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Transfer Learning Framework for Impedance
Characterization of Modular Multilevel Converters

Rahul Rane , Azadeh Kermansaravi , Pedro P. Vergara , Senior Member, IEEE,
and Aleksandra Lekić , Senior Member, IEEE

Abstract—The widespread use of modular multilevel converters
(MMCs) in the evolution of complex power grids presents new chal-
lenges for grid stability. MMCs have highly nonlinear impedance
characteristics due to their complex internal dynamics and intricate
control architectures. Due to practical constraints, physics-based
models cannot accurately compute these impedances, and the use of
closed-box measurement techniques is time-consuming, resulting in
a limited amount of data available for impedance characterization.
Thus, using current methods to estimate impedances over a wide
range of operating points can be unreliable. This paper presents a
transfer learning-based framework for MMC impedance charac-
terization using system-level parameters as operating point vari-
ables. The proposed approach predicts both AC and DC side
impedances simultaneously by extrapolating impedances derived
using state-space modeling approaches to real-time electromag-
netic transient (EMT) simulations. Finally, the method is evaluated
on a practical converter from the CIGRE B4 DC grid test system
for various types of controllers and scenarios involving unknown
parameters.

Index Terms—HVDC, impedance model, machine learning,
MMC, real-time simulation.

I. INTRODUCTION

POWER electronic-based voltage source converters, notably
modular multilevel converters (MMCs), have become in-

creasingly significant in the power grid. This trend is driven by
the growing interest in developing interconnected systems and
the rise of renewable energy resources [1]. As the proportion
of voltage source converters in the power grid increases, ensur-
ing the stability and desired performance of the power system
across a wide range of operating points is critical. However, the
interaction between the converter’s internal dynamics, control
loops, and the rest of the grid can lead to stability issues on both
the AC and DC sides [2], [3].

Impedance-based stability analysis is a prominent method
for effectively identifying the interactions between the
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converter and the rest of the grid. The changing operat-
ing conditions of the converter result in varying impedance
responses, requiring accurate modeling to conduct stability
analysis [4], [5]. Moreover, the impedance characteristics of
converters vary significantly depending on the controllers in
use, such as phase-locked loop (PLL), active and reactive
power control, and DC voltage control. Accurately estimating
impedance characteristics under uncertain scenarios by con-
sidering multiple operating points and control types is crucial
for analyzing system stability at the point of common cou-
pling (PCC) using the generalized Nyquist stability criterion
(GNC) [6].

Small-signal models derived from physics, mathematical for-
mulations, and circuit analysis can determine the impedance
characteristics of voltage source converters across various op-
erating points, assuming all physical parameters are known.
However, most existing studies have primarily focused on either
the AC or the DC system, often neglecting the influence of
the entire system [4], [5], [7], [8]. Studies in [9], [10], [11]
show that both the AC and DC sides have similar properties
in the presence of high-frequency interactions, therefore it is
important to include both sides in the analysis. Nonetheless,
developing such small-signal models requires a deep under-
standing of various system aspects, including control structure
parameters and measurement filters. These models often over-
look several nonlinearities such as control dead-time, sampling
error, digital delay, variable frequency switching, and a nonlin-
ear control framework [12]. Additionally, the practical imple-
mentation of hardware and software introduces deviations and
non-idealities in physical parameters, significantly impacting
converter impedances [12], [13]. Consequently, the reliability
and accuracy of small-signal models are limited, especially for
converters with complex control structures.

The closed-box impedance measurement techniques can ef-
fectively determine converter impedances without system pa-
rameters or control structures knowledge [2], [14], [15]. How-
ever, conducting impedance measurements or simulations across
various operating points demands substantial human labor and
computational resources since they typically rely on signal
processing methods and electromagnetic transient (EMT) sim-
ulations [12]. Furthermore, obtaining both AC and DC side
impedances can significantly increase the time and resources
required. Therefore, a computationally efficient and precise
method is needed to acquire converter impedances for both AC
and DC sides.
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In recent years, there has been a growing interest in apply-
ing machine learning techniques to power grid analysis. [16]
proposes a method utilizing artificial neural networks (ANNs)
to predict impedance characteristics accurately across various
operating conditions. However, this approach relies heavily on
extensive impedance measurements, making it data-intensive.
To mitigate this dependency, [17] proposes a physics-informed
neural network model that leverages the inherent physical prop-
erties of two-level voltage source converters, significantly re-
ducing the training effort needed. These methods, however,
focus solely on impedance variations along a single operating
point variable. In contrast, [18] and [12] extend the analysis to
include a broader range of operating point variables, such as AC
side voltage, active power, and reactive power at the AC side
terminal. In addition, these works present a transfer learning-
based methodology using a small-signal model to estimate the
impedances of a two-level converter. Notably, none of these prior
studies address the DC side impedances.

As the deployment of MMC-based high voltage direct cur-
rent (HVDC) systems escalates, thorough analysis and pre-
cise estimation of their impedance characteristics become es-
sential. MMCs have distinct internal dynamics compared to
conventional two-level converters, introducing harmonic distor-
tions into the system. These distortions significantly influence
impedance characteristics due to their nonlinear relationship
with the operating point. To the best of the authors’ knowledge,
there are limited studies on applying data-driven approaches
for estimating impedances in MMC-based converters. The work
in [19] presents a transfer learning-based approach with ANNs
to characterize the AC side impedances of an MMC, comprising
only of the inner control loops. Similar to [16] and [17], the oper-
ating point is defined by a single variable. In [20], an ANN-based
method is used to predict the impedances for stability assessment
of wind farms integrated with MMCs. However, their method-
ology is data-intensive and does not include all control loops.
Practical high-power MMC systems typically feature complex
control structures comprising outer and inner control loops
and measurement filters. Consequently, the impedances vary
considerably, rendering previous methods unsuitable. Moreover,
estimating impedances across a broad spectrum of operating
points, such as AC side voltage, active power, reactive power at
the AC terminal, and DC side voltage, is crucial for MMC-based
systems.

This paper overcomes the limitations of the previous method-
ologies by providing a more comprehensive approach and build-
ing on top of the transfer learning approach introduced in [12]
and [19]. The proposed approach assesses both the AC and
DC side impedances of MMCs controlled using power and DC
voltage control based on the operating points, which include
the AC side voltage Vac, active power Pac, reactive power Qac,
and DC side voltage Vdc at the respective terminal. The primary
concept of this study involves pre-training the ANN model with
a diverse dataset of operating samples derived from a linear
time-invariant (LTI) small-signal model. Subsequently, a smaller
dataset obtained from real-time EMT simulations conducted us-
ing real time digital simulator (RTDS®) simulators is utilized to
fine-tune the ANN model and enhance its accuracy significantly.

Leveraging the LTI model assists in fulfilling the substantial
data requirements of ANNs. Moreover, rather than training a
single ANN model throughout the entire frequency range of 1
to 1000Hz, three smaller ANN models are used, each tuned to
the impedance characteristics determined by the operating points
and frequency in a specific range. A practical MMC converter
sourced from the CIGRE B4 DC grid test system [21] serves
as the testbed for developing the impedance-based model. This
approach enables accurate impedance identification with smaller
ANN architectures and a reduced amount of simulated data.

The main contributions of this paper are listed below:
� A transfer learning framework is introduced, which com-

bines LTI state-space modeling and closed-box impedance
measurements for accurate impedance estimation of
MMCs. The proposed approach determines the AC and
DC side impedances of MMCs controlled by power and
DC voltage control based on the system-level parameters.

� The effectiveness of using several smaller ANN models
rather than a single ANN model over the entire frequency
range in predicting impedance responses is demonstrated.
The proposed transfer learning framework is validated,
demonstrating its superiority over traditional ANN meth-
ods, particularly in scenarios where manufacturers keep
certain converter parameters confidential.

The rest of the paper is organized as follows: Section II pro-
vides the overall framework of the proposed transfer learning-
based impedance identification. Section III presents the results
and discussions, and Section IV concludes the paper.

Notation: Vectors are denoted by using lowercase bold identi-
fiers, such as x, and matrices by uppercase bold identifiers, such
as X . The operator ◦ refers to the Hadamard product. In is
the representation of an n× n identity matrix, whereas J2 =[

0 1

−1 0

]
and J3 =

⎡
⎢⎣ 0 1 0

−1 0 0

0 0 0

⎤
⎥⎦. The Fourier trans-

form variable s is defined as s = jω, where j is the imaginary
unit j =

√−1 and ω represents the angular frequency. The real
and imaginary components of a complex number x ∈ C are
denoted by the symbols �{x} and �{x}, respectively.

Park’s transformation, described in (1), converts three-phase
voltages and currents from the abc frame to the rotating dqz
frame.

Pω(t) =
2
3

⎡
⎢⎣cos(ωt) cos(ωt− 2π

3 ) cos(ωt− 4π
3 )

sin(ωt) sin(ωt− 2π
3 ) sin(ωt− 4π

3 )
1
2

1
2

1
2

⎤
⎥⎦ (1)

The inverse Park’s transformation is defined as stated in (2).

P−1
ω (t) =

3
2
PT

ω (t) +
1
2

⎡
⎢⎣0 0 1

0 0 1

0 0 1

⎤
⎥⎦ (2)
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Fig. 1. Basic per-phase (k ∈ {a, b, c}) MMC topology consisting of submod-
ules (SMs), equivalent arm resistance (Rarm) and inductance (Larm).

II. TRANSFER LEARNING FRAMEWORK FOR MMC IMPEDANCE

CHARACTERIZATION

This section describes a transfer learning-based framework
aimed at minimizing dependency on measured or simulated
impedance data. Initially, the LTI model that facilitates the
computation of the MMC’s impedance characteristics and serves
as a foundation for pre-training the ANN model is elaborated.
Following this, the methodology for conducting simulations to
measure impedance using real-time RTDS® simulators, which
are capable of efficiently simulating complex converter systems,
is described. Finally, the neural network training procedure
and the proposed transfer learning methodology are outlined
comprehensively.

A. LTI Model

The LTI model presented in [10] has been extended to include
measurement filters that are present in the practical converters.

1) MMC Dynamics: The detailed dynamics of the converter
model are presented using the procedure developed in [10], [22],
[23], [24], [25]. Fig. 1 shows a single-phase architecture for a
three-phase MMC, with all variables defined for all the phases,
k ∈ {a, b, c}. The submodules are represented by an averaged
equivalent model, allowing the voltages and currents in the upper
and lower arms to be described by (3).

vksu,l = mk
u,lv

k
cu,l iksu,l = mk

u,li
k
u,l (3)

wheremk
u,l are the corresponding upper and lower arm insertion

indices.
The Σ−Δ nomenclature can be used to represent the vari-

ables in the upper and lower arms [22] as stated in (4).

iΔk = iku − ikl iΣk =
iku + ikl

2
(4a)

vΔk
c =

vkcu − vkcl
2

vΣk
c =

vkcu + vkcl
2

(4b)

mΔk = mk
u −mk

l mΣk = mk
u +mk

l (4c)

vΔk
s =

−vksu + vksl
2

= − mΔkvΣk
c +mΣkvΔk

c

2
(4d)

vΣk
s =

vksu + vksl
2

=
mΣkvΣk

c +mΔkvΔk
c

2
(4e)

