 
correction factors when evaluating oscillation magnitudes. 

It is also worth noting that some PMU vendors may provide dynamic compliance beyond the 
minimum bandwidth specified in IEC/IEEE 60255-118-1. In such cases, the achievable 
measurement bandwidth is typically documented in device manuals or technical specifications 
(Vizimax 2026). Some vendors also report an extended bandwidth classification, consistent with 
the optional enhanced bandwidth (BW) concept described in Annex I of the standard, indicating 
the modulation frequency up to which TVE remains within specified limits. Although this 
information is not uniformly reported and is not part of the mandatory compliance requirements, 
it can provide useful insight into the practical dynamic performance of specific PMU 
implementations. 

While POW-based monitoring provides the most accurate representation of high-frequency 
oscillatory behavior, waveform data are not universally available across transmission networks. 
In contrast, PMUs remain the backbone of wide-area monitoring infrastructure and provide time-
synchronized measurements at many locations in the grid. Consequently, understanding and 
accounting for the bandwidth and attenuation characteristics of PMU measurements is essential 
for interpreting oscillation measurements correctly. At the same time, the limitations identified in 
this section highlight the value of high-resolution POW measurements as a complementary 
monitoring capability, particularly for detecting and characterizing high-frequency oscillations. 
The use of POW-based measurements alongside PMU data therefore represents an important 
direction for improving the observability of large load oscillations, which is explored further in the 
next chapter. 
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5.0 Considerations for POW Measurement-Based 
Monitoring 

The analysis in the previous chapter highlighted the limitations of PMU-based monitoring for 
accurately representing higher-frequency oscillations and motivated the need for using POW 
measurements. While POW measurements provide significantly higher temporal resolution and 
can accurately capture oscillatory behavior across a broader frequency range, their adoption for 
continuous monitoring introduces practical challenges related to data acquisition, transmission, 
and storage (Silverstein and Follum 2020, Follum, Hovsapian, et al. 2023). This chapter 
discusses these barriers and examines the practical considerations associated with 
implementing POW-based monitoring for large data center loads. 

Although the power industry has long utilized instruments such as power quality (PQ) meters 
and flicker analyzers, these devices were primarily designed to monitor voltage disturbances, 
harmonic distortion, and flicker phenomena. Consequently, they generally do not provide the 
spectral resolution required to estimate oscillatory components within narrow frequency bands 
needed to detect dynamic oscillations associated with large and rapidly varying loads. Without 
significant redesign of their measurement and signal processing capabilities, many of these 
instruments are not well suited for resource performance monitoring. 

Recognizing this gap, the IEEE vision paper on synchronized waveform measurements 
identifies three schemes for handling high-resolution POW data (Xu, et al. 2022). The first 
scheme, and the most commonly deployed, relies on event-triggered recording of waveform 
measurements locally at a substation or point of measurement. In this approach, high-resolution 
voltage and current waveforms are stored locally and retrieved on demand but are not streamed 
continuously to a central location (Xu, et al. 2022). DFRs are a common example of devices 
operating in this mode. This paradigm has been widely used for post-event analysis of faults, 
switching events, and other transient disturbances, and is effective in limiting communication 
and storage requirements. However, event-triggered recording may not be well suited for 
monitoring oscillations associated with large and rapidly varying loads such as data centers. 
Load-induced oscillations may persist for extended periods and may initially occur below 
traditional disturbance trigger thresholds. As a result, relying solely on event-triggered 
recordings may fail to provide the continuous visibility required to detect sustained oscillatory 
behavior or evaluate compliance with oscillation limits. 

The second scheme involves continuous recording and streaming of waveform data to a 
centralized location, either through gapless recording or periodic multi-snapshot capture (Xu, et 
al. 2022). Although continuous streaming provides the most complete visibility for compliance 
monitoring, it introduces significant practical challenges. POW recorders typically sample 
voltage and current signals at rates ranging from several hundred to several thousand samples 
per second. Continuous streaming of such measurements from multiple monitoring locations 
can therefore generate extremely large data volumes (Follum, Miller, et al. 2021). Existing 
communication infrastructure deployed across utilities and system operators is generally not 
designed to support such high-volume real-time data transfer (Follum, Hovsapian, et al. 2023). 
Upgrading communication and storage systems to support continuous waveform streaming 
would require substantial investments.  

