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Abstract—Large Electric Loads (LELs) such as data centers,
cryptocurrency mining facilities, and hydrogen electrolyzers in-
troduce fast, workload-driven, and protection-dependent dynam-
ics that challenge traditional load modeling in modern power
systems. To enable consistent analysis across different LEL types
and provide a scalable foundation for incorporating emerging
large-load technologies into transient stability studies, we develop
a unified dynamic modeling framework that captures their
shared characteristics. These include duty-idle workload surges,
cooling and auxiliary demand, and UPS or dc-link based ride-
through behavior. To accurately represent the server component,
which dominates total LEL demand, we introduce a data-driven
workload model obtained by calibrating an Ornstein-Uhlenbeck
(OU) stochastic process to real CPU and GPU utilization traces
from the MIT Supercloud dataset. The OU-based model pre-
serves burstiness, autocorrelation, and mean-reverting behavior,
offering a substantial improvement over traditional Poisson-
based workload representations, and can be re-parameterized by
system operators for site-specific tuning. The unified LEL model
is integrated into the ANDES simulation platform and evalu-
ated through extensive studies. The simulations reveal system-
level phenomena, including persistent ride-through disturbances,
prolonged recovery in larger grids, and characteristic voltage-
frequency interactions. These results provide a more realistic
basis for assessing the stability implications of emerging large-
load deployments.

Index Terms—Large electric loads, data centers, dynamic load
modeling, transient stability

I. INTRODUCTION

The rapid growth of Large Electric Loads (LELs), including
data centers, cryptocurrency mining facilities, and hydrogen
electrolyzers [1], [2], has introduced new modeling and oper-
ational challenges in modern power systems [1]–[4]. Unlike
traditional large loads (e.g., industrial induction-motor loads)
that vary smoothly, LELs can change their power demand by
tens of MW within milliseconds and often operate at capac-
ities exceeding 75 MW [1], [2]. Their power consumption
is strongly workload-driven, as CPU/GPU clusters respond
almost instantaneously to computation job arrivals and task
scheduling events. LELs also employ proactive protection
mechanisms, such as uninterrupted power supply (UPS) sys-
tems, dc-link energy storage, and fast ride-through controls,
which significantly shape their interactions with the grid dur-
ing voltage sags, frequency dips, and other disturbances [5]–
[7]. Recent analyses from ERCOT and other utilities show
that these protection mechanisms can lead to large, abrupt
load losses during grid disturbances, and can further induce
reactive power swings, delayed recovery, and even oscillatory
behavior [8]–[11]. As LELs continue to expand and cluster
geographically, they pose stability concerns that cannot be
adequately addressed using traditional load models [7], [12].

Traditional load models, including ZIP, induction-motor,
and static exponential formulations, assume slowly varying ag-
gregate behavior and do not capture the fast, workload-driven,
and protection-dependent dynamics exhibited by LELs. Recent
advances have improved data center models by integrating
CPU/GPU load surges with cooling demand, auxiliary con-
sumption, and UPS-based ride-through mechanisms [5], [7],
and complementary studies have examined their system-level
impacts, including forced oscillations, reactive-power sensi-
tivity, and degraded low-frequency stability margins [8]–[11].
However, most existing work focuses solely on data centers,
even though NERC and ERCOT report that cryptocurrency
mining facilities and hydrogen electrolyzers exhibit similar
duty-idle workload patterns and employ comparable protec-
tion mechanisms, including UPS or dc-link buffering [1],
[2]. These reports also highlight that cryptocurrency mining
currently accounts for the largest share of LEL demand (see
Fig. 1). Moreover, existing modeling studies typically rely on
manually constructed workload patterns rather than aligning
them with real CPU/GPU utilization data.

To address these gaps, this paper first develops a unified
dynamic load modeling that captures three major categories
of LELs (data centers, cryptocurrency mining facilities, and
hydrogen electrolyzers [1], [2]) using a common set of electro-
dynamic components and protection behaviors. The framework
captures their shared structural elements, including duty-idle
workload surges, cooling and auxiliary demand, and UPS or
dc-link based ride-through mechanisms, while allowing type-
specific customization through parameter differentiation. This
unified framework enables consistent analysis across LEL
types and provides a scalable foundation for incorporating
emerging LEL technologies into transient stability studies.

