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Abstract

Submodule capacitor aging poses significant challenges to the safe operation of modular multilevel converter (MMC) systems. Tra-
ditional detection methods rely predominantly on offline tests, lacking real-time evaluation capabilities. Moreover, existing online
approaches require additional sampling channels, thereby increasing system complexity and costs. To address these issues, this paper pro-
poses an online evaluation method for submodule capacitor aging based on CapAgingNet. Initially, an MMC system simulation plat-
form is developed to examine the effects of submodule capacitor aging on system operational characteristics and to create a dataset
of submodule capacitor switching states. Subsequently, the CapAgingNet model is introduced, incorporating key technical modules
to enhance performance: the Deep Stem module, which extracts larger receptive fields through multiple convolution layers and mitigates
the impact of data sparsity in capacitor aging on feature extraction; the efficient channel attention (ECA) module, utilizing one-
dimensional convolution for dynamic weighting to adjust the importance of each channel, thereby enhancing the ability of the model
to process high-dimensional features in capacitor aging data; and the multiscale feature fusion (MSF) module, which integrates capacitor
aging information across different scales by combining fine-grained and coarse-grained features, thus improving the capacity of the model
to capture high-frequency variation characteristics. The experimental results reveal that the CapAgingNet model achieves a TOP-1 accu-
racy of 95.32 % and a macro-averaged F; score of 95.49 % on the test set, thereby providing effective technical support for online mon-
itoring of submodule capacitor aging.

Keywords: Modular multilevel converter; Capacitor aging; Condition monitoring; Fault diagnosis

0 Introduction verters and bidirectional controllable power electronic

devices, excel in integrating renewable energy. Among

As the proportion of new energy generation grows, tra- these, the modular multilevel converter (MMC) stands

ditional AC power grids face significant challenges due to out for its low harmonic distortion, minimal switching

large-scale, highly variable, and unpredictable energy losses, and high modularity, contributing to its extensive
sources. Flexible DC grids, utilizing voltage source con- adoption in flexible DC transmission systems [1,2].

MMC achieves efficient energy conversion and precise

- voltage control by assembling numerous submodules to

* Corresponding author at: Laboratory of Hydro-Wind-Solar Multi- create multilevel outputs. Submodule capacitors are cru-

energy Control Coordination, Wuhan 430000, China. cial components of MMC converter valves and are essen-

E-mail addresses: 2018302070241 @whu.edu.cn (X. Deng), yhdeng@- . . .

whu.edu.cn (Y. Deng), ginliang@whu.edu.cn (L. Qin), yao_weiwei@ctg. tial for VOltage balanClng’ energy storage, and harmonic

com.cn (W. Yao), whuhemin@whu.edu.cn (M. He), kpliu@whu.edu.cn filtering. Metallized polypropylene film capacitors (MPPF)
(K. Liu).

https://doi.org/10.1016/j.gloei.2025.03.002
2096-5117/© 2025 Global Energy Interconnection Group Co. Ltd. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


https://doi.org/10.1016/j.gloei.2025.03.002
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:2018302070241@whu.edu.cn
mailto:yhdeng@whu.edu.cn
mailto:yhdeng@whu.edu.cn
mailto:qinliang@whu.edu.cn
mailto:yao_weiwei@ctg.com.cn
mailto:yao_weiwei@ctg.com.cn
mailto:whuhemin@whu.edu.cn
mailto:kpliu@whu.edu.cn
https://doi.org/10.1016/j.gloei.2025.03.002
http://www.sciencedirect.com/science/journal/00167037
http://www.elsevier.com/locate/gloei

X. Deng et al. | Global Energy Interconnection 8 (2025) 420432

are predominantly employed in MMCs owing to their
compact size, low inductance, and excellent self-healing
capabilities [3]. However, during prolonged operation,
submodule capacitors endure thermal, electrical, and
mechanical stresses, leading to aging. This aging process
can decrease capacitance and increase equivalent series
resistance, thereby escalating losses and temperatures,
deteriorating the operating conditions of the device, and
initiating a vicious cycle [4]. Therefore, accurately detect-
ing the aging degree of MMC metallized film capacitors
is essential for maintaining the performance and reliability
of the equipment.

Methods for monitoring submodule capacitor aging can
be divided into offline detection and online monitoring
techniques based on whether the converter needs to be
shut down. Offline detection involves proactively shutting
down the converter during routine maintenance to evalu-
ate the capacitors, using LCR bridges to precisely measure
parameters like capacitance and equivalent series resis-
tance [5]. Although this method does not account for the
operational characteristics of the converter, it is unsuitable
for applications requiring continuous operation. More-
over, it becomes impractical for systems with numerous
capacitors or complex converter structures owing to high
costs and operational challenges.