The differential equations describing the dynamic behavior of
the MMC can be derived by using the variables stated in (4).

i̇
Δdq

=
vΔdq
s − (ωLtJ2 +RtI2)i

Δdq − vdq
pcc

Lt
(5a)

i̇
Σdq

= −vΣdq
s + (RaI2 − 2ωLaJ2)i

Σdq

La
(5b)

i̇Σz =
vdc
2La

− vΣz
s +Rai

Σz

La
(5c)

v̇Δdq
c =

N

2C
iΔdq
s − ωJ2v

Δdq
c (5d)

v̇ΔZdq
c = − N

8C
Ψ− 3ωJ2v

ΔZdq
c (5e)

v̇Σdqz
c =

N

2C
iΣdqz
s + 2ωJ3v

Σdqz
c (5f)

v̇dc =
1

Cdc

(
idc − 3iΣz

)
(5g)

where,

iΔdq
s = P ω(t)

(
P−1

−2ω(t)m
Σdqz
τd

◦ P−1
ω (t)iΔdqz

2

+P−1
ω (t)mΔdqZ

τd
◦ P−1

−2ω(t)i
Σdqz

)
iΣdqz
s = P−2ω(t)

(
P−1

−2ω(t)m
Σdqz
τd

◦ P−1
−2ω(t)i

Σdqz

+P−1
ω (t)mΔdqZ

τd
◦ P−1

ω (t)
iΔdqz

2

)

vΔdqz
s = −P ω

2
(t)
(
P−1

ω (t)mΔdqZ
τd

◦ P−1
−2ω(t)v

Σdqz
c

+P−1
−2ω(t)m

Σdqz
τd

◦ P−1
ω (t)vΔdqz

c

)
vΣ
s =

P−2ω

2
(t)
(
P−1

ω (t)mΔdqZ
τd

◦ P−1
ω (t)vΔdqz

c

+P−1
−2ω(t)m

Σdqz
τd

◦ P−1
−2ω(t)v

Σdqz
c

)
Ψ =[
iΔdmΣd

τd
+ 2iΣdmΔd

τd
+ iΔqmΣq

τd
+ 2iΣqmΔq

τd
+4iΣzmΔZd

τd

iΔqmΣd
τd

+ 2iΣdmΔq
τd

− iΔdmΣq
τd

− 2iΣqmΔd
τd

+ 4iΣzmΔZq
τd

]

N represents the number of sub-modules, C is the sub-module
capacitance, Ra and La are the arm resistance and inductance,
Rt = Rr +

Ra

2 and Lt = Lr +
La

2 represent the equivalent AC
resistance and inductance, andCdc represents the equivalent DC
side capacitance.

Eq. (5) represents variables using multiple dqz-frames
by applying Park’s transformation at different frequencies.
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The Δ state variables are derived using the angular fre-
quency components ω and 3ω, whereas the Σ variables
use −2ω components [22]. The insertion indices m =[
mΔdq mΔZdq mΣdqz

]T
are obtained as stated in (6).

m =
2
vdc

[
−vΔdqZ

s,ref

vΣdqz
s,ref

]
(6)

2) Time Delays: The MMC’s impedance characteristics are
highly susceptible to time delays (computational time delay,
sampling delay, modulation delay, etc.) in the system, partic-
ularly in the low (10–100Hz) and high (several kHz) frequency
ranges [26]. Therefore, these time delays must be considered
during the modeling of the impedances. For simplicity, all time
delays within the control architecture are consolidated into a
single delay, based on the assumption that this aggregated delay
can effectively represent the impact of the computational time
delay on the impedance characteristics [10].

The time delay (τd) can be expressed as a rational transfer
function using the Padé approximation stated in (7), where m
and n are the numerator and denominator approximation orders,
respectively [10], [27].

T delay = e−sτd ≈ b0 + b1(τds)
1 + · · ·+ bm(τds)

m

a0 + a1(τds)1 + · · ·+ an(τds)n
(7)

The rational transfer function approximation is then converted

into the state-space form [27] with inputs
[
mΔdq mΣdqz

]T
,

the insertion indices obtained from the controller outputs as

given in (6), and the outputs
[
mΔdqz

τd
mΣdqz

τd

]T
, the insertion

indices which are used in the differential equations given in (5).
A third-order (m = n = 3) approximation is used in this study
because it accurately represents the impact of computational
delay up to the 1kHz frequency range.

3) Controller Dynamics: The voltage references in (6) are
obtained as an output of the controllers and the 13 differential
equations stated in (5). The controllers can specify the voltage
references, but by default, all voltage reference values are set to
zero, except for vzc,ref , which is set to vdc

2 . When the controller
specifies the voltage references, additional differential equations
are required to represent the proportional integral (PI) controllers
in the dqz frames [10], [22], [28].

The primary (inner) and secondary (outer) controllers that
constitute the framework of the MMC control architecture are
shown in Fig. 2(a). DC voltage control, active power control,
and reactive power control act as the outer controllers, whereas
output current control (OCC), and circulating current control
(CCC) act as the inner controllers. Using the PI structure illus-
trated in Fig. 2(c), each controller and the PLL, shown in Fig.
2(b), can be defined using a set of differential equations provided
in (8).

ξ̇ = Ref. − Meas. (8a)

Out = KP (Ref. − Meas.) +KIξ (8b)

Fig. 2. MMC control architecture consisting of (a) inner controllers, outer
controllers and time delay, (b) PLL, and (c) generic PI structure.