A key contribution of this work is the introduction of a
data-driven workload model for the server component, which
is the dominant portion of LEL demand and typically accounts
for 60-80% percent of total power consumption. To accurately
represent the fast and bursty CPU/GPU utilization surges that
drive server power draw, we calibrate an Ornstein-Uhlenbeck
(OU) stochastic process [13], [14] to real utilization traces
obtained from the MIT Supercloud dataset [15]. Compared
with traditional Poisson-based workload models [5] that as-
sume independent increments and limited temporal correlation,
the OU process captures mean-reversion, autocorrelation, and
continuous-valued fluctuations that closely match the temporal
structure of practical computational workloads. The calibration
is achieved by mapping the empirical mean, variance, and
autocorrelation statistics of the Supercloud traces directly
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to the OU drift, diffusion, and mean reversion parameters.
Importantly, the same procedure allows system operators to
re-estimate these parameters using their own server data,
including data subject to privacy constraints, enabling site-
specific customization of the workload model.

To evaluate the proposed LEL modeling framework, we
integrate all components into the ANDES dynamic simulation
platform [16] and conduct extensive time-domain studies on
representative transmission networks. The simulations reveal
several system-level phenomena that are not captured by
traditional load models, including persistent ride-through dis-
turbance effects, prolonged recovery times in larger grids,
and characteristic voltage-frequency interactions driven by
workload variability and protection behavior. These obser-
vations demonstrate that the proposed modeling approach
provides a more realistic foundation for assessing the stability
implications of emerging LEL deployments. The remainder
of the paper is organized as follows. Section II presents
the unified dynamic modeling framework for the three LEL
types. Section III evaluates the proposed models through
time-domain simulations in the ANDES platform. Section IV
concludes the paper.

II. UNIFIED DYNAMIC MODELING OF LELS

This section develops a unified, data-guided dynamic rep-
resentation of Large Electric Loads (LELs), including data
centers (DC), cryptocurrency mining (CM) facilities, and
hydrogen electrolyzers (HE). The goal is to construct load
models that accurately capture both their steady-state charac-
teristics and their dynamic responses to voltage and frequency
disturbances. Although these LEL types differ in purpose
and internal processes, they exhibit three common behavioral
patterns that motivate a unified modeling approach (see Fig. 1).
First, all three categories contain a core load (mining rigs for
CM, IT servers for DC, and the electrolyzer load for HE) that
follows a duty-idle or process-driven workload structure in
which power demand can change rapidly due to computation
jobs, scheduling events, or process ramps (Section II-A).
Second, each includes supporting subsystems such as cool-
ing, pumps, or auxiliary electronics that monitor, stabilize,
and supply the core load (Section II-B). Third, all LELs
interface with the grid through local energy storage or fast
protection mechanisms that shield the core load from voltage
and frequency disturbances (Section II-C). These mechanisms
include power supply unit (PSU)-based electronic protection
in CM, UPS-based ride-through in DC, and converter and dc-
link control in HE. These shared characteristics provide the
foundation for a unified dynamic modeling framework.

Fig. 1. 2024 and 2030 LEL load ratios reported from ERCOT [1], [2].

A. Duty-Idle Workload Modeling

The workload dynamics of LELs exhibit alternating periods
of high activity and partial idling, driven by computation job
arrivals in DC and CM facilities or process ramps in HE sys-
tems. These fluctuations occur on fast timescales and account
for the majority of variability in instantaneous power draw,
making workload-driven behavior a dominant contributor to
LEL electrodynamics. To explicitly represent this structure, we
model the core load using a duty-idle formulation that maps
workload intensity to active power consumption using

pwork(t) = pbase + η(t)
(
pfull − pbase

)
, η(t) ∈ [0, 1], (1)

where pbase is the idle/standby draw, pfull the rated draw at full
duty, and η(t) represents the instantaneous utilization level. In
DC and CM facilities, η(t) reflects CPU/GPU or ASIC duty
cycles, while in HE systems it captures process-driven ramping
of the electrolyzer load. Analysis of the MIT Supercloud
dataset [15] further shows that server power consumption is
strongly correlated with CPU and GPU utilization, providing
empirical support for the duty-idle formulation in Eq. (1).