Conversely, online monitoring allows real-time tracking
of capacitor status without interrupting converter opera-
tion, making it an ideal choice for condition monitoring.
Regarding online monitoring of MMC submodule capac-
itor aging, several approaches have been explored:

In [6], a controlled AC signal at twice the fundamental
frequency was injected into the MMC circulating current
loop to produce current and voltage ripples in the submod-
ule capacitors, facilitating the calculation of their values.
However, this method increased system losses and
required additional power supply installations. [7] deter-
mined submodule capacitor values by analyzing the inher-
ent second harmonics in the submodule capacitor voltage
and current. [8] proposes a fault detection and fault-
tolerant scheme for MMC-HVDC systems based on a slid-
ing mode observer, which predicts the submodule voltage
by establishing a sliding mode observer on the submodule
voltage. [9] actively discharges submodule capacitors using
parallel discharge resistors and determines capacitor val-
ues based on discharge time.

However, voltage fluctuations from active discharging
can impact the MMC’s output performance. Another
study [10] investigates aluminum electrolytic capacitors
and introduces an online capacitor value estimation
method using recursive least squares. [11] streamlines the
calculation by selecting the submodule with the largest
capacitance as a reference and assessing the relative capac-
itance of other submodules. [12] monitors capacitor aging
in real-time by measuring the relative values of submodule
capacitors, leveraging the correlation between voltage

changes and capacitance values. [13] determines capacitor
aging status by analyzing the high-frequency band energy
of the output voltage. [14] proposes a remaining life esti-
mation strategy for metallized polypropylene film capaci-
tors based on the interplay among ESR, capacitance
aging rate, and temperature. [15] presents a method com-
bining wavelet transform and CNN to estimate capacitor
parameters by extracting low- and mid-frequency features
from the capacitor voltage.

In summary, current methods for monitoring the aging
of metallized polypropylene film capacitors have several
limitations: offline approaches are complex, time-
consuming, and offer only static information. Although
online detection methods improve detection efficiency,
they require the measurement of submodule capacitor cur-
rent, making the monitoring process more complex. More-
over, the need for additional sampling channels elevates
system costs, whereas enhancing detection accuracy and
speed remains imperative.

Recently, artificial intelligence has been extensively
adopted within power systems. Specifically, for capacitor
aging monitoring, aging can be automatically identified
by tracking capacitors’ voltage, current, and switching
states, thereby improving the efficiency and precision of
aging assessments. Building upon the analysis of MMC
aging characteristics, this study employs submodule
switching state data for monitoring purposes. This data
represents discrete time-series signals marked by sparsity
and multi-timescale fluctuations. Additionally, neural net-
works extract high-dimensional semantic features from
these signals. The data encompass rich temporal informa-
tion and intricate features, illustrating complex behaviors
of capacitors across various aging stages. Sparse data
require the model to effectively capture and utilize key fea-
tures; high-dimensional features increase the complexity of
data processing and classification; and multi-timescale
variations hinder the model from accurately detecting
changes across different time scales.

To address the challenges in capacitor aging monitoring
using artificial intelligence methods, such as insufficient
feature extraction from sparse data, inadequate processing
of high-dimensional features, and the absence of multiscale
features, this study proposes the CapAgingNet algorithm,
which integrates three improved modules:

1) Deep Stem Module: This module gradually expands
the receptive field to enhance the diversity and gran-
ularity of feature extraction, addressing the issue of
insufficient low-level feature extraction from sparse
data.

2) ECA Module: This module modulates channel
weights via adaptive dynamic 1D convolution, there-
by enhancing the representation of critical features
and increasing the model’s ability to capture high-
dimensional features.
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3) MSF Module: This module consolidates feature
information across multiple levels, thereby improv-
ing the accuracy and robustness of feature extraction
and resolving the issue of missing multiscale features.

The experimental results indicate that CapAgingNet
outperforms in capacitor aging detection tasks, effectively
identifying subtle changes in capacitor switching states
and accurately assessing capacitor aging status. This pro-
vides robust technical support for the condition monitor-
ing and lifetime evaluation of submodule capacitors in
MMC.

1 Principle of MMC operation and capacitor aging analysis
1.1 Principle of MMC operation

The three-phase MMC topology is depicted in Fig. 1.
Each converter consists of six arms, with each arm com-
prising multiple cascaded submodules connected in series.
Each arm includes an arm inductor, Ly, and N identical
submodules. The upper and lower arms of the same phase
form a phase unit. The half-bridge submodule is the most
commonly used type, comprising two IGBTs with anti-
parallel diodes connected in series and a capacitor con-
nected in parallel. V1, and Vt, represent the IGBTs,
Vp1 and Vp, denote the anti-parallel diodes connected
across the IGBTs, and C indicates a DC-side energy stor-
age capacitor. u. denotes the voltage of the submodule
DC-side energy storage capacitor, ug, represents the out-
put voltage at the submodule port, and i, denotes the cur-
rent flowing into the submodule. The DC-side energy

storage capacitor within the submodule maintains the
DC voltage.

