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Abstract

High photovoltaic penetration introduces coupled power-quality disturbances
whose overlapping RMS, harmonic, and transient signatures are difficult to
distinguish under noise. This study develops a field-calibrated diagnosis-
and-mitigation workflow for distributed photovoltaic systems. A balanced
17-class dataset is synthesized within IEEE Std 1159-2019 phenomenon
ranges. The 50 Hz signals are sampled at 2 kHz for 0.2 s, and additive
white Gaussian noise is applied. Magnitude and signed S-transform maps
form complementary inputs to a two-channel convolutional neural network.
Its learned representation and posterior vector are fused with physically
interpretable time, frequency, and time-frequency descriptors. A Logistic-
map chaos search then tunes a decision-tree ensemble and probability-fusion
weights. Under the unified main condition of 20 dB SNR, 200 samples per
class, and stratified source-isolated five-fold cross-validation, the method
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achieves 97.59% ± 0.38% accuracy. Ablation and benchmark tests distin-
guish the contributions of CNN feature learning, conventional ensemble
classification, and chaos-optimized fusion. The diagnostic output is mapped
to a harmonic-bearing decision and an order-resolved spectrum descriptor,
which guide passive target orders and active-current sharing in an equivalent
hybrid active power filter (HAPF) model. Using the same field-calibrated
PCC waveform, the HAPF reduces current THD from 6.550% to 0.973% and
lowers active-converter RMS current from 60.18 A for APF-only operation to
26.40 A, a 56.1% reduction. The source-isolation rule also prevents leakage
between training and testing operating conditions. The workflow therefore
links reproducible compound-disturbance diagnosis with lower-capacity har-
monic mitigation and is directly relevant to power-quality management in
distributed photovoltaic generation.

Keywords: Power quality disturbance, harmonic identification, S-transform,
convolutional neural network, chaos-optimized ensemble decision tree,
hybrid active power filter.

1 Introduction

With the widespread integration of nonlinear loads and distributed energy
resources into modern power systems, power quality (PQ) issues in distri-
bution networks have become increasingly complex [1], presenting unprece-
dented challenges for traditional grids. Distributed generation technologies –
primarily based on solar and wind energy – exhibit stochastic fluctua-
tions and nonlinear output characteristics, which have a growing impact
on power quality. These impacts manifest in the persistent deterioration
of voltage transients, frequency deviations, and harmonic interference [2].
Such PQ disturbances not only compromise the safety and reliability
of electrical equipment but also threaten the stable operation of power
systems [3].

As modern power network topologies grow more intricate, a disturbance
occurring at any location can propagate and couple through the grid, poten-
tially affecting other areas and giving rise to novel disturbance forms [4].
PQ disturbances within the system increasingly manifest not as isolated
events but as composite disturbances – simultaneous superpositions of dif-
ferent types of singular events – thus significantly escalating the difficulty of
detection and classification [5, 6]. Therefore, it is essential to upgrade tradi-
tional PQ disturbance recognition methods to enable accurate and efficient
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identification, thereby enhancing the power grid’s resilience against distur-
bances, ensuring the safe and stable operation of electrical equipment, and
reducing economic losses caused by power quality issues [7].

The identification of PQ disturbances typically involves two critical steps:
feature extraction and signal classification [8].