To represent the temporally correlated and statistically
bounded nature of workload fluctuations, we model η(t) as
an Ornstein-Uhlenbeck (OU) process, a formulation widely
used for load variability in power-system dynamics [13], [14].
Prior workload models often rely on purely deterministic or
Poisson-driven duty-cycle patterns [5] , which generate abrupt
and memoryless fluctuations that can be overly stochastic and
difficult to tune for realistic variability. Moreover, Poisson-
based formulations provide no direct mechanism for aligning
the workload trajectory with empirical server logs. In contrast,
the OU process incorporates mean reversion, temporal au-
tocorrelation, and continuous-valued perturbations [13], [14],
enabling both smoother trajectories for differential-algebraic
simulation and a principled approach for parameter calibration
using real workload traces. The OU process is

τη η̇ = −(η − µη) + ξ(t) +
∑
k

Ak δ(t− tk), (2)

where µη ∈ [0, 1] is the nominal utilization level, τη > 0
determines the rate at which τη reverts toward µη . ξ(t) is a
zero-mean stochastic perturbation capturing small continuous
fluctuations in workload intensity. The event times {tk} follow
a Poisson process with rate λ, and each Dirac impulse δ(t−
tk) introduces an instantaneous workload burst of magnitude
Ak/τη , after which η(t) is clipped to [0, 1].

When real workload utilization η(t) is available—such
as the CPU/GPU traces provided by the MIT Supercloud
dataset [15]—the OU model enables calibration of its pa-
rameters for site-specific customization. To implement this
calibration, we work with a discrete-time approximation of
the OU process. Let ∆t denote the sampling interval and
define θ = 1/τη . The continuous-time dynamics in Eq. (2)
are then equivalent to the first-order autoregressive model
ηk+1 = a ηk + b+ εk, where a = e−θ∆t, b = µη(1− a), εk ∼
N (0, σ2

d). Given a utilization time series {ηk} extracted from
server logs (for example, CPU/GPU utilizations from the MIT
Supercloud dataset [15]), we fit this AR(1) model by linear
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regression of ηk+1 on ηk and obtain estimates â, b̂, and residual
variance σ̂2

d. The OU parameters are then recovered via

θ̂ = − 1
∆t ln â, µ̂η = b̂

1−â , σ̂ξ =

√
2θ̂ σ̂2

d

1−â2 , which determine the
mean-reversion rate, nominal utilization, and noise intensity
in Eq. (2). This AR(1)-based calibration procedure provides a
simple data-driven adapter that maps empirical utilization logs
to OU parameters, enabling the workload model to be tuned
to specific LEL facilities. When no empirical workload trace
η(t) is available, we provide representative OU parameters for
the three LEL categories, as summarized in Table I.

TABLE I
OU PARAMETERS ADAPTED FOR DIFFERENT LEL TYPES.

Para. DC CM HE

µη(t) Daily variation Near const. Renewable/market signal
τη 10–60 s 200–600 s 60–300 s
ξ(t) Moderate noise Very low noise Moderate noise
Ak ∼ LogN Small Ak < 0 ∼ Unif
λ 0.5–3/min 0.2–2/hr 1–6/hr

B. Cooling and auxiliary systems

To support safe operating temperatures for core load com-
ponents, cooling units are essential across all LEL types.
These systems are predominantly motor-driven (e.g., chillers,
compressors, pumps) [5] and are modeled as aggregated induc-
tion motors following the WECC CMPLDW templates [17].
Motor variables are expressed in the standard synchronous dq-
frame, where vds, vqs and ids, iqs denote the stator voltages
and currents. The cooling active power is

pcool(t) = vds(t) ids(t) + vqs(t) iqs(t), (3)
Under voltage sags, the motors exhibit increased reactive
power demand and may stall when |V | < Vstall for τstall or
when slip exceeds its protection threshold; stalled units are
then disconnected or replaced by a high-impedance block until
voltage recovers. All parameters and protection settings follow
the WECC CMPLDW documentation [17], with initialization
at steady-state slip and bus voltage.

In addition to cooling systems, auxiliary loads such as
lighting, control units, security systems, and small electronic
devices are modeled as static ZIP [18] components:

paux(V ) = paux,0(αZ(
V
V0
)2 + αI(

V
V0
) + αP ), (4)

where paux,0 denotes the nominal auxiliary active power
at the reference voltage V0. The coefficients αZ , αI , and
αP represent the fractional contributions of the constant-
impedance, constant-current, and constant-power components,
respectively, satisfying αZ +αI +αP = 1. The total LEL de-
mand combines workload, cooling, and auxiliary components:

pload = βwork pwork + βcool pcool + βaux paux, (5)

where fractions βwork, βcool, and βaux differ across DC, CM,
and HE facilities.
C. Local Protection Mechanisms

All LELs interface with the grid through fast local pro-
tection or embedded energy-storage mechanisms designed
to shield sensitive electronics from voltage and frequency
disturbances and to manage controlled reconnection. Despite

technology-specific implementations, these mechanisms share
the goals of reducing electrical stress, preventing uncontrolled
shutdowns, and coordinating post-disturbance recovery.

Data centers employ UPS systems [1], [4] that instanta-
neously transfer IT loads to battery or flywheel reserves when
voltage or frequency exceed tolerance bands, effectively drop-
ping grid-side demand to near zero. Cryptocurrency mining
facilities—which typically operate without dedicated energy
storage—use PSU-level electronic protection and feeder re-
lays; voltage sags trigger rapid throttling or sectional trip-
ping of mining rigs, producing abrupt real-power reductions.
Hydrogen electrolyzers rely on converter-integrated and PLC-
supervised protections: disturbances activate current limiting
and dc-link buffering, and if deviations persist, a contactor
disconnects the stack, followed by a controlled ramp-up once
nominal conditions are restored.

Despite these technological differences, the protective re-
sponse follows a consistent hierarchical pattern that can be
represented by a unified hybrid load model. When voltage V
or frequency ω violates the ride-through envelope, the load
reduces or suspends its grid-side consumption according to
p̃load = κ pload, if |V − Vref | > ∆V or |ω−ωref | > ∆ω, (6)

where κ ∈ [0, 1] is the retained load fraction, and
(Vref , ωref ,∆V,∆ω) define the protection thresholds. The
specific parameters differ by technology: data centers exhibit
κ≈ 0 due to complete UPS isolation, mining farms typically
retain κ∈ [0.3, 0.7] under throttling or partial feeder trips, and
electrolyzers adjust κ continuously through converter current
limiting before full disconnection.

III. NUMERICAL RESULTS

This section describes the dynamic simulation setup used
to assess the proposed LEL models and their impacts on
grid stability. All simulations are performed in the open-
source ANDES platform [16], which supports user-defined
differential-algebraic load models and time-domain transient
stability analysis with configurable disturbance events. The
unified LEL representations from Section II are embedded into
standard benchmark systems, including the IEEE 14-bus, 39-
bus, NPCC 140-bus, and WECC 179-bus grids, and subjected
to controlled voltage and frequency perturbations to examine
their dynamic responses.

Implementation details. Simulations are conducted in
Python 3.12 using ANDES version 1.9.3. The time-step is
fixed at ∆t = 2 ms and total simulation horizon is Tsim = 40 s.
For each test system, a subset of buses in each system are
randomly assigned as LEL sites. The fraction of LEL buses is
denoted as ξLEL. Each selected bus is randomly assigned one of
the three LEL types (DC, CM, or HE). Unless otherwise spec-
ified, we set ξLEL = 20%; Section III-C examines sensitivity
to this parameter. To evaluate system resilience, a three-phase
short-circuit fault is applied to a selected transmission bus at
time t = 5.0 s and cleared after 100 ms. This disturbance
produces voltage depressions and transient oscillations across
the network, enabling assessment of LEL dynamic behavior
and ride-through performance.
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A. Data-Driven OU Workload Modeling vs. Poisson Baseline

We first validate the proposed OU-based duty-idle work-
load model against real CPU/GPU utilization traces from the
MIT Supercloud dataset [15]. Fig. 2 compares four workload
trajectories: (i) the real MIT Supercloud power draw, (ii) a
Poisson-based arrival model following [5], (iii) an OU process
using the default (uncalibrated) parameters in Table I, and
(iv) an OU process with parameters calibrated from the MIT
traces. The MIT data exhibit pronounced duty-idle behavior
in which the power draw remains near a baseline for extended
periods and undergoes short, workload-driven surges. The
Poisson-based model captures the occurrence of surges but
produces overly stochastic and memoryless fluctuations. In
contrast, the calibrated OU model reproduces the empirical
workload amplitude, the duration of duty-idle intervals, and
the observed temporal smoothness, while the uncalibrated OU
model follows the same qualitative structure but deviates in
variance and correlation time. These results confirm that the
OU formulation can be effectively calibrated to real workload
traces, enabling data-driven customization and improved ac-
curacy in LEL dynamic simulations.

Power surges

Idle Idle

during duty

Fig. 2. MIT Supercloud workload traces versus simulated workload models.

B. System-Level Impact of LEL Ride-Through

This subsection investigates how LEL protection actions
(e.g., UPS-driven trip) and reconnection behavior shape post-
fault recovery under different operating conditions, LEL sizes,
and system scales. We consider a single LEL site in the
network and fix its reconnection attempt at t = 20s to isolate
the impact of its protection logic on system dynamics.