A real-world operational experience illustrates the scale of this challenge. A pilot study 
conducted by Dominion Energy reported that continuous streaming of waveform data from 66 
substations sampled at 16 samples per cycle generated approximately 3.9 TB of data per day. 
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Even with 1 Gbps communication links, several hours were required to transport the data to 
centralized servers (Purcell, et al. 2024). These results highlight the practical challenges 
associated with large-scale centralized streaming of waveform measurements for routine 
monitoring applications.  

More recent efforts have explored cloud-hosted data ingestion platforms designed to handle 
large volumes of waveform measurements (Aminifar 2025). These approaches demonstrate the 
feasibility of centralized streaming using advanced cloud infrastructure and high-speed 
communication networks, but they still require substantial data management capabilities and 
introduce additional architectural complexity. Beyond communication and storage constraints, 
real-time analysis of high-resolution waveform data also presents computational challenges. 
Monitoring large numbers of measurement locations would require utilities to process high 
volumes of incoming data continuously to detect oscillatory behavior, evaluate compliance with 
operational limits, and maintain system-wide situational awareness. 

The third scheme adopts a hybrid architecture in which POW measurements are recorded 
continuously at the measurement location and waveform segments are streamed only when 
disturbances are detected (Xu, et al. 2022). In this configuration, streaming need not occur in 
real time, and delays may be acceptable depending on the end-use application and monitoring 
objective. Prior work has also demonstrated that with the recently standardized IEEE 2664 
streaming telemetry transport protocol (STTP), short-duration waveform snapshots of 
disturbance events can be packetized and interleaved with existing phasor data streams using 
available bandwidth, reducing additional communication requirements for POW streaming 
(Chatterjee and Follum 2025) (Saroare, Hasnat and Ahmed 2026). These studies were 
performed with a focus on faults, but the concept could be expanded to address oscillations. 

For example, recent developments have focused on a broader set of distributed waveform 
analytics in which POW measurements are recorded continuously and analyzed locally at or 
near the point of measurement (see Figure 23). In these approaches, high-resolution waveform 
measurements sampled at rates on the order of several thousand samples per second can be 
streamed to local analytics engines, where real-time processing is performed without requiring 
transmission of raw waveform data to centralized servers (Bestebreur 2025, Lackner and Carroll 
2025). This enables continuous monitoring of oscillatory behavior while avoiding the 
communication and storage burdens associated with centralized waveform streaming. 

Several emerging implementations support streaming of high-resolution voltage and current 
waveform measurements to local processing engines that perform real-time oscillation detection 
(Bestebreur 2025, Cheung, Cox and Sutrave 2025). These systems enable continuous 
monitoring of oscillation magnitude within configurable frequency bands and support 
persistence-based detection logic and configurable thresholds. Detected oscillatory behavior 
may trigger local alarms and generate summary metrics including oscillation frequency, 
magnitude, and duration. Because detection is performed locally, only low-bandwidth summary 
information needs to be communicated, while optional waveform capture can be retained locally 
for detailed analysis. 

Local analytics engines may compute instantaneous or half-cycle active power from voltage and 
current waveforms and apply spectral techniques such as FFT or narrow-band filtering to detect 
oscillatory components. Continuous tracking of oscillation magnitude within selected frequency 
bands enables detection of both sustained and intermittent oscillatory behavior. These 
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approaches allow monitoring of oscillations that may not exceed traditional disturbance 
thresholds and therefore may not be captured using event-triggered recording. 

Distributed monitoring architectures also support centralized aggregation of locally detected 
oscillation metrics (see Figure 23). Summary observations from multiple monitoring locations 
can be combined to provide system-wide situational awareness, track oscillation activity over 
time, and identify propagation of oscillatory disturbances (Lackner and Carroll 2025). Because 
only derived metrics are transmitted, these architectures can operate over existing 
communication infrastructure without requiring continuous streaming of waveform data. 

 
Figure 23. Distributed architecture for data center oscillation monitoring using POW 

measurements. 

Similar monitoring principles may also be applied within data center facilities. High-resolution 
measurements at the point of interconnection and internal feeder levels can be analyzed locally 
using detection algorithms designed to be consistent with utility-side monitoring methodologies. 
This consistency allows compliance assessments performed within the facility to align with 
those applied at the grid interface. Data center operators can therefore identify oscillatory 
behavior locally and implement mitigation measures such as workload management or cluster-
level controls before oscillations propagate to the transmission system. 