MMC utilizes a nearest level modulation strategy, gen-
erating a staircase waveform that approximates a sinu-
soidal waveform on the AC side by producing multiple
voltage levels. Each staircase voltage level closely corre-
sponds to the submodule operations and is approximately
equal to the voltage of a submodule capacitor. For exam-
ple, in a half-bridge MMC submodule, toggling the IGBTs
on and off effectively inserts or removes the submodule, as
illustrated in Fig. 2.

1.2 Aging mechanism of metallized polypropylene film capacitors

Metallized polypropylene film capacitors are typically
fabricated from polypropylene using winding and metal
spraying techniques. The primary aging factors include
self-healing dielectric breakdown, electrode area reduction
due to metal oxidation, and dielectric film failure [16].
Although metallized film capacitors possess self-healing
capabilities, this process gradually leads to aging and even-
tual failure, as shown in Fig. 3. During manufacturing,
defects known as electrical weak points may form on the
film due to process imperfections. These weak points have
lower breakdown field strength compared to the surround-
ing areas. During capacitor operation, these electrical
weak points are the first to undergo breakdown, creating
discharge channels. The discharge results in a rapid tem-
perature increase, causing the metal layer to evaporate
and ionize. As the discharge arc extinguishes, the electrical
weak point is removed and an insulation halo is formed,
thereby completing the self-healing process [17]. Through-

Fig. 1. Topology of a three-phase MMC and a single half-bridge submodule.
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(a) Vr1 is on, Vi, is off, current flows from A to B,

submodule is inserted

B

(¢) Vi is off, Vr; is on, current flows from A to B,

submodule is bypassed

(b) Vqy is on, Vpp is off, current flows from B to A,

submodule is inserted

(d) V1 is off, Vr, is on, current flows from B to

submodule is bypassed

Fig. 2. Submodule working status.
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Fig. 3. Self-healing process of metal film capacitor.

out this process, the capacitor undergoes a slight reduction
in capacitance. As the number of breakdown points
increases, the capacitance of the metallized film capacitor
progressively diminishes until failure ensues. In practical
engineering applications, a metallized polypropylene film
capacitor is deemed failed when its capacitance drops by
more than 5 % [18].

1.3 Analysis of the correlation between capacitor aging and
submodule switching states

According to the operational principles of MMC, the
switching state of submodules relies on the number of sub-
modules that need activation during the current control
cycle, the direction of the arm current, and the sequence
of capacitor voltages. As capacitance decreases, the charg-
ing and discharging rates of the capacitor escalate. With a
constant charging current, the voltage variation becomes
more pronounced. In MMC, all inserted submodule
capacitors are connected in series, ensuring equal current
flow. When a submodule capacitor experiences slight
aging, the reduced capacitance accelerates the charging
and discharging rates, resulting in more frequent submod-
ule switching within each control cycle, thereby increasing

the switching frequency. However, as the capacitor under-
goes severe aging, its capacitance further declines, and its
energy storage capability is substantially weakened. In this
case, the capacitor cannot effectively store and release
energy, and the voltage rapidly attains the cutoff threshold
within a control cycle, which lowers the switching
frequency.

Fig. 4 demonstrates the effect of capacitor aging on
switching frequency.

Under normal operation, the submodule capacitor’s
voltage waveform aligns with the pattern shown in Fig. 4
(a). The submodule activates at ¢y, remains active for three
control cycles, and is then bypassed as its voltage rises
from point A to B. At 74, it is reactivated, conducts for
another three control cycles, and is subsequently bypassed
again, with the voltage increasing from B to C. Through-
out this sequence, submodule 1 conducts twice, ensuring
a stable switching frequency.

When submodule 1 experiences mild aging, its capaci-
tance slightly decreases, accelerating its charging and dis-
charging rates and causing larger voltage fluctuations. As
illustrated in Fig. 4(b), after activation at ¢, its voltage
increases from A to D within a single control cycle. At this
stage, the voltage of the submodule 1 exceeds that of the
other submodules, prompting an earlier bypass. Once the
voltages of the other submodules exceed that of submod-
ule 1, it is reinserted. During this period, as depicted in
Fig. 4(b), submodule 1 conducts four times, resulting in
a higher switching frequency compared to the normal
state.

When submodule 1 experiences severe aging, its capac-
itance decreases significantly, which causes its voltage to
increase drastically to C within a single control cycle and
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immediately reach the cutoff threshold. Fig. 4(c) illustrates
that submodule 1 is directly bypassed and operates only
once during the process, resulting in a lower switching fre-
quency compared to normal conditions.

To further validate this, a 21-level MMC system simu-
lation platform was developed in MATLAB/Simulink,
with system parameters specified in Table 1. The switching
state of submodule 1 was selected as the monitoring vari-
able, whereas the capacitance values of all other submod-
ules were maintained at the designed 3 mF. Simulations
were conducted by decrementing the capacitance of the
submodule 1 by 1 % increments from its designed value,
and the results are presented in Fig. 5.

The findings indicate that as the capacitors in certain
MMC submodules age, their switching frequencies initially
increase. However, when the capacitance decreases by
more than 40 %, the switching frequency begins to decline.
For metallized polypropylene film capacitors, a capaci-
tance reduction exceeding 5 % is indicative of aging and
failure. Therefore, during the transition from normal oper-
ation to aging failure of the metallized film capacitor, the

UV
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Fig. 4. Switching state of submodule 1 when the aging degree of capacitor
is different.

Table 1

Parameters of MMC simulation model.

System Parameters Values
DC side voltage 400 kV
Number of bridge arm submodules 20

Bridge inductance 15.92 mH
Submodule capacitance 3 mF
Base wave frequency 50 Hz

424

2500+ Swilching frequency of submodule 1
- The average switching frequency
of the remaining submodules

2000F
15001

10001

Switching frequency/Hz

500r
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The percentage decrease in submodule capacitance value

Fig. 5. Comparison of casting frequency between sub-module 1 and other
sub-modules at different aging levels.

overall switching frequency of the submodule increases
(see Fig. 6).

The increased switching frequency of severely aged sub-
modules can cause the following hazards to the MMC:

1) The increased switching frequency leads to more fre-
quent conduction of switching devices within the
submodule, resulting in higher switching losses and
a reduced lifespan of the switching devices.

2) Capacitor aging leads to increased heat generation
within the capacitor, whereas higher switching fre-
quencies further enhance heat dissipation in the
switching devices. Consequently, this results in a rise
in temperature that accelerates device aging, creating
a vicious cycle.

Analyzing the relationship between submodule switch-
ing frequency and capacitor aging reveals that variations
in switching states partially indicate the extent of capacitor
aging. However, comprehensively understanding the aging
state of submodules based solely on switching frequency
changes is challenging. To address this, this study employs
data analysis techniques to conduct an in-depth examina-
tion of submodule switching state data. By introducing
classification models, extensive switching data are ana-
lyzed and categorized, thereby extracting valuable aging
information from the large volume of complex data. This
enables more accurate predictions of the aging state of
submodules, thereby enhancing system maintenance effi-
ciency and operational reliability.

2 Capacitor
CapAgingNet

aging detection based on improved

2.1 Principle of CSPResNeXt-50

CSPResNeXt-50 integrates the cross-stage partial net-
work (CSPNet) and ResNeXt architectures to improve
feature extraction capabilities and computational effi-
ciency [19]. Its structure is illustrated in Fig. 5. The archi-
tecture includes an initial feature extraction stage using a
Stem Layer with a 7 x 7 convolution kernel, four CSP
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Fig. 6. Structure of the CSPResNeXt50 model.

stages composed of multiple ResNeXt Bottleneck modules
to optimize gradient flow and computational efficiency, a
global average pooling layer, and a fully connected layer
for final classification.

CSPResNeXt-50 delivers potent feature extraction and
computational efficiency. Deep convolutional networks
can extract key features from high-frequency temporal sig-
nals, whereas the partial connections and cross-stage
fusion of the CSPNet enhance gradient flow and promote
effective learning during deep network training. This archi-
tecture adeptly captures the dynamic characteristics of sig-
nals, discerning time-series variations in capacitors across
diverse aging states. It boosts the efficiency of feature
extraction and classification tasks while minimizing com-
putational resource usage, rendering it highly applicable
for practical applications.

2.2 CapAgingNet model

To further advance the performance of CSPResNeXt-
50, this study introduces CapAgingNet, which incorpo-
rates enhancements in three principal areas. The architec-
ture of CapAgingNet is depicted in Fig. 7:

Enhanced Feature Extraction: The Deep Stem module
incrementally broadens the receptive field, increasing the

Input

Deep Stem layer

CSP Stage

3*3 Conv
=2
BN
RelU
Conv
BN
RelLU
ResNext "N
Bottlene«
Conv |
BN
ReLU

< 4

=

diversity and precision of feature extraction. This enables
superior capturing of intricate behaviors under varying
capacitor aging conditions.

Advanced High-Dimensional Feature Processing: The
ECA module dynamically modulates each channel’s
importance using one-dimensional convolutional weight-
ing, thereby augmenting the model’s capability to process
high-dimensional features in capacitor aging data.

Multiscale Feature Integration: The MSF module con-
solidates and interacts with features across multiple levels.
By harnessing information from various feature scales,
feature extraction accuracy is improved, facilitating more
precise identification of capacitor aging states.

2.2.1 Deep stem module

In deep learning network architectures, the stem layer is
pivotal for initial feature extraction. The standard
CSPResNeXt-50 architecture utilizes a single 7 x 7 convo-
lutional kernel for this function. In this work, the pro-
posed Deep Stem module enhances feature extraction by
replacing the lone 7 x 7 convolution with three consecu-
tive 3 x 3 incremental dilated convolutions.