4) Measurement Filters: Filtering measured signals is often
required for stable operation of the controllers in order to elim-
inate noise and correctly track changes in control variables.
Filters also improve system stability by reducing undesirable
high-frequency oscillations, resulting in more reliable and pre-
cise control. However, each filter in the system has a considerable
effect on the converter’s impedance characteristics. As a result,
these filters must be considered during modeling.

Measurement filters can be modeled as first- or second-
order low-pass filters, depending on the variable they govern.
Commonly filtered variables in the MMC control structure are
marked in Fig. 2(a). The variables vdqpcc in the OCC are filtered out
using a first-order low-pass filter utilizing (9) to obtain filtered
voltages vdqpcc,filt.

ξ̇filt = − 1
Tfilt

ξfilt + vdqpcc (9a)

vdqpcc,filt =
1

Tfilt
ξfilt (9b)

where Tfilt represents the time constant of the first-order low-
pass filter. The cut-off frequency for the filter is ffilt = 1

Tfilt
.

Similarly, the measured input variables of outer controllers
such asPac,Qac, and vdc are subjected to second-order low-pass
filters, which can be represented using (10).

ξ̇filt1 = −ω2
filtξ

filt
2 − 2ζωfiltξ

filt
1 + x (10a)

ξ̇filt2 = ξfilt1 (10b)

xfilt = ω2
filtξ

filt
2 (10c)

where x represents the input variables Pac, Qac, and vdc, xfilt

represents the corresponding filtered variablesPac,filt,Qac,filt,
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and vdc,filt, respectively, ωfilt is the filter’s natural frequency,
and ζ is the damping factor.

5) Operating Point: A power flow or steady-state simula-
tion can be used to determine the operating point of the con-
verter [10]. Using this approach, the following parameters are
determined: DC voltage magnitude Vdc, active power at the DC
terminal Pdc (flowing from the AC side to the DC side), AC
voltage magnitude and phase Vac and θ, respectively, active
power at the AC terminal Pac (flowing from the AC side to the
DC side), and reactive power at the AC terminal Qac (flowing
from the AC side to the DC side). The converter’s reference
values are then obtained using the values for the AC and DC
voltages and powers as given by,

vdc,ref = Vdc

vdpcc = Vac cos(θ) vqpcc = −Vac sin(θ)

Pac,ref = −P Qac,ref = Q

iΔd
ref =

2(vdpccP + vqpccQ)

3(vdpcc
2
+ vqpcc

2
)

iΔq
ref =

2(vqpccP − vdpccQ)

3(vdpcc
2
+ vqpcc

2
)

6) Steady State Solution and Admittance Model: After mod-
eling all the necessary differential equations for the MMC and
controllers, an equilibrium point is obtained using the Julia
package NLsolve [29], which represents the solution to these dif-
ferential equations. Further, the system of differential equations
is represented as a multi-input multi-output (MIMO) system in
a linearized form, as given in (12).

ẋ(t) = AMMCx(t) +BMMCu(t) (12a)

y(t) = CMMCx(t) +DMMCu(t) (12b)

where x represents all the state variables given in (5) and addi-
tional state variables introduced by the applied controllers, u =
[vdc vdpcc vqpcc]

T is the input vector, andy = [idc iΔd iΔq]T

is the output. When the MMC controls the DC voltage, the input
and output vectors are redefined as u = [idc vdpcc vqpcc]

T and
y = [vdc iΔd iΔq]T .

The associated matrices AMMC , BMMC , CMMC , and
DMMC , expressed in (12), are determined as Jacobians around
the aforementioned equilibrium point using the Julia package
ForwardDiff [30]. Using the Laplace transform, the equations
in (12) can be transformed into a MIMO transfer function.

Y MMC(s) = CMMC(sI −AMMC)
−1BMMC +DMMC

(13)
whereY MMC(s) represents the admittance matrix of the system
and is given by (14).

Y MMC(s) =

⎡
⎢⎣Y1,1(s) Y1,2(s) Y1,3(s)

Y2,1(s) Y2,2(s) Y2,3(s)

Y3,1(s) Y3,2(s) Y3,3(s)

⎤
⎥⎦ (14)

Fig. 3. AC and DC side impedance measurement configuration.

By separating the AC and DC side impedances from YMMC ,
(15) is obtained.

Y ac(s) =

[
Ydd(s) Ydq(s)

Yqd(s) Yqq(s)

]
=

[
−Y2,2(s) Y2,3(s)

Y3,2(s) −Y3,3(s)

]

(15a)

Ydc(s) = Y1,1(s) (15b)

whereY ac(s) represents the AC side impedance in the dq frame
and Ydc(s) represents the DC side impedance.

However, when the MMC controls the DC voltage, a subse-
quent step is needed after computingY MMC(s) using (13). This
step involves transforming the positions of vdc(s) and idc(s)
and removing the effect of the capacitance Cdc. The DC side
impedance can then be calculated using (16).

Ydc(s) = 2

(
1

Y1,1(s)
− sCdc

)
(16)

B. Impedance Measurement

The system diagram of a grid-connected MMC in monopolar
configuration which is used for the impedance measurement is
shown in Fig. 3. For simplicity, the AC and DC side impedances
are depicted together; however, in actual simulations, they
need to be measured independently. A similar configuration
is replicated in the RSCAD simulation running on real-time
RTDS® simulators. The MMC and its control are executed
on hardware GTFPGA modules within the RTDS® simulator,
operating in real-time synchronization with the simulator. The
‘rtds_ss_MMC_GMMX_FPGA_eb’ model is utilized for this
implementation [31], [32]. To handle computational demands,
each leg of the MMC is simulated on a separate GTFPGA
module, with two additional modules dedicated to capacitor
voltage balancing and the lower-level controller. These modules
communicate submodule capacitor voltage values and firing
sequences via two full-duplex optical fibers connected to the
MMC’s lower-level controller. Consequently, the voltage source
converter is implemented using a total of five GTFPGA modules.
This setup is utilized for conducting the impedance measure-
ments.