In feature extraction: Accurate extraction of signal features forms the
foundation for effective PQD recognition and classification. Meanwhile,
recent studies have shown that a key evolution in feature extraction is
the movement from deterministic, hand-crafted metrics to adaptive repre-
sentations that are learned or optimized from data itself. Ren and Ye [9]
proposed a classification framework based on multi-domain parallel feature
extraction combined with an optimization strategy. By fusing diverse features
and selecting an optimal subset using mutual information and Fisher score,
the method enhances representation completeness while mitigating feature
redundancy. He et al. [10] developed a PQD feature extraction method based
on variational mode decomposition (VMD) optimized through particle swarm
optimization (PSO), with improvements including mirror extension to reduce
endpoint effects and feature construction via peak value and power spectrum
entropy of intrinsic mode functions. Shao et al. [11] introduced a data-driven
approach for automatic PQD feature extraction using fast iterative filtering
(FIF), which decomposes non-stationary signals without prior knowledge. By
incorporating fast Fourier transform (FFT) for efficiency, the method enables
real-time PQD recognition and provides interpretable latent representations,
demonstrating strong performance across synthetic signals compliant with
IEEE 1159-2019. Zhang et al. [12] proposed a power quality disturbance
identification method combining the Markov Transition Field (MTF) and
deep residual network (ResNet), where the MTF encodes one-dimensional
time series into two-dimensional visual representations, and ResNet per-
forms feature extraction and classification. Sampurna et al. [13] conducted a
comparative analysis of feature extraction methods for power quality classifi-
cation using a MATLAB-generated dataset with added noise. Both Stockwell
Transform and FFT were evaluated in combination with machine learning
classifiers such as k-Nearest Neighbors, Decision Trees, and Bagged Trees.
The study offers detailed insights into the performance differences of these
techniques in noisy environments, highlighting their applicability to practi-
cal PQ disturbance classification. Wang et al. [14] proposed an enhanced
feature extraction algorithm for substation equipment image alignment by
optimizing the Super Point framework. The method incorporates edge fea-
ture fusion via the Canny operator and employs K-means segmentation to
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guide extraction toward salient target regions, reducing background interfer-
ence. Experimental results on the CAO-C2F dataset demonstrated a 12.04%
improvement in alignment accuracy and reduced processing time, confirming
the method’s robustness and efficiency in complex substation scenarios.
Meena et al. [15] presented a PQD classification method that employs dis-
crete wavelet transform (DWT) for extracting features from both simple
and compound disturbances. Support Vector Machines (SVM) were used
for classification, and various feature vector configurations were tested to
improve accuracy. The results demonstrated high precision in detection and
classification, validating the effectiveness of the DWT-SVM combination for
PQ analysis.

In signal classification: Traditional classification approaches typically
involve feature extraction via signal processing techniques followed by clas-
sification using machine learning models. However, these methods often
exhibit limited accuracy when dealing with complex or mixed-type distur-
bances [16]. In recent years, deep learning methods have attracted significant
attention due to their superior ability to automatically extract relevant fea-
tures. Yong et al. [17] developed a power quality disturbance identification
approach combining wavelet transform (WT) and multi-level local density
clustering (LDC). The method extracts wavelet energy-based features and
utilizes LDC to construct a classification model capable of identifying both
single and composite disturbances. Experimental validation demonstrated
that the proposed method offers high recognition accuracy with low com-
putational complexity and time consumption. Liao and Liu [18] proposed a
disturbance identification method that integrates an optimized VMD with a
CNN-BiGRU architecture enhanced by a multi-head attention mechanism.
The chaotic Crayfish Optimization Algorithm (COA) was employed to fine-
tune VMD parameters, enabling effective extraction of time-domain features
from intrinsic mode functions. Kumar et al. [19] addressed the detection of
multiple and multistage power quality disturbances by employing a standard
S-Transform technique with optimally tuned Gaussian window parameters.
By generating synthetic signals based on IEEE-1159 standards, the method
effectively distinguishes between complex disturbance types, demonstrating
strong performance in the identification of overlapping and sequential PQ
events. Guo et al. [20] introduced a transient power quality disturbance
classification method based on digital image processing techniques, including
gamma correction, edge detection, and local extremum analysis. By con-
verting disturbance signals into grayscale images through normalization and
extracting their morphological features, the method enables accurate and
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efficient classification of transient events, showing improved accuracy over
traditional approaches.

Above studies reveal a tension between representation capacity and inter-
pretability: while deep neural networks offer superior performance in feature
learning, their outputs are often opaque; conversely, classical classifiers like
decision trees are more interpretable but limited in adaptability. At the same
time, effective model optimization under nonconvex, noisy, and multidimen-
sional conditions remains an open challenge. Therefore, this paper proposes
to combine the feature learning ability of deep learning with the ability
of ensemble learning to enhance the adaptability of models to nonlinear
disturbances. The key contributions of this paper are outlined below:

• A two-channel CNN is used to learn complementary magnitude and
signed S-transform representations. Its 128-dimensional deep represen-
tation and 17-dimensional posterior vector are fused with 97 physi-
cally interpretable features, after which a Logistic-map chaos search
optimizes the decision-tree ensemble and probability-fusion parameters.