As depicted in Fig. 8, these incremental dilated convo-
lutions successively increase the dilation rate, thereby
enlarging the receptive field. A single 7 x 7 convolution

A

R l N
2
H

Global

avgpool

n=3

Fully ConnoM N

CSP Stage3
n=6
CSP Stage4

ResNeXt Bottleneck

/)
/

N

BN
RelLU
Conv

b

Conv
RelLU
3*3 Conv
groups=32

iy 4 end

Fig. 7. Structure of the CapAgingNet model.
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has a receptive field of 7 x 7, whereas three successive
3 x 3 incremental dilated convolutions achieve receptive
fields of 3 x 3, 5 x 5, and 7 x 7, respectively. Conse-
quently, the cumulative receptive field of the three incre-
mental dilated convolutions exceeds that of a single
7 x 7 convolution. Gradually increasing the dilation rate
enables a smooth expansion of the receptive field, allowing
for the incorporation of more contextual information
while maintaining the effectiveness of the convolution
operations.

The number of parameters and computational com-
plexity of a single 7 x 7 convolution are detailed in Egs.
(1) and (2):

Parameter Count = 7 x 7 x Cj, X Cout

(1)
Ci, and C,, denote the input and output channel num-
bers, respectively.

Computational Complexity =7 x 7 x H x W X Cjp X Coy

)
H and W represent the height and width of the input fea-
ture map, respectively.

For three consecutive 3 x 3 incremental dilated convo-
lutions, the total number of parameters and computational
complexity are shown in Equations (3) and (4):

Total Parameter Count = 3 x 3 X 3 x Cj, X Crig

3)
Cpiq denotes the intermediate channel number.

Computational Complexity =3 x (3 x 3 x H X W x Cj, X Cpid)
(4)

Even when C,;;q = Cin, the Deep Stem module boasts
fewer parameters and lower computational complexity
compared to a single 7 x 7 convolution.

By employing multiple consecutive incremental dilated
convolutions, the Deep Stem module progressively
expands the receptive field while maintaining computa-
tional efficiency. Unlike conventional large convolution
kernels, incremental dilated convolutions smoothly
encompass a larger receptive field, capturing more contex-
tual information and enhancing feature extraction diver-
sity. Convolution kernels with varying dilation rates
extract features at multiple levels, making them particu-
larly suitable for sparse data signals and enhancing the
model’s sensitivity and ability to capture sparse data. Con-
sequently, this improves the richness and precision of fea-

7x7 Conv First 3x3 Conv (Dilation=1)

ture representation. Additionally, the progressively
increasing receptive field facilitates better gradient flow,
mitigating gradient vanishing or exploding issues associ-
ated with large receptive fields and enhancing training sta-
bility. Therefore, the Deep Stem module outperforms
traditional large convolution kernels in receptive field cov-
erage, feature extraction, and computational efficiency,
establishing it as a more effective initial feature extraction
method.

2.2.2 ECA module

The ECA [20] module is a lightweight attention mecha-
nism designed to enhance convolutional neural networks
by efficiently allocating attention across the channel
dimension, thereby improving the expression of significant
features. The structure of the ECA module is illustrated in
Fig. 9.

The ECA module enhances the performance of channel
attention mechanisms through a series of efficient steps.
First, an input feature map y with dimensions
C x H x W is passed through a global average pooling
layer to produce a one-dimensional channel descriptor of
length C.

1 H w

“THxw DY Xepe=12,..,C

i1 j=1

(5)

This descriptor then undergoes a parameter-free 1D
convolution with a kernel size k defined by k = y/(C), typ-
ically an odd number, to effectively capture local cross-
channel dependencies.

log,(C) +b

k=y(0) = [

(6)

odd

where y and b denote adjustable parameters, and | $ | oqq
represents rounding up to the nearest odd number.

After the 1D convolution, the resulting vector is pro-
cessed by a Sigmoid activation function, mapping the
weight of each channel to the [0, 1] range and generating
a channel weight vector that reflects the significance of
each channel. This weight vector is subsequently applied
to the original input feature map through channel-wise
multiplication, thereby re-weighting the channels to
amplify the responses of the most important ones and
enhance the feature expression capability.

Second 3x3 Conv (Dilation=2) Third 3x3 Conv (Dilation=3)

w

Fig. 8. Comparison of Receptive Field Sizes.
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1D Conv

Adaptive selection of *
kernel size: K=y/(C)

Global
avgpool

[
~. [

Sigmoid

Fig. 9. ECA module structure.

The ECA module proficiently handles high-dimensional
data, meticulously capturing subtle variations and intri-
cate patterns in waveforms during capacitor aging. This
effective processing allows the ECA module to establish
precise dependencies between different feature channels,
thereby more accurately identifying various stages of
capacitor aging. By dynamically adjusting the importance
of each channel, the ECA module becomes increasingly
sensitive to minor fluctuations, resulting in a more accu-
rate assessment of the aging state. Additionally, the ECA
module can adapt to signal variations under different aging
patterns and load conditions, enhancing the robustness
and adaptability of the model in various application sce-
narios. These characteristics make the ECA module highly
valuable for monitoring capacitor aging, significantly
enhancing diagnostic accuracy and reliability.