The basic principle for measuring both AC and DC side
impedances is similar. The initial step is to bring the system to
a steady state at a specific operating point. Then, a perturbation
voltage V p is injected into the system, and the resulting volt-
ages and currents at the respective terminals are measured. The
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Fig. 4. Steps performed for measuring AC side impedance in dq frame.

Fig. 5. Structure of a typical ANN with the inputs being the converter operating
point and the outputs being the admittances.

detailed procedure for measuring and computing the AC side dq
impedance is given in Fig. 4. Because this study only focuses
on the impedances of MMCs, Rg and Lg are set to zero. The
‘Harmonic Scan’ component in RSCAD is used to inject per-
turbation signals and perform the appropriate post-processing
steps to acquire impedance values [33], [34], [35].

C. Neural Network Training

A typical ANN structure used for this study is shown in Fig. 5.
It consists of one input layer with five neurons, representing
the MMC’s operating point and frequency (Vdc, Vac, Pac, Qac,
and f ); m hidden layers with un1 , un2 , · · · , unm

neurons;
and one output layer with ten neurons, representing the AC
and DC side admittances of the converter (�{Ydd}, �{Ydd},
�{Ydq}, �{Ydq}, �{Yqd}, �{Yqd}, �{Yqq}, �{Yqq}, �{Ydc},
and �{Ydc}). Each neuron in the ANN, specifically in the ith
hidden layer, is modeled using (17).

u(i) = a(i){W (i)u(i−1) + b(i)} (17)

where a(i) denotes the ith hidden layer’s activation function,
and u(i), W (i), and b(i) denote the neuron values, weights, and
biases in the ith hidden layer. These parameters are provided by
(18).

u(i) =
[
u
(i)
1 u

(i)
2 · · · u

(i)
ni

]T
(18a)

W (i) =

⎡
⎢⎢⎢⎢⎣
W

(i)
1,1 W

(i)
1,2 · · · W

(i)
1,ni−1

W
(i)
2,1 W

(i)
2,2 · · · W

(i)
2,ni−1

...
...

. . .
...

W
(i)
ni,1 W

(i)
ni,2 · · · W

(i)
ni,ni−1

⎤
⎥⎥⎥⎥⎦ (18b)

b(i) =
[
b
(i)
1 b

(i)
2 · · · b

(i)
ni

]T
(18c)

The neuron values for the first hidden layer and the output
layer can be obtained from (17) using (19).

u(1) = a(1){W (1)I + b(1)} (19a)

O = W (m+1)u(m) + b(m+1) (19b)

where I =
[
I1 I2 · · · I5

]T
represent the 5 input values,

and O =
[
O1 O2 · · · O10

]T
represent the 10 output val-

ues, and

W (m+1) =

⎡
⎢⎢⎢⎢⎣
W

(m+1)
1,1 W

(m+1)
1,2 · · · W

(m+1)
1,nm

W
(m+1)
2,1 W

(m+1)
2,2 · · · W

(m+1)
2,nm

...
...

. . .
...

W
(m+1)
10,1 W

(m+1)
10,2 · · · W

(m+1)
10,nm

⎤
⎥⎥⎥⎥⎦ (20a)

b(m+1) =
[
b
(m+1)
1 b

(m+1)
2 · · · b

(m+1)
10

]T
(20b)

The performance of the ANN with different configurations of
neurons in each hidden layer is systematically evaluated us-
ing techniques such as grid search or random search, aiming
to identify the optimal architecture that maximizes predictive
accuracy while avoiding overfitting. For simplicity, the number
of neurons in each hidden layer is kept equal. Subsequently, the
Optuna framework [36] is employed to optimize the hyperpa-
rameters based on the coefficient of determination (R2) value
for each model. Here, the kernel regularization parameter for
the neurons, the activation function in each hidden layer, and the
learning rate of the Adam optimizer are tuned through 50 trials.
This optimization process helps avoid overfitting and achieves
optimal performance on the training, validation, and test sets.

The ANN model described above undergoes a comprehensive
training process. The overall dataset is initially divided into three
parts: 70% for training, 15% for validation, and 15% for testing.
During each epoch of the training process, the training and
validation sets are randomly shuffled to ensure that every item
has an equal chance of being used for training. This shuffling
process enhances the robustness and generalization capability
of the model.

Next, the ANN is trained using the back-propagation al-
gorithm, which employs the mean squared error (MSE) loss
function and the mean absolute error (MAE) metric to evaluate
the difference between the ANN’s predictions and the provided
admittance data. The primary objective of the training process
is to minimize the MSE by updating the weights and biases of
each neuron using the Adam optimizer. The Adam optimizer
is chosen for its efficiency in handling large datasets and its
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Fig. 6. Proposed transfer learning-based framework for impedance character-
ization of MMCs.

adaptive learning rate capabilities, which make it suitable for
this complex modeling task.

Finally, the trained ANN model is evaluated using the test
set. Its performance is assessed using the MAE plots. If a n
prediction vector is constructed from a sample of n data points,
then the MSE, MAE, and R2 values can be given by,

MSE =
1
n

n∑
i=1

(yi − ŷi)
2 (21a)

MAE =
1
n

n∑
i=1

(yi − ŷi) (21b)

R2 = 1 −
∑n

i=1(yi − ŷi)
2∑n

i=1

(
yi − 1

n

∑n
i=1 yi

)2 (21c)

where, yi is the ith data point value in the observed vector, and
ŷi is the ith data point value in the prediction vector. An R2

value close to 1 indicates that the model accurately captures the
variance in the admittance data.

By following this detailed and systematic approach, the ANN
model is effectively trained to predict the AC and DC side ad-
mittances of the MMC, enabling a reliable and efficient transfer
learning framework for impedance characterization.

D. Transfer Learning

Conventional ANN models typically demand extensive
datasets to accurately estimate MMC impedances. However, ob-
taining AC and DC side impedance responses through separate
simulations consumes a considerable amount of time, particu-
larly when generating impedance data across a wide spectrum
of operating points. In response to this challenge, this paper
proposes a transfer learning framework, illustrated in Fig. 6, for
accurate estimation of MMC impedances. The central concept
of this framework is to leverage a diverse dataset encompassing
a broad array of operating points generated using the LTI model
and subsequently train a neural network. Following this, detailed
simulations in RSCAD are employed to conduct impedance
measurements for a smaller subset of operating points. Finally,
the pre-trained ANN model undergoes fine-tuning using the
simulated data to achieve optimal accuracy.

The process of collecting converter admittances involves iter-
ative steps using both the LTI model defined in Section II-A and

TABLE I
RATED VALUES OF THE TEST CONVERTER [21]

TABLE II
CONTROL PARAMETERS OF THE TEST CONVERTER [21]

TABLE III
MEASUREMENT FILTER PARAMETERS OF THE TEST CONVERTER [21]

the impedance measurement procedure detailed in Section II-B.
This iterative approach entails sweeping through a series of
operating points specified according to reasonable power system
operation criteria [37]. For each control mode, two datasets are
generated: computed data and simulated data. The computed
data corresponds to values computed based on the LTI model,
whereas simulated data is obtained from real-time simulations.
Both datasets are constructed similarly, with the operating ranges
of the converters normalized on a per-unit basis:Vdc ∈ [0.9, 1.1],
Vac ∈ [0.9, 1.1], Pac ∈ [−1, 1], and Qac ∈ [−1, 1].

III. EXPERIMENTAL RESULTS

To validate the proposed transfer learning framework outlined
in Section II, converter A1 from the CIGRE B4 DC grid test
system is modeled similarly to the system diagram shown in
Fig. 3 [21]. The rated values, control parameters, and filter
parameters for the converter are stated in Tables I to III, respec-
tively. For effective control of the MMC system in both power
and DC voltage control modes, different modeling approaches
are necessary. In power control mode simulation, the DC side is
considered a rigid DC source with voltage vdc [24]. Conversely,
in DC voltage control mode, the DC side bus is represented as a
variable DC voltage system with an ideal power source, where
the DC voltage vdc mirrors the dynamic state of the DC side
capacitor Cdc [24]. The value of Cdc is set to 500 μF to ensure
stable operating conditions across all operating points.
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Fig. 7. Comparison of LTI model with simulated results for power controlled MMC.

TABLE IV
OPERATING POINT AND FREQUENCY STEPS IN SIMULATED AND COMPUTED

DATASETS

The impedance measurement procedure is repeated multiple
times to iteratively obtain the AC and DC side impedances of
the converter for normalized operating points and frequency
steps, as shown in Table IV. Similarly, the LTI model is used
to generate a diverse dataset for the same operating points and
frequency steps, taking into account a 600 μs computational
time delay in the converter. Both datasets exclude operating
points leading to overmodulation and overcurrent conditions,
and separate datasets are obtained for each control mode. As
a result, the final datasets consist of 7840 data points (112
operating points × 70 frequency points) in the simulated data
and 383030 data points (437 operating points × 190 frequency
points) in the computed data. When comparing the datasets with
those from previous studies [12], [19], it becomes evident that
the dataset size in this study is considerably larger. This increase
in size is necessary due to the diversity in frequency steps,
which is crucial for accurately capturing admittance trends and
avoiding any omission of critical peaks, particularly in the case
of MMCs. In contrast, [19] conducted measurements across only
a single operating point variable, whereas this study accounts for

multiple operating point variables. This broader consideration
significantly increases the number of possible combinations,
resulting in a more comprehensive set of admittance patterns.

Fig. 7 shows the admittance at a particular operating point
(Vdc = 1 p.u., Vac = 1 p.u., Pac = −0.6 p.u., Qac = 0.3 p.u.)
to compare the two datasets. The LTI model effectively captures
the admittance characteristics, with only minor differences in
the values across all variables. However, the phase values of
the cross-coupling elements Ydq and Yqd exhibit slightly higher
deviations. The admittance values generated by both the LTI
model and the simulated model are closely aligned, so they
effectively capture variations in admittance as operating point
variables change. Additionally, as the computed data covers
a broader range of operating points, Figs. 8 and 9 present a
subset of the computed dataset for power control mode. To
simplify the presentation, only 3 out of the 10 output admittance
variables are plotted. However, the remaining variables exhibit
similar behavior. For instance, changes in parameters similarly
affect both the dd and qq admittances, as well as the dq and qd
admittances. Additionally, the impact of parameter changes on
the real parts is similar to their effect on the imaginary parts.

It is observed that the admittances Ydd and Yqq are primarily
influenced by Pac, while Ydq and Yqd are mainly dependent
on Qac. In contrast, the admittance Ydc varies with both Pac

and Qac. The relationship of the voltages Vac and Vdc to the
admittances is minor compared to that of Pac and Qac. Similar
variations are noted in DC voltage control datasets, except that
the voltages Vac and Vdc exhibit significant variation in relation
to the admittance Ydc.

A. When Converter is Controlled Using Power Control

After acquiring the necessary datasets, the proposed method
is initially tested for an MMC operating in power control mode.
Traditional methods from previous studies employ a single ANN
model for the entire frequency range. However, the dependency
of the admittances on the input variables varies with frequency.
This subsection provides details on this approach and its testing,
both when using a single ANN model for the entire frequency
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Fig. 8. Variation of (a) Ydd, (b) Ydq , and (c) Ydc with respect to Pac and f when Vac = 1 p.u., Vdc = 1 p.u., and Qac = 0 p.u. and the MMC operates in power
control mode.

Fig. 9. Variation of (a) Ydd, (b) Ydq , and (c) Ydc with respect to Qac and f when Vac = 1 p.u., Vdc = 1 p.u., and Pac = −0.5 p.u. and the MMC operates in
power control mode.

Fig. 10. Error between ANN trained using the LTI model and simulated data for (a) Ydd, (b) Ydq , and (c) Ydc for a power controlled MMC.

range and when using separate models for different frequency
ranges.

1) Single ANN Over the Whole Frequency Range: Initially,
the entire frequency range is considered and trained using a
single ANN model for power control mode. The neural network
architecture for this purpose includes three hidden layers, each
with 100 neurons, due to the complex nature of the admittances
concerning frequency. First, the large neural network structure is
pre-trained on the dataset obtained from the LTI model and then
fine-tuned using the dataset obtained from EMT simulations.
The batch size is set to 128 to ensure smooth loss gradients during
training. The pre-trained model is used to predict the admittances
for a set of test operating points. These points include all data
points in the plane Vac = 1 p.u., Vdc = 1 p.u., and Qac = 0
p.u., which are not considered in the training or validation
set. The corresponding errors between the pre-trained model
and the actual admittances obtained from EMT simulations in
the same plane are plotted as depicted in Fig. 10. It can be
observed that the pre-trained model significantly deviates from

the actual admittance data generated using EMT simulations.
This deviation is due to several types of non-linearities and
non-modelable quantities, such as sampling error and the exact
value of computational time delay, which are not considered
in the LTI model. Therefore, the use of transfer learning and
fine-tuning is required.

Finally, the errors between the models obtained using the
conventional ANN method (trained solely with simulated data)
and the actual admittances obtained from EMT simulations
are depicted in Fig. 11. These are compared with the errors
between the models obtained using transfer learning and the
actual admittances obtained from EMT simulations, as shown
in Fig. 12.

The errors in the conventional ANN method are higher
(around 2 to 3 times) than those in the proposed method, as
the model cannot generalize for unseen operating points and
frequency steps due to limited data availability. This comparison
shows that transfer learning-based models can achieve better per-
formance and be generalized appropriately across all operating
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Fig. 11. Error between ANN trained on simulated data over the entire frequency range and a set of test operating points for (a) Ydd, (b) Ydq , and (c) Ydc when
the MMC operates in power control mode.

Fig. 12. Error between ANN trained using transfer learning over the entire frequency range and a set of test operating points for (a) Ydd, (b) Ydq , and (c) Ydc

when the MMC operates in power control mode.

points and frequency steps, even with limited simulation data
availability.

2) Splitting Models Based on Frequency Range: Further
analysis of the dataset reveals that admittances vary at differ-
ent scales across certain frequency ranges. Additionally, the
dependency of the admittances on the input variables changes
with frequency. Admittances in the 1–10 Hz frequency range
depend highly on active and reactive power. In the 10–100 Hz
frequency range, admittances primarily depend not only on
active and reactive power but also on frequency. Lastly, in the
100–1000 Hz frequency range, admittances are predominantly
dependent on frequency, as depicted in Fig. 13. This conclusion
is drawn from the analysis of correlation matrices for each
frequency range, where the dependence of admittance param-
eters on input variables is assessed. As a result, it is evident
that each frequency range exhibits a distinct dependency on the
input variables, highlighting the varying impacts across different
frequency ranges.

Leveraging the data dependency within each frequency
range, separate ANN models are implemented to optimize the
impedance identification process. Instead of using a single ANN
model for the entire frequency range, smaller ANN architectures
are utilized to estimate admittances within specific frequency
ranges. Based on the non-linearity of the admittance values,
1, 3, and 2 hidden layers are implemented for the 1–10 Hz,
10–100 Hz, and 100–1000 Hz frequency ranges, respectively.
Each hidden layer contains 50 neurons, while the batch size
during training is set to 64.

For MMC controlled in power control mode, the error between
the ANN trained using the proposed method by splitting models
based on frequency range and the simulated data is depicted in

Fig. 13. Splitting frequency range and based on their dependencies.

Fig. 14. Comparing Figs. 12 and 14, it is evident that splitting
models based on frequency range can reduce the error between
the trained ANN model and the simulated data, resulting in a bet-
ter fit. This method significantly improves accuracy, particularly
in the low-frequency range of 1–10 Hz.

B. When Converter is Controlled Using DC Voltage Control

Similar to the power-controlled MMC, the proposed method
accurately estimates the admittances for the MMC controlled
using a DC voltage controller. An important observation is
demonstrated by setting the parameter Cdc to 600 μF in the LTI
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Fig. 14. Error between the ANN trained using transfer learning, with models split based on frequency range, and a set of test operating points for (a) Ydd, (b)
Ydq , and (c) Ydc when the MMC operates in power control mode.

Fig. 15. Error between ANN trained on simulated data over the entire frequency range and a set of test operating points for (a) Ydd, (b) Ydq , and (c) Ydc when
the MMC operates in DC voltage control mode.

Fig. 16. Error between the ANN trained using transfer learning, with models split based on frequency range, and a set of test operating points for (a) Ydd, (b)
Ydq , and (c) Ydc when the MMC operates in DC voltage control mode.

model, contrasting with its value of 500 μF in the simulation
model. Despite the slight variation in this parameter, which
causes significant deviations in the admittances, the proposed
method exhibits substantial accuracy compared to the conven-
tional ANN approach. This is highlighted in the corresponding
errors depicted in Figs. 15 and 16.

C. Transferability of Controllers

To facilitate transferability between different control dia-
grams, the model requires fine-tuning with impedance data
specific to the new control strategy. This fine-tuning process is
achievable within the proposed framework, allowing pre-trained
ANN models to adapt to the unique impedance characteristics of
the new control mode. By leveraging previously learned patterns,
the model adjusts to variations introduced by different control
loops and operating conditions. As a result, while the framework
is robust and adaptable, practical implementation across various
control diagrams requires additional data and fine-tuning to
ensure accurate impedance predictions across a wide range of
control strategies.

Figs. 17 and 18 presents the error plots when one controller’s
admittance characteristics are used for pre-training and the
other’s characteristics for fine-tuning. Comparing these results
with those from the conventional ANN method in Figs. 11 and
15, it is evident that the model performs better, even when
pre-trained with admittance values from a completely different
dataset. However, the performance is still lower than when
pre-trained using the same controller, as seen in Figs. 14 and
16. This discrepancy arises due to the significant differences in
the datasets for both controllers. Therefore, although transfer-
ability is demonstrated, it is crucial to account for the deviations
in the datasets when applying the proposed transfer learning
methodology [38].

D. When Several Control Parameters are Unknown

In certain scenarios, manufacturers keep converter data confi-
dential, making it impossible to accurately estimate impedance
characteristics using the LTI model. However, the proposed
transfer learning method allows for training the ANN model on
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Fig. 17. Error between the ANN trained using transfer learning, with models split based on frequency range, and a set of test operating points for (a) Ydd, (b)
Ydq , and (c) Ydc when the MMC operates in power control mode. The ANN model is pre-trained using the LTI model having DC voltage control.

Fig. 18. Error between the ANN trained using transfer learning, with models split based on frequency range, and a set of test operating points for (a) Ydd, (b)
Ydq , and (c) Ydc when the MMC operates in DC voltage mode. The ANN model is pre-trained using the LTI model having power control.

Fig. 19. Error between the ANN trained using transfer learning, with models split based on frequency range, and a set of test operating points for (a) Ydd, (b)
Ydq , and (c) Ydc when the MMC operates in power control mode. The ANN model is pre-trained using the LTI model with control parameters different from those
in the simulation model.

a large dataset generated using the LTI model with slightly dif-
ferent parameters. This pre-trained model can then be fine-tuned
using simulated data to achieve an accurate representation.

To further demonstrate the proposed method for such scenar-
ios, the dataset generated using the LTI model for power control
mode is obtained with a different set of control parameters
compared to the simulated dataset. Specifically, the values of
KΔdq

P , KΔdq
I , KP

I , and KQ
I are set to 0.72 p.u., 223.5 p.u., 16.5

p.u., and 16.5 p.u., respectively, while the parameters for the
simulated dataset remain unchanged. By comparing the error
obtained when the ANN is trained using the transfer learning
method shown in Fig. 19 to the error obtained when the ANN is
trained solely on simulated data as presented in Fig. 11, it can
be observed that the ANN trained using the proposed method
accurately estimates the converter admittances even when the
control parameters in the two datasets differ.

In this study, the control parameters are carefully selected
so that the admittances show significant deviations compared
to the simulation results, while still maintaining the overall
frequency trend. Within this range, the transfer learning ap-
proach demonstrates high accuracy, as the pre-trained models

effectively adapt through fine-tuning with data from real-time
simulations. However, as the admittances derived from the LTI
model deviate further, the model’s accuracy may decline due to
the limited representation of such extreme cases in the training
dataset. To mitigate this, future work will focus on expanding
the range of control parameter variations in simulations and
exploring adaptive model updating strategies.

To effectively utilize the framework outlined in this study, it
is recommended to initially apply a trial-and-error approach to
identify a set of control parameters that produce an admittance
pattern closely aligned with the simulated data. The framework
will perform more accurately if the admittances generated from
these initial parameters are consistent with the real system
or simulated data. This approach allows for better fine-tuning
and ensures that the transfer learning models operate in a rep-
resentative range of operating conditions, thereby, improving
the framework’s overall reliability and performance. Extend-
ing this trial process can also help avoid potential parameter
discrepancies between the LTI model and the real-time mea-
surements, resulting in more robust and accurate admittance
estimates.
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IV. CONCLUSION

This paper introduces a transfer learning methodology for
impedance characterization of MMCs. The outlined procedure
employs LTI state-space modeling and closed-box impedance
measurements to capture impedance responses. However, the
accuracy of impedance estimation by the LTI model is
compromised due to practical constraints, and obtaining
impedance measurements through simulations can be time-
consuming. Given the limited data availability of the impedance
characteristics obtained through simulations, the proposed
method accurately predicts the impedance characteristics at
different operating points and frequency steps. Furthermore,
using several smaller ANN models rather than a single ANN
model over the entire frequency range appears to be beneficial
in predicting the impedance responses. The proposed transfer
learning framework has shown advantages over traditional ANN
methods, particularly in scenarios where certain converter pa-
rameters are kept confidential by manufacturers.
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