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▪ Develop computationally cheap surrogate dynamic load 
models for dynamic simulation and security assessment 
without sacrificing the accuracy requirement;

▪ Derive robust load model parameter sets that are able to 
capture a wide range of operating conditions;

▪ Quantifying the influences of parameter uncertainties on the 
simulation results as well as other time-domain simulation-
based applications, including transient stability analysis. 

Project Goals 
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Research Overview

• System level:
Different dynamic load models at 
different locations

• Bus level:
dynamic load models used at a 
specific bus, IM+ZIP, CMPLDWG, etc.

• Uncertainty sources:
Inaccurate dynamic load 
parameters, varying load 
compositions, etc.
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Research Overview

Fast and accurate dynamic load simulation for uncertainty 

quantification of dynamic security analysis (DSA)

• Machine Learning (ML) based 

surrogate model;

• Parameter identification and 

uncertainty quantification (UQ)

• Reduced order modeling 

(ROM);

• Sensitivity analysis (SA)

• Frequency variation estimation 

of load buses with IBRs

Bus Level System Level
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▪ Stochastic Power System Dynamic Security Assessment 
Considering Uncertainties from Dynamic Loads and PVs (Best 
Conference Paper Award)

▪ WECC Composite Load Model Parameter Identification Using 
Deep Learning Approach

▪ System-level Reduced Order Modeling of Dynamic Loads

Table of Contents
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• Power system stochastic dynamic model with uncertainty is expressed as

ቊ
ሶ𝒙 = 𝒇(𝒙, 𝒚, 𝒖, 𝝃)
𝟎 = 𝒈(𝒙, 𝒚, 𝝃)

𝒙: dynamic state vector; 𝒚: algebraic state vector; 𝒖: system input; 𝝃: 
uncertainty input vector that includes uncertain dynamic loads, and various 
types of IBRs.

Stochastic Dynamic Security Assessment-Problem 
Formulation

➢ Objective: develop computationally efficient approaches for stochastic 
dynamic security assessment with uncertainties. 

• The relationship between uncertainties and dynamic state vector

𝒙 𝑡 = ℳ(𝝃, 𝑡)

𝝃: loads and IBRs; 𝒙: generator and IBR dynamic states.
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Copula inference

MC simulation

Proposed Method

Statistics

• Key idea: develop the polynomial chaos expansion (PCE) based reduced 
order dynamic model with high computationally efficiency without loss of 
accuracy. PCE coefficients naturally allow us for uncertainty quantification 
of dynamic simulation results. 
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• A three-phase fault is applied at bus 
16 at 0.5s and is cleared after 10 
cycles by opening the line 16-24

• Uncertain resources: 3 dynamic 
loads, 3 dynamic PVs

• Response: generator rotor angles
• Error indicator: MAPE (Mean 

absolute percentage error)
• Comparison approaches:

• Latin hypercube sampling
• PCE
• CoPCE-PCE considering 

complicated correlations among 
loads and IBRs

IEEE 39-bus with 10 machines

Test Results
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Results-Nonlinear PV Correlations and Uncertain Loads
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Results-Coexistence of Stable and Unstable Cases



LLNL-PRES-xxxxxx

12

12

Transient stability index

𝛿𝑚𝑎𝑥: maximum rotor angle deviation

Transient Stable Transient Stable and Unstable 

𝑇𝑆𝐼 = 100 ×
360 − 𝛿𝑚𝑎𝑥

360 + 𝛿𝑚𝑎𝑥

Results-Stochastic Dynamic Security Assessment
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Proposed Method-Scalable to Large-Scale Systems

• Motivations: 
❖ PCE-based approaches have curse of dimensionality issues when the 

number of uncertain inputs is large, which is the case for large-scale 
systems.

❖ PCE-based approaches need to know the probability distribution functions 
of uncertain inputs, which may be challenging to obtain.

• Solutions: develop the physics-informed sparse Gaussian process-based 
approach with high while being scalable to large-scale system. 
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Proposed Method-Scalable to Large-Scale Systems

• Texas 2000-bus System: 
❖ 100 uncertain dynamic loads and 100 dynamic 

PVs are designed and placed on the 2000-bus 
system.

❖ 1000 samples are used for PCE and Gaussian 
process (GP). Two sets of parameters, 500 
samples with 200 inducing points and 400 
samples with 100 inducing points (SGP∗) are 
tested for sparse GP (SGP). 
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Results on Texas 2000-bus System

❖ SGP is able to speed up the calculation process while maintaining high accuracy.
❖ The improvement on accuracy of SGP method over other approaches is 

significant in terms of stochastic dynamic security assessment. 
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▪ As more DERs are integrated into distribution systems, loads’ 
dynamic behavior becomes more difficult to predict.

▪ WECC has developed the composite load model with 
distributed generation (CMPLDWG). The proposed model 
includes static load, different three-phase induction motors, 
single-phase A/C motors, electronic load, and DERs to 
accurately describe modern energy grids characteristics.

▪ Develop a conditional variational autoencoder (CVAE) method 
for parameter identification to overcome the challenges caused 
by the nonlinearity of the CMPLDWG model.

Deep Learning Approach for CMPLDWG Parameter 
Identification
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Proposed Deep Learning Approach

Offline Training
Online 

Parameter Identification

x - CMPLDWG model 
parameters 

y - load bus power and 
voltage phasor measurements
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Results

Event 1 Event 2

• Event 1: a three-phase fault occurred at bus 6 in the 39-bus system.
• Event 2: a three-phase fault at bus 14 in the 39-bus system.
• Compared with other data-hungry methods that require large sets of disturbances 

to calibrate, the proposed method only requires a set of reference dynamic 
responses.
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IEEE 2383-bus 327-generator system

• All 1826 loads are 

represented by 18% Z, 27% 

I, 45% P, 10% motor.

• All 1826 loads are 

represented by 2% Z, 

3% I, 5% P, 90% motor.
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▪ WECC 179-bus System

Load Model Reduction

Fig. 6. Observation states comparison of 
the WECC 179-bus system’s full model and 
DEIM ROM.

Fig. 7. Normalized error of the WECC 179-
bus system load states simulated using 
DEIM.

As shown in Fig. 6, only 7 states' nonlinear functions need to be evaluated to 
represent the dynamic after a 1-cycle 3-phase fault at bus 1. 
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Load Model Reduction

A total of 179 simulations with 1-cycle 3-phase bus faults applied to each bus in the 
system are performed. As shown in Fig. 8, only a small number of load buses have 
states that are frequently selected by DEIM across all contingencies.

Fig. 8. Number of contingencies for which 
each load is chosen as observation point in 
WECC 179-bus system. Fig. 9. Locations of load bus most frequently chosen 

as observation point in WECC 179-bus system.
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Summary 

Load Sculptor is a tool under development that helps yielding reliable dynamic load models 

for planning engineers and operators to make important real-time operational decisions for 

enhancing grid security and stability.

Some capability it currently has are:

• Helping utilities reduce the labor spent on maintaining the accuracy of large load model 

records;

• Helping the system planners and operators to have significantly enhanced visibility to 

potential risks caused by variable loads and renewable generations;

• Eliminating the numerical instabilities in the load bus frequency data and makes the data 

more realistic;

• Prototypical GUI that enables streamlined modification, experimentation, and result 

visualization
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• The penetration of inverter-based resources (IBRs), such as
DFIGs and solar farms, leads to the inertia reduction in the
system.

• Control of IBRs as well as dynamic load parameter changes
could lead to variations of bus frequency changes.

• Visibility of the bus frequency across the system plays an
important role of developing coordinated controls for
maintaining low-inertia system stability.

Bus Frequency Variation-Background
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Frequency Monitoring- Challenges

Simulation of a 3‐phase fault to ground near a generator

[R3] WECC White Paper on Understanding Frequency Calculation in Positive Sequence Stability Programs
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Distributed Frequency Divider Formula (FDF) with DFIGs

❑ The core idea is to use Thevenin equivalent to approximate the impedance 
distribution of another area in the power system, and to include the inertia 
emulation impacts of IBRs, i.e., DFIGs here. 
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[R5] B. Tan, J. B. Zhao, et. al, "Distributed Frequency Divider for Power System Bus Frequency Online Estimation Considering 
Virtual Inertia from DFIGs," IEEE Journal on Emerging and Selected Topics in Circuits and Systems, 2021.
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Numerical Results

The single-line diagram of the IEEE 39-
bus power system

• IEEE 39-bus system is divided into areas A1
and A2.

• The disturbances are all three-phase faults
that occur at 1 s and are cleared at 1.1s.

• The frequency estimation results from
DIgSILENT PowerFactory and the original
FDF are also utilized for comparisons.

• The inertia emulation of DFIG considered
in this paper is the droop control based on
frequency deviation and ROCOF.

➢ Simulation Setting
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Numerical Results——Distributed FDF without DFIGs
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Frequency estimation results for bus 19 by various methods Bus frequency estimation errors comparison

Distributed FDF significantly reduces the frequency estimation errors because the 
attenuation effect of frequency propagation in the network is included by using 
boundary true frequency 
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Numerical Results——Distributed FDF with DFIGs

To assess the impacts of the inertia emulation on the proposed method, 

three sets of inertial control parameters for DFIGs are considered: 

b

f b d

df
P R f R

dt
 = −  −

10fR = 10dR =

20fR = 20dR =

30fR = 30dR =

Equivalent impedance estimation results: (a) for area A1;(b) for DFIGs at bus 36.

(a) (b)

Control parameters of inertia 

emulation almost have no impact on 

the equivalent impedance
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Numerical Results—Distributed FDF with DFIGs

Frequency estimation results for bus

23.

10fR = 10dR = 20fR = 20dR = 30fR = 30dR =

• The stronger the frequency support of 

DFIGs is, the larger the estimation errors 

are caused by FDF. 

• Distributed FDF with DFIGs can further 

improve bus frequency estimation 

accuracy.