2.2.3 MSF module

During convolutional neural network training, lower-
layer features preserve high-resolution local details,
enabling the detection of subtle changes in capacitor aging.
Conversely, higher-layer features—extracted through mul-
tiple convolution and pooling operations—provide more
abstract global information, effectively capturing long-
term trend changes. The MSF module improves feature
extraction accuracy by integrating information across var-
ious feature levels, leading to more precise identification of
capacitor aging states. This study designs an MSF module
to fuse and interact with features at multiple scales, as dis-
played in Fig. 10.

The feature extraction network is structured into three
levels: low, middle, and high, with corresponding feature
maps denoted as Fy, Fy, and Fy, respectively. To align
the scale and dimensions of the low- and middle-level fea-
tures with the high-level features, these features undergo a
downsampling module. The downsampling module con-
sists of a main branch and an auxiliary branch. The main
branch first reduces the feature scale using a max-pooling

High-level
Feature

Low-level
Feature

[_n*nConv |
RelLU
v

n*n Conv |

ReLU
X
n*n Conv_|
~ RelU
[ MaxPool

MaxPool

Feature

,.
v

v .
n*n Conv

v
1*1 Conv
| '
BN

\ \

MaxPool

A

Down-
sampling
|

Fig. 10. Structure of multiscale feature fusion module.

layer, then adjusts the feature dimension with a 1 x 1 con-
volution layer.

F® = Convl x 1(MaxPool(FL)) 7
FK/I"“i" = Convl X I(MaXPOOI(FM)) (8)

To prevent information loss from the pooling opera-
tion, an auxiliary branch with a convolution layer is intro-
duced in parallel to the main branch. The convolution
layer in the auxiliary branch has the same kernel size
and number as the pooling layer and the 1 x 1 convolution
layer in the main branch, ensuring the dimensions of the
output features correspond to those of the main branch.

Fi* = Convn x n(MaxPool(F)) )
Fif* = Convn x n(MaxPool(Fy)) (10)

Subsequently, feature maps from the main and auxil-
iary branches were combined and processed through a
batch normalization (BN) layer to obtain the downsam-
pled features.

Fi = BN(F*" + F{™) (11)
427
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Fy = BN(Fy™ + Fy) (12)

The high-level feature map was then integrated element-
wise with the downsampled low- and middle-level feature
maps, achieving multiscale feature fusion.

FouI:FH+ﬁM+FL (13)

This integration of multilevel feature information
within the MSF module enhances the diversity and accu-
racy of feature extraction. Lower-layer features capture
intricate details, whereas higher-layer features discern
overarching trends. The synergistic combination enables
the model to more effectively identify capacitor aging
states, which significantly strengthens the robustness and
accuracy of the model through multiscale feature fusion.

3 Simulation case verification
3.1 Dataset construction

To detect the aging state of MMC submodule capaci-
tors, a dataset was created based on the switching states
of the submodule’s IGBT switches under various aging
conditions. The switching state of a submodule indicates
whether its IGBT switches are in the ON or OFF position,
determining if the capacitor is inserted into or bypassed
from the circuit. This dataset originates from MATLAB/
Simulink simulations, with parameters detailed in Table 1.
It comprises 7,200 data samples, including 1,200 normal
samples for submodule 1 capacitors and 1,200 samples
for capacitor values reduced by 1 %, 2 %, 3 %, 4 %, and
5 % each. Each sample encompasses 0.025 s of switching
state data for the submodule.

3.2 Experimental Environment

This experiment was conducted on an Ubuntu 20.04
operating system, using Python version 3.8.0 and CUDA
version 11.4. Training and testing were performed using
the PyTorch 1.8 deep learning framework, accelerated by
two NVIDIA GeForce RTX 3090-24G GPUs. The model
was initially fine-tuned with pre-trained weights from the

ImageNet dataset. Training spanned 100 epochs with a
batch size of 8 during the transfer and frozen training
phases to ensure efficiency. An initial learning rate of
0.001 was set, and the Adam optimizer was utilized to
refine the training parameters.

3.3 Evaluation metrics

This study employed Top-1 Accuracy and Macro-F,
score as quantitative metrics to evaluate classification per-
formance. Top-1 Accuracy measures the proportion of
instances where the model’s predicted class exactly
matches the true class, as defined in Eq. (14),

N
Top — 1Accuracy :% Z 1y, =) (14)
i1

where N denotes the total number of samples, y; denotes
the predicted class for the i-th sample, y; denotes the true
class for the i-th sample, and 1(s) represents the indicator
function (1 if the condition is true; 0, otherwise).

The F, score, a statistical measure for binary classifica-
tion accuracy, represents the harmonic mean of precision
and recall, thereby assessing the model performance as
detailed in Eq. (195).