By combining local waveform-based analysis with centralized reporting, hybrid monitoring 
architecture provides a practical pathway for utilizing POW measurements in large-scale 
monitoring systems. Although these approaches are still evolving and continue to be validated 
through research and pilot deployments, they offer a promising framework for enabling accurate 
detection of high-frequency oscillations while mitigating communication and storage 
requirements associated with continuous centralized streaming of waveform data. 

All three schemes described above are technically viable and represent different tradeoffs 
between visibility, infrastructure requirements, and implementation complexity. Event-triggered 
recording minimizes communication requirements but provides limited continuous visibility 
required for compliance monitoring. Continuous centralized streaming offers the most complete 
observability but requires substantial communication and data management infrastructure. 
Hybrid and distributed analytics approaches provide a middle ground by enabling continuous 
local analysis with selective communication of summary results. With ongoing research and 
product development in this area, utilities and data center developers now have access to 
practical solutions for monitoring load-induced oscillations using POW measurements. 
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6.0 Conclusions 

This report examined the adequacy of existing measurement systems for monitoring oscillations 
induced by large data center loads, with particular focus on phasor measurement units (PMUs) 
and point-on-wave (POW) measurements. The analysis shows that PMUs remain highly 
effective for monitoring low-frequency electromechanical oscillations but have fundamental 
limitations when applied to higher-frequency oscillations that may arise from large AI training 
loads. 

The effective measurement bandwidth of PMU-based monitoring is constrained by both 
reporting-rate limitations and the filtering inherent in phasor estimation algorithms. According to 
the IEC/IEEE 60255-118-1 standard, the dynamic performance of PMUs is validated primarily 
for oscillation frequencies up to approximately 2 Hz for P-class devices and up to about 5 Hz for 
M-class devices. Oscillations beyond this range fall outside the frequency band for which 
accurate amplitude tracking is required. As a result, PMUs are generally not well suited for 
monitoring oscillations significantly higher than approximately 5 Hz. 

Even when PMUs operate at higher reporting rates, the filtering used in phasor estimation can 
attenuate inter-harmonic sideband components associated with higher-frequency oscillations. 
Because oscillations in the phasor domain originate from these sideband components in the 
waveform spectrum, attenuation of the sidebands leads directly to attenuation of the estimated 
oscillation magnitude. Analytical derivations, simulations, and hardware-in-the-loop experiments 
presented in this report demonstrate that oscillations in the sub-synchronous frequency range 
can experience substantial attenuation in PMU measurements.  

This attenuation has important implications for monitoring compliance with emerging utility-
proposed limits on oscillatory load behavior. When compliance assessments rely solely on PMU 
measurements, attenuated oscillation amplitudes may lead to an overly optimistic interpretation 
of system behavior. In such cases, a critical oscillation could be incorrectly assessed as benign, 
potentially delaying mitigation actions or obscuring the true dynamic impact of the load. These 
findings highlight the importance of understanding PMU measurement bandwidth and estimator 
characteristics when interpreting oscillatory behavior in phasor data. 

High-resolution POW measurements provide a complementary capability that is better suited for 
monitoring higher-frequency oscillations. Because POW measurements directly record the 
instantaneous voltage and current waveforms, they preserve the full spectral content of the 
signal and can accurately capture oscillatory behavior across a much broader frequency range. 
This makes POW-based monitoring particularly valuable for detecting oscillations in the sub-
synchronous frequency band that may not be faithfully represented in phasor measurements. 

However, widespread deployment of continuous POW monitoring presents practical challenges. 
High-speed waveform sampling generates extremely large volumes of data, which places 
significant demands on communication bandwidth, storage infrastructure, and real-time data 
processing capabilities. Multiple promising solutions and architectures are emerging to address 
these challenges. These include implementations where POW data is streamed to cloud for 
centralized analysis. Other solutions include combining local waveform analysis with selective 
communication summary metrics, alarms, or event data to centralized platform for wide-area 
situational awareness. These architectures provide a scalable pathway for incorporating POW 
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measurements into operational monitoring systems while effectively managing the 
communication and storage burdens associated with continuous waveform streaming. 

Overall, the findings of this report indicate that PMU-based monitoring will remain an essential 
component of wide-area measurement systems for observing low-frequency grid dynamics. At 
the same time, the limitations of phasor measurements in capturing higher-frequency 
oscillations highlight the need for complementary waveform-based monitoring capabilities when 
evaluating oscillatory behavior associated with large AI-driven data center loads. Continued 
development of hybrid monitoring architectures that integrate PMU and POW measurements 
will therefore play an important role in ensuring reliable and accurate monitoring of emerging 
large electric loads in modern power systems. 
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Appendix A – Attenuation of Off-Nominal Frequency 
Component 

This appendix describes how an off-nominal sideband frequency component in the waveform 
spectrum is attenuated during phasor estimation using the reference algorithm specified in the 
IEC/IEEE 60255-118-1 standard (IEC/IEEE 2018). 

Consider an inter-harmonic sideband component separated from the nominal fundamental 
frequency 𝑓0 by an offset Δ𝑓, as shown in (13).  

 𝑥(𝑡) = 𝑋0 ⋅ cos(2𝜋 (𝑓0 + Δ𝑓) 𝑡 + 𝜙 ) (13) 

Discretizing this with a sampling frequency 𝑓𝑠 yields  

 
𝑥[𝑛] =  𝑋0 ⋅ cos ( 

2𝜋 (𝑓0 + Δ 𝑓)

𝑓𝑠

 𝑛 + 𝜙 )

 
                     

=
𝑋0

2
 ( 𝑒𝑗 (Ω0+ΔΩ)𝑛+𝜙) +  𝑒−𝑗 (Ω0+ΔΩ)𝑛+𝜙) ) 

(14) 

where, Ω0 =
2𝜋𝑓0

𝑓𝑠
 and ΔΩ =

2𝜋Δ𝑓

𝑓𝑠
 .  

The phasor estimation of this component using the reference algorithm is expressed as,  

𝑋̃[𝑖] =   
√2

𝐺
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(15) 
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where,  

 

𝐺 =  ∑ 𝑊[𝑘]

𝑁/2

𝑘= −
𝑁
2

 

(16) 

is a normalization constant and 𝑊[𝑘] is the window corresponding to the estimation filter.  
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Define 

 

𝒲(𝑓) =  
1

𝐺
∑ 𝑊[𝑘]

𝑁/2

𝑘= −
𝑁
2

 𝑒
−𝑗 

2𝜋𝑓
𝑓𝑠

 𝑘
  

(17) 

as the discrete-time Fourier transform (DTFT) of the filter 𝑊[𝑘] normalized by the constant 𝐺. 
This quantity corresponds to the frequency response of the estimation filter. 
 
Following this, (15) can be expressed as 

 𝑋̃[𝑖] =  
𝑋0

√2
 𝑒𝑗𝜙  𝑒𝑗 ΔΩ𝑖 𝒲(Δ𝑓)  +   

𝑋0

√2
 𝑒−𝑗 ( (2Ω0+ΔΩ)𝑖+𝜙 ) 𝒲( Δ𝑓 + 2𝑓0). (18) 

 
From the magnitude response plots of the reference filters in Figure 8 and Figure 9, it is evident 
that   

 𝒲(Δ𝑓) ≫  𝒲( Δ𝑓 + 2𝑓0). (19) 

 
Therefore, the estimated phasor may be approximated as 

 
𝑋 ̃[𝑖] ≈  

𝑋0

√2
 𝑒𝑗𝜙 𝑒𝑗 ΔΩ𝑖 𝒲(Δ𝑓) , 

(20) 

 
where the magnitude of the estimated phasor is 

 |𝑋 ̃| =  
𝑋0

√2
 𝒲(Δ𝑓). (21) 

 
Observe that, for the signal model in (13), the true magnitude of the sinusoid is     

 
|𝑋𝑡𝑟𝑢𝑒| =

𝑋0

√2
 . 

(22) 

 
Phasor estimation thus attenuates the magnitude of the sinusoid by  

 |𝑋 ̃|

|𝑋𝑡𝑟𝑢𝑒|
=  𝒲(Δ𝑓). 

(23) 

 
Therefore, the filtering inherent in phasor estimation attenuates the magnitude of any off-
nominal frequency component at 𝑓0 + Δ𝑓 by a factor equal to the magnitude response of the 
filter evaluated at the offset frequency Δ𝑓.  
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