We first compare the IEEE 39-bus system with and without
an LEL at Bus 4. In the baseline case (no LEL), voltages
and frequency recover smoothly after fault. With a 75 MW
LEL, however, the post-fault voltage at Bus 4 drops below
the 0.7 p.u. ride-through threshold, triggering a UPS-driven
disconnection. The sudden loss of active and reactive demand
causes frequency overshoot and local voltage swell, producing
oscillations that exceed operational limits for several seconds.
This illustrates how LEL protective actions, while locally
beneficial, can induce secondary systemwide disturbances.

To study how LEL size influences these effects, we increase
the Bus-4 LEL from 75 MW to 225 MW and adopt a stricter
voltage ride-through threshold (0.9 p.u.). As shown in Fig. 4, at
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reconnect time

Fig. 3. Post-fault frequency and voltage trajectories in IEEE 39-bus system.

75 MW the reconnection produces only a modest voltage dip,
allowing successful resynchronization. At 225 MW, however,
the reconnection introduces a much larger step change in
power draw, producing an immediate voltage depression that
again violates the protection threshold and triggers an instan-
taneous retrip. These results show that larger LELs, especially
when paired with sensitive ride-through settings, can turn an
benign reconnection into a destabilizing event.

<latexit sha1_base64="CWgqCPaigvxQAjr4JFxoJQQ1lrY=">AAAB+nicbVDLSgNBEJz1GeNro0cvg0HwFHZFosegF48RzAOSJcxOepMhsw9metWw5lO8eFDEq1/izb9xkuxBEwsaiqpuurv8RAqNjvNtrayurW9sFraK2zu7e/t26aCp41RxaPBYxqrtMw1SRNBAgRLaiQIW+hJa/uh66rfuQWkRR3c4TsAL2SASgeAMjdSzS12ER8wClkqkKEKY9OyyU3FmoMvEzUmZ5Kj37K9uP+ZpCBFyybTuuE6CXsYUCi5hUuymGhLGR2wAHUMjFoL2stnpE3pilD4NYmUqQjpTf09kLNR6HPqmM2Q41IveVPzP66QYXHqZiJIUIeLzRUEqKcZ0mgPtCwUc5dgQxpUwt1I+ZIpxNGkVTQju4svLpHlWcauV6u15uXaVx1EgR+SYnBKXXJAauSF10iCcPJBn8krerCfrxXq3PuatK1Y+c0j+wPr8AdZnlGQ=</latexit>

fault time
<latexit sha1_base64="b/3G5ZJauUx5efPh3oYV69iGgH0=">AAAB/nicbVDLSgNBEJyNrxhfq+LJy2AQPIVdkegx6MVjBPOAJITZSW8yZHZ2mekVwxLwV7x4UMSr3+HNv3HyOGhiQUNR1U13V5BIYdDzvp3cyura+kZ+s7C1vbO75+4f1E2cag41HstYNwNmQAoFNRQooZloYFEgoREMbyZ+4wG0EbG6x1ECnYj1lQgFZ2ilrnvURnjETAOPlQKOFEUE465b9EreFHSZ+HNSJHNUu+5XuxfzNAKFXDJjWr6XYCdjGgWXMC60UwMJ40PWh5alikVgOtn0/DE9tUqPhrG2pZBO1d8TGYuMGUWB7YwYDsyiNxH/81ophledTKgkRVB8tihMJcWYTrKgPWH/RjmyhHEt7K2UD5hmHG1iBRuCv/jyMqmfl/xyqXx3Uaxcz+PIk2NyQs6ITy5JhdySKqkRTjLyTF7Jm/PkvDjvzsesNefMZw7JHzifPwiLljE=</latexit>

reconnect time

<latexit sha1_base64="VM6XmygGEbvpSj2lEV5dzNaXkCg=">AAACH3icbZBNSwMxEIazftb6VfXoJVgET2VXpHos6sFjFVuFtpRsOm1js8mSzIpl6T/x4l/x4kER8ea/Mf041NYXAi/PzDCZN4ylsOj7P97C4tLyympmLbu+sbm1ndvZrVqdGA4VrqU29yGzIIWCCgqUcB8bYFEo4S7sXQzrd49grNDqFvsxNCLWUaItOEOHmrliHeEJ0xt40EINaB01HZOqlsg6QC9FPI1vAI0jzVzeL/gj0XkTTEyeTFRu5r7rLc2TCBRyyaytBX6MjZQZFFzCIFtPLMSM99zKmrOKRWAb6ei+AT10pEXb2rinkI7o9ETKImv7Ueg6I4ZdO1sbwv9qtQTbZ41UqDhBUHy8qJ1I6s4dhkVbwgBH2XeGcSPcXynvMsM4ukizLoRg9uR5Uz0uBMVC8fokXzqfxJEh++SAHJGAnJISuSJlUiGcPJNX8k4+vBfvzfv0vsatC95kZo/8kffzC7ZopAc=</latexit>