• The recognition output is organized into a harmonic-bearing decision
and an order-resolved spectrum descriptor. These outputs guide the
selection of passive target orders and the rating of the active compensa-
tion branch, thereby connecting compound-disturbance diagnosis with a
field-calibrated HAPF mitigation study.

2 Harmonic and Disturbance Model Generation

2.1 Field-Measured Harmonic Characteristics

Photovoltaic (PV) grid-connected inverters, functioning as essential power
electronic interfaces, inevitably induce voltage fluctuations and harmonic
distortions at the point of common coupling (PCC) due to impedance inter-
actions with the power grid. This study investigates an industrial rooftop
distributed PV generation system comprising 1,120 optimally configured
660 Wp PV modules. The architecture adopts a modular string design, inte-
grating multiple strings into eight identical 100 kW grid-connected inverter
units. The aggregated AC output is centralized and subsequently elevated
from 0.4 kV to 10 kV via existing step-up transformers for integration
into the distribution network. The corresponding ETAP simulation model is
illustrated in Figure 1.

Field measurements were acquired at Cable9, the 10 kV incoming feeder
at the point of common coupling (PCC). The power-quality analyzer reports



1458 Zhiquan Liu et al.

Figure 1 ETAP model of the field-measured grid-connected PV system.

Figure 2 Field measurement at the Cable9 PCC.

a current THD of 6.59%, with 5th, 7th, 11th, and 13th harmonic ratios of
2.0249%, 2.0615%, 4.8523%, and 3.0745%, respectively. The total harmonic
distortion rate of the current at the 10kV public connection point is limited to
5%, which has exceeded the standard allowable range. Figure 2 documents
the on-site analyzer record and measurement location. The Cable9 current



Harmonic Disturbance Identification and Suppression Method 1459

Figure 3 MATLAB post-processing of the field-recorded Cable9 current.

waveform exported by the analyzer was then imported into MATLAB for
a 50 Hz-window FFT analysis; the resulting field-data post-processing is
presented in Figure 3 and is distinct from the ETAP network model shown
in Figure 1. Resampling the exported waveform and applying the common
2nd-25th-order estimator gives a reproducible THD of 6.550%, which is used
as the initial condition for all mitigation comparisons in Section 4.2.

2.2 Single-Disturbance Models

Because a limited field record cannot cover the operating variability required
for supervised learning, the formal main dataset was generated in MATLAB
using field-calibrated harmonic ratios and IEEE-constrained disturbance
parameters. It contains 17 balanced classes and 200 samples per class, giving
3,400 samples in total. For the sample-size sensitivity study, nested class-
wise subsets of 100,200, and 300 samples were taken from the same mother
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source pool, so that changes in sample quantity were not confounded with
newly randomized operating conditions. Additive white Gaussian noise was
scaled from the variance of each clean waveform; 20 dB was used for the
main experiment. Every source case was assigned a persistent SourceID, and
samples derived from the same source condition were kept in the same outer
fold.

The transformation of periodic electrical parameters into harmonic com-
ponents is achieved through discrete Fourier transform (DFT) implemen-
tation. Periodic electrical quantities with harmonic characteristics can be
mathematically represented through Fourier series expansion, decomposing
complex waveforms into constituent sinusoidal and cosinusoidal compo-
nents. The generalized Fourier series expansion formula is expressed as:

f(t) = a0 + k1 sin(ωt+ φ1) + k2 sin(2ωt+ φ2)

+ · · ·+ kn sin(nωt+ φn) + · · ·

= a0 +

∞∑︂
n=1

(an cosnωt+ bn sinnωt) (1)

To preserve the measured harmonic signature while introducing realistic
operating variation, the 5th, 7th, 11th, and 13th harmonic ratios are sampled
from truncated normal distributions centered at 2.0249%, 2.0615%, 4.8523%,
and 3.0745%, respectively, with each ratio bounded within ±25% of its
measured center. