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Abstract

This thesis demonstrates multiple methods for simplifying and understanding the
nonlinear power dynamics of grid-forming inverters (GFMs) and aggregating those dy-
namics into larger networks. First, a model of a GFM as a current-controlled voltage
source is examined. The nonlinear power dynamics are analytically linearized and the
behavior is compared to the original nonlinear model. Second, the power and frequency
outputs of a more complex GFM model are fed into system identification software in or-
der to fit them to a predetermined linear time-invariant (LTI) system and learn system
parameters such as inertia and droop. For comparison, the same system identification
techniques are then applied to the outputs of a simplified synchronous generator model.
Finally, a modified IEEE 14-bus network configuration including five GFMs and three
variable loads is simulated, and the resulting power and frequency dynamics are fit to
the same LTT system. The intent is threefold: first, to demonstrate the appropriateness
of LTI models in describing the power dynamics of individual GFMs and synchronous
generators, in order to facilitate analysis of larger networked systems; second, to dis-
cover the relationship between internal control parameters of GFMs and their externally
observed values; and third, to validate that grey-box data-driven system identification
techniques can be a valuable tool for discovering the values of important parameters in

the absence of explicit vendor models.
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Chapter 1

Introduction

The power grid is in the process of transitioning to a greater reliance on distributed
inverter-based resources (IBRs), such as solar photovoltaics and battery-based storage
systems. With this transition comes the need for accurate and scalable mathematical
models of how these resources behave, both in isolation and as part of a larger network
[1]. There are two principal categories of IBRs: grid-following (GFL) and grid-forming
(GFM) IBRs. GFLs synchronize to the external frequency provided by the grid, follow-
ing the lead of the resources to which they are connected. GFMs, on the other hand,
implement internal controls that set the frequency at their terminals, and therefore con-
tribute to maintaining the external frequency of the grid. Because of this ability, GFMs
are a key piece of replacing traditional spinning generators for stabilizing the grid under
both normal and abnormal conditions [2], [3]. However, GFMs are built by a wide array
of vendors and manufacturers, who are apprehensive to reveal the internal parameters -
such as inertia and droop - of their machines. Therefore, data-driven modeling that can
take the outputs of existing GFMs and use them to learn the parameters and behavior
of the internal systems is a valuable tool for researchers.

System identification, which we explore in this thesis, is an umbrella term for a suite
of mathematical techniques that attempt to discover the dynamics of an underlying
system based on the system’s observed response to a set of inputs. In particular, the
usefulness of grey-box modeling in understanding the observed behavior of power sys-
tems is gaining traction with researchers [4], [5], [6]. Grey-box modeling combines many

of the positive features of physics-based white-box modeling and data-driven black-box
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modeling. White-box models attempt to simulate the entire internal dynamics of a
well-understood system; black-box models, on the other hand, treat the system inter-
nals as entirely opaque and draw conclusions based solely on the outputs. Grey-box
modeling uses the outputs of the system, combined with some a priori knowledge of the
parameters and structure of the internals, to discover a set of dynamics that fits well
to the outputs [7]. This can be an excellent fit for IBRs, whose internal dynamics are
studied but whose vendor-specific parameters and externally observed behavior are not
always known. For the examples in this thesis, system identification can be thought of
as a form of curve-fitting of linear to nonlinear dynamics.

Substantial literature exists and continues to be developed on primary GFM con-
trols: how to design the internals of the system in order to achieve the desired power
and frequency performance at the terminals [8], [9], [10]. Additionally, optimization and
behavior of traditional secondary and tertiary control is well-studied both throughout
history [I1] and actively in the current day [12], [13]. However, as GFMs become more
prevalent, a greater understanding of secondary and tertiary control in systems with
high GFM penetration is needed, as well as the applicability of traditional results to
these systems. In order for this to be accomplished, it is necessary to develop math-
ematical models of GFMs that are both accurate and scalable, and can be combined
with models of traditional synchronous generators in a unified system. These models
must faithfully represent the behavior of individual GFMs, but be able to be aggregated
without an explosion of complexity in order to facilitate analytical results.

This thesis describes two main contributions. The first is a set of methods for sim-
ulating nonlinear and high-order GFM models and then comparing how closely their
behavior fits to simpler linear time-invariant (LTI) systems. In particular, we use mod-
ern system identification techniques in order to compare the systems where analytical
work is infeasible due to complexity. This is done in order to verify that the LTI model
in question are usable for larger-scale analysis, mitigating the explosion of complexity
discussed above. The second contribution is in using the same system identification
methods to determine important parameters, such as inertia and droop, of the nonlin-
ear and high-order models. This helps determine whether the external values can be
mapped directly to tunable parameters in the models, and thus discovered via inspec-

tion in the future.



The organization of this thesis is as follows:

e Chapter [2| presents the results from fitting the outputs of a controlled voltage
source model of a GFM with nonlinear power dynamics to a linearized version of
the same system. This is done in order to show the applicability of linear dynamics
to the modeling of IBRs, and to motivate the more complex examples in further

chapters.

e Chapter [3|simulates complex models of individual GFMs based on prior literature
[14] and compares the results to the simpler LTI model proposed in [I5]. This is
done using system identification techniques. In order to provide the necessary con-
text, an overview of the specifics of these techniques and the system identification

software used is presented.

e Chapter [4 extends the system identification process to a high-order synchronous
generator model in order to demonstrate the applicability of the LTI model to

heterogenous generating resources.

e Chapter [5] extends the results from chapter |3 to a networked group of high-order
GFMs. The LTI model is enhanced to include the results of secondary and tertiary
control, and the simulation results are fit to the updated dynamics using the same

system identification techniques as in chapter

e Chapter [6] draws conclusions and presents directions for future work.



Chapter 2

Power Dynamics of a
Current-Controlled Voltage

Source

This section considers a simplified equivalent-circuit model for an IBR as a current-
controlled voltage source with nonlinear power dynamics. The dynamics are linearized
about a steady-state operating point, and the power dynamics of the resulting LTI

system are compared to the original nonlinear model. This is intended to:

1. Demonstrate that linearized power dynamics for simplified IBR models can faith-

fully represent the original nonlinear dynamics.

2. Motivate the use of system identification techniques to find LTI parameters for
the more complex examples in the following chapters, where the nonlinear power

dynamics are highly difficult to analytically linearize.

2.1 Description of Equivalent Circuit Model

To illustrate the challenges in capturing the dynamics of power injections from con-
trolled sources and the potential of linear models in describing the same, we consider

the current-controlled voltage source (CCVS) connected to an infinite bus through an



inductive transmission line illustrated in Fig. This model is adopted from [16].
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Figure 2.1: Equivalent circuit diagram of the CCVS with nonlinear power dynamics.

The CCVS dynamics are governed by a proportional-integral (PI) controller that
modulates current injection to track a desired reference. The system is characterized by
two states: the current, i, and an internal control state, v. The dynamics of the system

are given by

w
Ld—z = k(i — i) + kiy — vg — iR, (2.1)
d
d—z = i* i, (2.2)

where 7* is the current setpoint; v, is the infinite-bus voltage; L and R are the inductance
and resistance of the line between the source and load; and &}, and k; are the proportional
and integral gains of the PI controller. In what follows, we consider * and vg to be the
two exogenous inputs to the system. By construction, the voltage at the terminals of
the CCVS, vy, is given by

v = kp (% — i) + Kiy. (2.3)

2.2 Nonlinear Power Dynamics

Utilizing the expression for v; from ([2.3]), we obtain the following expression for the
instantaneous power delivered by the CCVS

p=wvii = (kp(i* — 1) + kiv)i. (2.4)
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To extract the power dynamics for the CCVS above, we take the time-based derivative
of the instantaneous power injection p. This yields:

dp d d kpi*i — kpi® + kiyi

at @t T L

_kyitdi 2kyidi | kydi | kidy

L dt L dt L dt L dt
Substituting for dynamics of ¢ and v from and , leveraging the definition for p
from and p = i2R+ivg (based on power balance in the equivalent circuit Fig. ,

we arrive at

dp —ky,—R  —k%*+ kpvg + Lkii*
Dy e T i (2.5)
2kpkii* — kjvg kpki . (kiv)? 2
_ — k;
7 v T vy + 7 ¢
(kpi*)? _ kpi*vg
L L -

Notice that the above dynamics are nonlinear in states and inputs. This severely chal-

lenges analysis.

2.3 Linearization of Power Dynamics

Next, we linearize the dynamics above about a steady-state operating point in order
to compare the behavior of the resulting LTI model to the original nonlinear system.
Denote Ap = p —p, Ai =i —i, Ay = v —7, where p, i, and 7 are equilibrium values of

the power, current, and control state variables given by

[—

— — .72 — - L —
pP=10; =1 R+ 1*Ug, i=1% 7=

x>

Ty + i (2.6)
Above, i* and Tg are the values of the system inputs that correspond to the steady-state
values used for the linearization. Changes to the inputs around the values that define
steady-state operation are denoted Ai* = i* — i* and Avy = vy — Ug. Dynamics of Ap,
Ai, and A% can be expressed as:
Ap Ap
) Ad*
Ai| =A|Ai| +B ) (2.7)
Avg
A% Ay



—kp—R  —k2i+kpUg+Lkit* —kpkiy—2Lkii  2kpkii* —kiTg —kpkii+2k27 kpy -1
L L L L T
= (=kp—R) ki = kp
A= 0 L T » B=10 L
0 —1 0 0 1
(2.8)

where Jacobian matrices A, B can be obtained from the originating dynamics (2.1), (2.2)),
and (2.5). The full Jacobian expansion is given in (2.8]).

2.4 Simulation Validation

To compare the originating nonlinear power dynamics with the LTI approximation, we
simulate three separate cases for each system in order to understand how varying the
relationship of the control parameters ki and kj, affects behavior. The non-control pa-
rameters are kept constant. The cases are given in the table below. For mathematical
convenience, we pick i* = 7 = 1 as the operating point for linearization. All systems

begin at steady-state, and respond to an immediate step change of Ai* = 0.2, Avg = 0.2.

L (H,puw) R(Qpu) k Flpu) k (2 pu)

Case 1 1 0.1 1 1
Case 2 1 0.1 1 0.5
Case 3 1 0.1 1 2

Table 2.1: Parameter values for the different cases run for the nonlinear vs. linearized CCVS model.

Figure [2.2] shows the results of the two cases described above for both the nonlinear
system from section and the linearized model from section Since the original
dynamics for 4 and ~ are linear, the 7 and ~ outputs of the linearized system
can be seen to exactly track the values from the nonlinear system. The power dynamics
settle to within a steady-state error of 0.05 per-unit in all three cases, with the error in
the transient response affected by the control parameters: a lower ratio of proportional

gain to integral gain produces a larger transient error.
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Figure 2.2: Responses of the original nonlinear system vs. the linearized system for the CCVS model.

The results from this example help illustrate that linearization of power dynamics for
simplified IBR models is a fruitful avenue to pursue. This helps to motivate the system
identification techniques applied in the second half of this paper. The GFM models that
we will see in the following section are too complex to be analytically linearized, and
a combination of engineering judgement and software-based system identification must

be used in order to build a linearized model that we can fit to the original.



Chapter 3

Power Dynamics of Grid-Forming

Inverters

In this chapter, we attempt to uncover the output-power dynamics of grid-forming
IBRs with different primary control types using structured system identification as a
tool. The intent is to show that in cases where analytical linearization is infeasible
or an involved undertaking due to the complexity of the originating nonlinear models,
system identification of a structured linear representation can sufficiently well describe
output-power dynamics. While so doing, we compare the parameters of the learned
models (focusing on key parameters of inertia constants, damping constants, and droop
gains) to the values learned by system identification of the model outputs in order
to understand how closely the system identification process preserves the important

parameters of the original system.

3.1 Original High-Order GFM Models

For our originating nonlinear GFM models, we use the representation of the internals
of a GFM as described in [I4]. The GFM internals, broad architecture of which is
sketched in Fig. include a primary-control unit that regulates the frequency and
voltage amplitude of the IBR. Three different primary-control strategies are examined:
droop control, dispatchable virtual oscillator (dVOC) control, and virtual synchronous

machine (VSM) control. The remainder of the control architecture includes voltage
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Voltage a Current V™ | dg . = N
Controller (PI) Controller (PI) abc E N
e, w T lv
Droop / dVOC / VSM |« € dq Gt _
abc LCL Filter
lTO Grid

Figure 3.1: Internal architecture of the high-order GFM model. e and e* represent actual and setpoint values

for internally-measured voltage.

control, current control, an output LCL filter, and current limiting. For modeling
larger networks, the dynamics of the power output at the terminals of the GFM is
important in understanding how it will respond to changes in load. However, because
of the extra components connected to the control unit, the terminal power dynamics
are high-order and nonlinear, and describing their dynamics accurately based on the
whole internal system is often infeasible. This means that the linearization procedure
from Section can be highly difficult to pursue. Instead, we use system identification
techniques to learn an LTI system that closely approximates the dynamics of power
outputs of the full-order GFM model.

GFM models for the three different control strategies (droop, dVOC, and VSM)
were implemented in Simulink using components from the Specialized Power Systems
(SPS) Toolbox. The three models all use the internal architecture shown in Fig.
and are identical other than the specifics of the internal frequency control unit. The
outputs of the models are the power injections into the grid, as well as the frequency of
the voltage measured at the terminals of the GFM. All simulations are run in a balanced

three-phase environment.
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3.2 Reduced-Order Model for Power and Frequency Dy-

namics

We now introduce an LTI model intended to capture the power and frequency dynam-
ics of GFM inverters. The model is inspired by the swing equations of synchronous
generators and was postulated in [I5]. The aptness of this model to capture the power
dynamics of GFM inverters will be investigated in this effort. The dynamics of the LTI

model are

MAw = —-DAw+p —d, (3.1a)
P =p* —p+ RAw, (3.1b)

where Aw is the deviation in terminal frequency from nominal, p captures the output
power of the GFM IBR, M and D denote inertia and damping factors, d is the de-
mand that the resource is serving, 7 captures the power-adjustment time constant, R
is the (equivalent, in the case of dVOC) droop coefficient, and p* is the power reference
provided by a higher-level hierarchical controller (e.g., automatic generation control
(AGQ)). In order for the equations to be consistent, the units of the inertia factor M
are defined as s2 x rad !, and the units of both D and R are s xrad .

This set of equations is intended as a generalized version of the classical swing and
primary control equations that are well-studied as behavioral models for synchronous
generators. We choose these equations for our LTT model in order to move towards
their applicability to model power outputs of groups of heterogenous resources: if they
fit well to the outputs of individual GFM resources, then with an adjustment of param-
eters they should be usable for grids including both GFMs and classical synchronous
generators. That said, in this effort, we focus primarily on validating this model via

system identification against the originating higher-order GFM IBR models.

3.3 System Identification

The specific implementation of system identification that we use for this paper is the
System Identification Toolbox (SIT) within Matlab. The SIT has grey-box modeling

built in as one of the principal features, and allows the user to pick the structure of the
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Figure 3.2: Flow of the system identification process. Outputs from the nonlinear simulation are fed into the

SIT in order to learn parameters for the specified LTI system.

state-space matrices as well as the parameters that the toolbox will learn. By default,
the SIT tunes the parameters of the identified model using a regression fit between the
observed outputs and those of the LTI model, with a weighted sum-of-squares error as
the loss function [I7]. For our purposes, we were able to achieve the desired results
using the default settings of the SIT. In order to avoid an explosion of complexity in
the possible permutations of settings, we therefore left them as the defaults, and will
explicitly call out any changes to defaults when discussing the specific results.

The process we use in this paper for system identification using the SIT is as follows:

1. Simulate the original nonlinear system using Simulink, saving frequency and power

outputs for the GFM to the workspace.

2. Construct an idgrey object in Matlab that specifies the structure of the simplified
LTI state-space matrices as well as which parameters are fixed vs. learnable (see

[17] as well as the SIT online documentation for full details and examples).

3. Run the greyest Matlab function to fit the idgrey LTI model to the outputs of

the simulation. The SIT performs the regression fit described above to determine
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the values of system parameters that provide the closest match between the LTI

outputs and those of the original nonlinear system.

4. Simulate the learned LTI system and plot the outputs alongside those of the

original nonlinear system.

5. Compare the learned parameter values for the LTI system to corresponding pa-

rameters of the nonlinear models.