Rejoin → Voltage Dip → Retrip

Fig. 4. Comparison of a 225 MW LEL to a 75 MW LEL.

To understand how these behaviors scale with system size,
we simulate identical LEL trip-reconnect events across four
networks. Results in Fig. 5 show that recovery times grow no-
ticeably with system scale. In the NPCC 140-bus and WECC
179-bus systems, the LEL-induced trip and reconnection excite
multiple local and inter-area modes in the 0.1-1 Hz range,
many of which exhibit slow damping. As a result, the system
experiences prolonged voltage and frequency oscillations long
after the fault has cleared. This behavior highlights that LEL
protective actions have a more persistent and diffuse footprint
in large, interconnected grids.
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Fig. 5. Comparison of post-fault recovery across systems.

979-8-3315-8138-1



C. Effect of LEL Ratios on Grid Stability
As LELs grow in size and geographic concentration, their

penetration level can significantly influence system stability.
This subsection examines how increasing LEL ratios affect
the severity and propagation of disturbance-driven events.

To quantify the extent of LEL-driven propagation, we em-
ploy two complementary indices. The first is the disconnection
propagation index (DPI), which measures how much addi-
tional LEL load is lost after an initial failure. Let i be the initial
LEL disconnected at time t0 ≈ 5 (due to injected fault), and let
the reconnection delay be tr = 5s. Let T denote the set of all
LELs that subsequently disconnect within the time window
[t0, t0 + 120s]. The DPI is defined as DPI =

∑
k∈T \{i} Pk

Pi
,

where Pk is the pre-trip active power of LEL k. Larger
DPI values indicate stronger cascading behavior and higher
susceptibility of the system to LEL-to-LEL propagation. To
assess the grid-level severity of the disturbance, we use the
frequency violation index (FVI), which measures the magni-
tude and duration of frequency deviations beyond the nominal
value. The FVI is defined as FVI =

∑t0+120
t=t0

|ω(t)− ωnorm|
where ω(t) is the system frequency and ωnorm = 60Hz is its
nominal value. A larger FVI corresponds to longer and deeper
frequency violations, indicating greater stress imposed on the
grid during the disturbance.

Fig. 6 compares the proposed LEL model with a baseline
version in which the OU-based duty-idle dynamics are re-
placed by a Poisson-driven utilization pattern. Across a range
of LEL penetration levels, the OU-based model produces a
clearer and more monotonic trend: as LEL share increases,
both DPI and FVI consistently rise, indicating greater vulner-
ability to secondary LEL trips and longer post-disturbance fre-
quency violations. In contrast, the Poisson-based model often
obscures this relationship because its memoryless and overly
abrupt fluctuations mask the underlying coupling between
workload surges and grid dynamics. This analysis highlights
that higher LEL penetration can significantly amplify distur-
bance propagation and recovery burdens, and that accurate
workload modeling is essential for anticipating these risks and
for planning mitigation or protection strategies.

Fig. 6. Comparison of DPI and FVI under increasing LEL penetration for
the proposed OU-based workload model and a Poisson-based baseline.

IV. CONCLUSION

This paper presented a unified dynamic modeling frame-
work for Large Electric Loads (LELs), including data centers,
cryptocurrency mining facilities, and hydrogen electrolyz-
ers. A data-driven workload model was developed using an
Ornstein-Uhlenbeck (OU) process calibrated to real CPU/GPU

utilization traces, capturing the burstiness and autocorrela-
tion of practical computational demand. Integrated into the
ANDES simulation platform, the unified model reproduced
key system-level behaviors such as disturbance-induced LEL
trips, reconnect-retrip cycles, and prolonged recovery in larger
networks. The results demonstrate that realistic workload
dynamics and protection behavior are essential for accurately
assessing the stability implications of growing LEL penetration
and for guiding future protection and reconnection strategies.
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