E = 2 x Pprecision X RRecall
| =

0y
Pprecision + RRecall % 100/6 (15)
Precision represents the repeated accuracy of the model,
and Recall reflects the ability of the model to capture rel-
evant instances. The F; Score ranges from 0 to 1, with
higher values indicating superior model performance.
Macro-F1 score is the average of the F; scores of all
classes, reflecting the overall classification performance
across multiple classes, formulated as

1 K
Macro — F; :EX;FU (16)
where K represents the number of classes. A higher Macro-

F1 score signifies improved performance in multiclass
classification.

Table 2

Ablation study.

Models normall00 normal99 normal98 normal97 normal96 aging95 Macro-F1 Total (Top-
(F\%) (F\%) (F\%) (F\%) (F\%) (F\%) (%) 1 %)

CSPResNeXt50 91.88 90.38 91.96 92.57 93.26 94.03 92.35 92.36

(baseline)

Deepstem 93.49 92.31 93.28 94.92 94.99 95.84 94.14 93.54

CEA 91.14 90.72 93.35 94.01 94.20 96.78 93.37 93.37

MSF 90.52 90.03 93.32 95.25 94.76 95.91 93.30 93.30

Deepstem-CEA 94.73 93.01 92.40 94.07 95.41 96.20 94.30 94.31

Deepstem-MSF 93.49 92.31 93.28 94.92 94.99 95.84 94.14 94.13

MSF-CEA 92.67 91.77 93.31 96.86 94.86 96.77 94.37 94.38

Deepstem-CEA- 95.18 93.40 94.39 95.65 96.34 97.93 95.32 95.49

MSF
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3.4 Ablation study

To assess the effectiveness of each module’s enhance-
ments, an ablation study was conducted. The contribu-
tions of the Deep Stem, ECA, and MSF modules to
model performance were evaluated individually, and accu-
racy was compared using the test set. The results are pre-
sented in Table 2.

The following conclusions can be drawn from Table 2:

1) Deep Stem Module: The introduction of the Deep
Stem module led to a significant increase in TOP-1
accuracy to 93.54 %, and the macro average F1 score
reached 94.14 %. Compared to the baseline CSPRes-
NeXt50 model, accuracy improved by 1.18 %, and
the F1 score increased by 1.79 %. This indicates that
the Deep Stem module effectively enhances feature
extraction diversity and precision by gradually
expanding the receptive field and smoothly integrat-
ing contextual information.

2) ECA Module: With the introduction of the ECA
module, the TOP-1 accuracy reached 93.37 %, and
the macro-averaged F; score was also 93.37 %, indi-
cating an accuracy improvement of 1.01 % and an F;
score increase of 1.02 %. The ECA module dynami-
cally modulates channel weights via adaptive 1D
convolutions, enabling the network to more effec-
tively detect subtle variations and critical features
in capacitor aging, thereby enhancing the recognition
capabilities of the model.

3) MSF Module: Integrating the MSF module resulted
in TOP-1 accuracy and macro average F; scores
reaching 93.30 %, with each metric increasing by
0.94 %. The MSF module augments the ability of
the model to capture short-term complex changes
and long-term trends in capacitor aging by merging
features across multiple scales.

4) Combined Modules: Employing the Deep Stem and
ECA modules together achieved TOP-1 accuracy
and macro average F; scores of 94.31 % and
94.30 %, respectively. Combining the Deep Stem
and MSF modules yielded TOP-1 accuracy and
macro average F; scores of 94.14 %. The integration
of the ECA and MSF modules resulted in TOP-1
accuracy and macro average F; scores of 94.38 %
and 94.37 %, respectively. When all three modules
were incorporated, performance peaked with a
TOP-1 accuracy of 9549 % and a macro average
F; score of 95.32 %, significantly surpassing the base-
line model. These results further confirm the syner-
gistic effects of the modules in enhancing overall
model performance.

In summary, the ablation study clearly demonstrates
the significant role of the Deep Stem, ECA, and MSF
modules in improving the ability of the model to recognize
capacitor aging states. The integration of these modules
yields superior performance enhancements, confirming
the effectiveness and practicality of the improved
components.

3.5 Comparative validation

To validate the proposed approach, we benchmarked it
against traditional deep learning models, including Dense-
Net [21], EfficientNet_v2 [22], MobileNet_v3 [23], and the
original CSPResNeXt-50 network. The results are outlined
in Table 3.

Our method attained a TOP-1 accuracy of 95.32 % on
the capacitor aging test set, markedly outperforming other
conventional deep learning architectures. These findings
demonstrate that the enhancements introduced in this
study significantly improve the model’s classification accu-
racy. Specifically, relative to the original CSPResNeXt-50

Table 3
Comparative training results for multiple classification models.
Models normall00 normal99 normal98 normal97 normal96 aging95 Macro- Total (Top-
(F\%) (F\%) (F\%) (F\%) (F\%) (F\%) Fi(%) 1 %)
CSPdarknet50 86.08 84.92 89.58 90.93 90.53 92.45 89.08 89.10
CSPResNet50 85.38 84.17 87.31 89.74 89.12 90.15 87.65 87.67
CSPResNeXt50  91.88 90.38 91.96 92.57 93.26 94.03 92.35 92.36
CapAgingNet 95.18 93.40 94.39 95.65 96.34 97.93 95.32 95.49
Resnext50 87.78 84.05 86.90 89.70 90.02 91.95 89.40 88.44
Res2net50 87.72 85.28 90.30 91.40 92.77 94.12 90.27 90.31
Densenet121 74.14 66.89 80.66 82.76 83.49 87.53 79.25 79.31
Efficientnetv2_b3  55.42 43.55 42.47 50.67 44.30 60.18 49.43 48.78
Mobilenet v3 70.99 64.96 63.12 70.75 71.91 74.12 69.31 69.48
small
Shufflenet_v2 71.80 63.92 82.04 88.49 86.86 92.67 80.96 74.06
SEResNeXt50 85.98 83.59 88.03 91.83 90.31 91.46 88.53 88.54
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network, our approach increased the TOP-1 accuracy on
the test set by 3.17 percentage points and the macro aver-
age F; score by 2.97 percentage points. As illustrated in
Table 3, the CapAgingNet model excelled in categorizing
all aging levels. For example, the F; score for the aging95
category achieved 97.93 %, considerably higher than that
of competing models.

Moreover, analysis of accuracy and loss functions
before and after the enhancements (Fig. 11) indicates that
the improved network achieves higher accuracy and lower
loss values during training. This suggests that the
enhanced network converges more rapidly and possesses
greater generalization capabilities. Specifically, in the early
training stages, the improved network rapidly achieves
higher accuracy and remains stable in later stages. The
results further substantiate the benefits of the Deep Stem,

Model Accuracy Comparison
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(a) Model accuracy function before and after improvement

ECA, and MSF modules in feature extraction and
integration.

Comparing the confusion matrices before and after
enhancements (Fig. 12) reveals a substantial reduction in
misclassifications across all categories. Particularly, the
classification accuracy is significantly improved for the
normal97 and aging95 categories. Therefore, the enhanced
model achieves greater accuracy and stability in differenti-
ating various stages of capacitor aging, thereby more effec-
tively identifying capacitor aging states.

In summary, the integrated Deep Stem, ECA, and MSF
modules showcase superior performance in detecting
capacitor aging states, markedly surpassing traditional
deep learning methods and the original CSPResNeXt-50
network. This affirms the effectiveness of the proposed
method and its potential for practical applications.
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(b) Model loss function before and after improvement

Fig. 11. Comparison of model accuracy and loss function before and after improvement.
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Fig. 12. Model confusion matrix before and after improvement.
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4 Conclusions

This study addresses the issue of submodule capacitor
aging in MMC by introducing an online capacitor aging
evaluation method based on capacitor switching state
information. The main conclusions are as follows:

1) Analysis of MMC Operation and Capacitor Aging
Mechanism: The study begins with a comprehensive
analysis of MMC operating principles and the aging
mechanisms of metallized film capacitors. It exami-
nes how capacitor aging affects submodule switching
states and identifies the key factors influencing sys-
tem performance due to capacitor aging.

2) Design and Integration of Improved Modules: To
address the shortcomings in the feature extraction of
the traditional models, three improved modules were
designed and introduced: the Deep Stem module,
ECA module, and the MSF module. The Deep Stem
module incrementally enlarges the receptive field,
enhancing the diversity and precision of feature
extraction while addressing deficiencies in low-level
feature representation. The ECA module modulates
channel weights via adaptive dynamic 1D convolu-
tion, thereby amplifying the representation of salient
features and enhancing feature capture across the
channel dimension. The MSF module integrates mul-
tilevel features, boosting the accuracy and robustness
of feature extraction and mitigating the loss of multi-
scale features. These optimized modules were incorpo-
rated into the CSPResNeXt-50 architecture, resulting
in the newly developed CapAgingNet model.

3) Experimental Results: The experimental findings indi-
cate that CapAgingNet delivers outstanding perfor-
mance in capacitor aging detection, achieving
substantial gains in accuracy and macro-average F;
score. It effectively captures subtle variations in capac-
itor switching states, enabling precise determination
of their aging conditions. Ablation studies and com-
parative analyses further validate the efficacy of each
module and the considerable enhancements they offer.
CapAgingNet surpasses conventional deep learning
approaches and the original CSPResNeXt-50 network
in classification accuracy and model stability.

4) Future Research Directions: This research concen-
trates on evaluating the aging of individual submod-
ule capacitors. Future research could investigate the
interplay of aging among multiple submodule capac-
itors. The aging states of several modules may
involve intricate interactions and propagation mech-
anisms, necessitating further exploration and model-
ing. Furthermore, incorporating more real-world
operational data and scenarios can validate and opti-
mize the performance and stability of the CapAging-
Net model to overcome the challenges of practical

applications in complex power electronic systems.
Future research will further develop online capacitor
aging assessment technologies within systems like
MMC, offering theoretical and practical support to
improve system reliability and operational efficiency.
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