The comparison between the outputs of the original and learned systems for the given
inputs is accomplished via the compare function in Matlab, which performs a normalized
root mean square comparison [I7] and returns the quality of the fit as a percentage value,
with 100% as a perfect fit.

3.4 Simulation Validation

Two different cases were simulated for the high-order GFM models described in Sec-
tion In both cases, an individual GFM was connected to the three-phase load model
included in the SPS toolbox. The load was then programmed to vary by multiple step
changes, and the GFM’s frequency offset from nominal as well as power injection were
recorded. All internal parameters of the GFMs were kept constant.

The first case consists of a series of step changes in load up and back down, in a
ziggurat pattern. The second case consists of a step up, followed by a large step down
below the original load before returning to the baseline. The outputs of the higher-order
models were fit to the LTI system from Section with M, D, R, and 7 as learnable
parameters.

System identification results for the first case are shown in Fig. [3.3] and results for
the second case are shown in Fig. Aw is the difference between nominal frequency
(60 hz) and the frequency as measured at the GFM’s terminals, multiplied by a factor
of 27 to represent angular frequency. p is the output power of the GFM in per-unit.
The fit percentage is the normalized root mean square comparison as reported by the
SIT.

It can be readily seen from Fig. [3.3] and Fig. that for all three control types,

the LTI system provides a close approximation to the behavior of the original nonlinear
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Figure 3.3: Case 1 results of fitting the high-order simulation outputs to the LTI model.

Droop dvoC VSM

2.0

—— Original
-—- SysiD

Aw

Fit: 83.20% Fit: 83.75% Fit: 83.50%
-0.5

1.0 j— j—
/ / /
I / i
0

0.5

Fit: 81.78% Fit: 83.46% Fit: 83.80%

0 0.25 0.5 0.75 0 0.25 0.5 0.75 0 0.25 0.5 0.75
t(s) t(s) t(s)

-0.5

Figure 3.4: Case 2 results of fitting the high-order simulation outputs to the LTI model.

dynamics. In five of the six simulations, the frequency offset is a closer fit than the power
dynamics; in particular, the rise time in power is slower for the learned LTT system than
the original model. The overall result—that the LTI dynamics can be a close match
for the behavior of individual GFM resources—is an important building block in future
efforts to fit the model to larger, multi-resource, and heterogenous systems.

We next compare the parameters specified in the nonlinear simulations to the learned
parameters for the LTI system. The high-order droop control unit accepts a droop
parameter, and the VSM control unit accepts parameters for inertia, damping, and
droop. In the following table, we show how accurately these parameters correspond to
the values learned by the SIT for the M, D, and R LTI parameters. The values of the

parameters specified for the high-order simulations are listed as inertiag,, dampinggy,,
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and droopgim,. The My g notation represents the value of M learned by the SIT from
the outputs of the simulation of the VSM-based GFM.

Based on these results, the inertia parameter in the high-order VSM model appears
to be a close predictor of the M parameter when fitted to the LTI model. Additionally,
the droop parameter stays very close to the learned R value for both the VSM and droop
control units. Both of these are promising results: because the learned parameters of the
LTI system match closely to the corresponding parameters in the high-order models, it
is easier to tune these values in the high-order models with confidence as to the resulting
behavior. The learned D value for VSM control varies widely between the two cases
and does not closely match the damping input for the high-order VSM model; more

work is needed to determine if any appropriate mapping can be made.

Case 1 Case 2

inertiagim 0.0106 0.0106
Mysm 0.0151 0.0108

dampinggim 0.0050 0.0050

Dysum 0.0515 —0.0042
droopsm  —0.8000  —0.8000
Rdroop —0.7798  —0.7604
Rvsm —0.7737  —0.7926

Table 3.1: Specified versus learned parameter values for the high-order GFM system identification process.



Chapter 4

Power Dynamics of Simplified

Synchronous Generators

In this chapter, we extend the results for individual GFMs from chapter [3| by apply-
ing the same system identification process to the outputs of a nonlinear model of a
synchronous generator. The intent is to demonstrate that the LTI dynamics presented
in are applicable for classical synchronous generators in addition to GFMs. This is
an important step in using the LTI dynamics to model heterogenous groups of resources,

in order to faithfully describe modern power grids.

4.1 Description of Synchronous Generator Model

The synchronous generator model used for the simulation in this section is the three-
phase Simplified Synchronous Machine (SSM) Matlab model from the Simscape toolbox.

The model’s mechanical internals are partially described by
1 t
Aw(t) = / (T, — Te) — KgAw(t)dt,, (4.1a)
2H J,
w(t) = Aw(t) + wo, (4.1b)

where H is the constant of inertia, T, and T, are the mechanical and electrical torque,
and K is an internal damping factor. The model accepts a mechanical power reference

P and voltage setpoint e* as inputs, and modulates its internal controls to provide the

16



17
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Figure 4.1: Results of fitting the high-order synchronous generator outputs to the LTI model.

desired power. The outputs of the model are the electrical power provided as well as
the frequency at the terminals. Note that is not a full description of the internals
of the SSM block, since other factors such as internal controls and the effects of internal
resistance and inductance are not exposed.

In order to match the dynamics from (3.1)), we used Simulink to implement primary
control on top of the SSM model provided by Matlab. The primary control dynamics

implemented are
TgPm = p* — Pm + RgAw(t)v (4'2)

with R, defined as a tunable droop constant. We then hook the SSM, surrounded by
primary control, up to two different variable three-phase loads. For consistency, the
input variables for inertia, damping, and droop are kept consistent with the inertiagy,
dampinggim, and droopsim, values from section inertiagy, is adjusted appropriately
to be specified as ﬁ In addition, the loads closely resemble those in section Small
changes are made in order to ensure stability of the SSM reaction - notably, both loads
start at a non-zero value and vary by only 0.01 per-unit in each step rather than 0.5.
Additionally, the simulation time is doubled, in order to allow for transience caused by

the unmodeled and unexposed internal dynamics of the SSM.
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4.2 Simulation Validation

The results of the SIT process are shown in Fig. As can be seen, the LTI dynam-
ics that were previously shown to be a good match for high-order GFM outputs
are also well-fitted to the synchronous generator model. However, one interesting re-
sult comes when we look at the simulated vs. learned parameters, in table The
learned values are consistent across the two load cases; however, they differ from the
provided simulation values by orders of magnitude. This, along with the wide swings
in frequency seen in Fig. motivates one of the main extensions to this work that
will be discussed in the conclusion: simulating heterogenous networks of GFMs and
synchronous generators and applying system identification techniques to the outputs to

discover aggregate behavior and parameter values.

Case 1 Case 2

inertiagim 0.0106 0.0106
Myneh_gen 0.00003085  0.00004399

dampinggim 0.0050 0.0050
Dgynch_gen —0.00002742 —0.0000371

droopgim —0.8000 —0.8000
Rgynch_gen —0.002135  —0.002169

Table 4.1: Specified versus learned parameter values for the high-order synchronous generator system identifi-

cation.



Chapter 5

Power Dynamics of Networked

Grid-Forming Inverters

In this section, we build upon the results from chapter[3|by connecting a networked group
of GFMs and variable three-phase loads. We then apply the same system identification
techniques as in chapter(3], in order to fit the frequency and power outputs of the network

to a simplified set of LTI dynamics.

5.1 Description of LTI Dynamics

The LTI dynamics that we use in this section are an extended version of (3.1)), updated
to include secondary control of a single area via automatic generation control (AGC)
as well as tertiary control via inputs from economic dispatch. The full dynamics, which

were postulated in [I5], are

MA& =—-DAw+1"p —d, (5.1a)
p=p* —p+RAw, (5.1b)
i =—z+ fAw+1"p, (5.1c)
p =p™f +k(»—1"p) (5.1d)

where z represents the internal AGC state; 7, is a time constant that controls the

speed of AGC operation; 8 represents the secondary-control gain; k collects the AGC
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ref collects the optimal power

participation factors for each generating resource; and p
setpoints based on economic dispatch. Note that in comparison to , the power
and droop parameters are now vectors with one entry per resource. The frequency
parameters, on the other hand, remain scalars, since we examine a single area and make

the assumption that frequency within the area is consistent across resources.

5.2 Description of High-Order Simulation

We now describe the details of the simulation whose frequency and power outputs will
be fit to the LTI dynamics described in ([5.1). The simulation is based on the IEEE
14-bus network, and includes five generating units and three variable loads. The full

architecture can be seen in Fig. [5.1

12 T 13 -|—-14

4 L1 Lo 9

— ]
- o F

~n ~n

Figure 5.1: 14-bus network used for simulation of collective GFM behavior.

To ensure consistency, each individual GFM is simulated using the same high-order
model shown in Fig. In order to exercise all control strategies, the GFMs are
configured according to table

The model postulated in does not include line admittances. Therefore, in order
to minimize the effect of line parameters on the simulation, all admittances are set to be

purely inductive and increased by a factor of 100 from the original 14-bus parameters.



21
Values for inertiag,, dampings;,, and droops;, are all kept consistent with the values
in table 3.1
The simulation includes AGC implemented via a central controller that provides
the power setpoints p* to the individual generators. Because the intent of the system
identification process is to learn the M, D, and R parameters and to fit the GFM
behavior to the corresponding swing and primary control equations, the dynamics of
AGC itself are implemented to match and . The values for the tunable
parameters are given in table

‘TZ I} k

Simulation Value ‘ 1 -1 02=x1

Table 5.1: AGC parameters for the 14-bus network simulation.

The load is varied via a similar ziggurat pattern as in Case 1 of section [3.4] with
each step change taken by one of the three loads. Economic dispatch is run three times
at equal intervals during the simulation in order to provide the p*®f setpoints for AGC,

with quadratic cost functions for each resource. The formulation of economic dispatch

used is
N
min Zg:cg(pg) 5.t (5.2a)
1'p=d, (5.2b)
0<p, Vg, (5.2¢)

in which the total cost of generation is minimized subject to meeting demand and
keeping power generation non-negative for all resources. The cost functions, which
represent cost of generation and are specified per-resource, are shown in table [5.2 The
intent with these choices is to be different enough so that power will not be allocated
equally by economic dispatch, but close enough such that all generators will be allocated
load.
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‘ Control Strategy ‘ Cost Function Cy(py)

GFM 1 | avoc | 2P2 4+ P +4
GFM 2 | droop | 5P2 + Py +3
GFM 3 | VSM | AP2 + Py +3
GFM 4 | avoc | 8P2 4+ Py +2
GFM 5 | droop | 6P2 + Ps + 5

Table 5.2: GFM internal control strategies and economic dispatch cost functions for the 14-bus network simu-

lation.
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0 0.25 0.5 0.75 0 0.25 0.5 0.75
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Figure 5.2: Results of fitting the high-order multi-GFM simulation outputs to the LTI model.

5.3 Simulation Validation

The results of the single-area, multi-GFM simulation described above can be seen in Fig.
As with the previous simulations, Aw is the difference between nominal frequency
(60 hz) and the frequency as measured at the GFM’s terminals, multiplied by a factor of
27 to represent angular frequency. p; is the output power of GFM i € [1,5] in per-unit,
and the fit percentage is the normalized root mean square comparison as reported by
the SIT.

As in section the outputs of the high-order model are compared to the simu-
lated outputs of the learned LTI system, and the percentage fit as reported by the SIT

is shown. As seen in the graphs and fit percentages, the LTI power dynamics remain
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a strong fit for the higher-order dynamics as in chapter [3, even with the addition of
multiple generators, AGC, and economic dispatch. This lends confidence that LTI sim-
plification of power dynamics can be a scalable technique for modeling connected groups
of GFMs.

The frequency offset Aw does not match as closely as the power dynamics, especially
during the transience incurred by load and generation changes; the fit quality is only
44%. The steady-state error between the two models at the end of the simulation is
0.015 rad/sec. This does indicate that the differences in behavior of the two models
during transience may be mitigated by a small steady-state error once the dynamics
settle - more investigation and simulations under different steady-state conditions is
needed to verify this.

Table shows the provided simulation parameters, as well as the LTI parame-
ters learned by the SIT process. As in section the inertiag,, dampings,, and
droopsim are the values provided to the high-order GFM models, which make use of
them internally. M and D are the scalar values for M and D learned by the SIT for
equation , and R; is the learned value for resource ¢ in the LTI droop vector R.
As before, the learned inertia term M is a relatively close match for the provided iner-
tia, with a difference of 0.0031. The learned droop terms vary more from the provided
value of —0.8000 than in the single-GFM simulations, but they are still within 0.2, and
notably, the resources’ learned droop terms are all close to each other. This lends con-
fidence that overall droop behavior is consistent across resources, and external factors -
such as topology, the small but not zero line inductance, and internal resistances - may
deviate the learned value from the provided droopsim.

Consistently with the results of section [3.4] the learned damping factor does not
appear to correlate with the value provided to the simulation models. This in itself is
an interesting result, and may mean that the damping term is absorbing other dynam-
ics present in the nonlinear dynamics but not explicitly modeled in the LTT system.
More investigation is needed to determine what factors affect the final value of this LTI

parameter.



Results
inertiagim 0.0106
M 0.0075
dampinggiy, 0.0050
D 2.1270
droopsim —0.8000
R, —0.6356
Ry —0.6290
R3 —0.6397
Ry —0.6549
R —0.6440
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Table 5.3: Specified versus learned parameter values for the high-order multiple-GFM system identification.



Chapter 6

Conclusion and Discussion

In this thesis, we presented methods for simplifying the behavior of nonlinear GFM
models down to LTI systems. We compared the power dynamics yielded by both the
nonlinear and linearized versions in response to different load changes and with differ-
ent internal parameters. We then demonstrated that the LTI dynamics are well-fitted
to single synchronous generator models, using the same grey-box system identification
tools. Finally, we extended the simulation to a group of networked GFM resources
with different internal control schemes, in order to show the applicability of the system
identification method and learned LTI dynamics to the behavior of multiple resources.
The high quality of the fit achieved is intended as a stepping-stone for future work in
simulating more complex networks using similar LTI systems.

In addition, we demonstrated a close match between the inertia and droop param-
eters provided to the high-order models and the corresponding parameters of the LTI
system learned by system identification, in the case of a single GFM connected to a load.
We compared the provided and learned parameters as well for a group of networked
GFMs, showing that the match deviates more from the single resource simulations but
remains relatively close. We also showed that the individual learned droop values for
the different GFMs are highly consistent with each other.

The clearest path forward into future work is in applying the same system identi-
fication techniques using the SIT to networks that include synchronous generators in
addition to GFMs. This future work can start with copperplate networks and build

towards full models including transmission lines with nontrivial inductances. The work
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in this paper helps show that this can be a promising direction. Potential limitations,
which need further exploration, include: whether the learned parameters for different
configurations of resources will be consistent; whether adding GFLs into the system
causes learned parameters or fit to change; and whether specific cases in load patterns
or topology will cause the match between original and LTT dynamics to break down.
The hope is that the techniques described in this thesis will help future researchers
discover simplified LTI dynamics that can be used to model and analyze groups of syn-
chronous generators connected to both GFMs and GFLs. This is therefore a valuable
contribution, as simple, accurate, and usable mathematical models that can faithfully
represent groups of heterogenous resources are a key piece of understanding and building

a decarbonized power grid.
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Appendix A

Glossary and Acronyms

Al

Glossary

Automatic generation control (AGC) — A secondary control layer on the
power grid, responsible for returning the frequency within a single area to nominal

while matching power demand.

Economic dispatch — A tertiary control layer on the power grid, responsible for
finding the optimal power generation mix in order to minimize cost while meeting
load.

IEEE 14-bus network — A standard test case for power control algorithms;

approximates a portion of the American power grid as of February 1962.

Inverter-based resource (IBR) — A power source interfaced to the grid via a
DC-AC inverter.

Grid-following inverter (GFL) — An inverter-based resource that synchronizes

its frequency to that provided by the external grid.

Grid-forming inverter (GFM) — An inverter-based resource that is capable of

setting its frequency independent of the external grid.

System identification — A set of mathematical techniques for discovering the

internal dynamics of an existing system.
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e System identification toolbox (SIT) — The library built into Matlab for per-

forming system identification.

A.2 Acronyms

Table A.1: List of acronyms used in this paper

Acronym Meaning

AGC Automatic generation control
CCVS Current-controlled voltage source
dVOC Dispatchable virtual oscillator
IBR Inverter-based resource

GFL Grid-following inverter

GFM Grid-forming inverter

SIT System identification toolbox
SSM Simplified synchronous machine
VSM Virtual synchronous machine
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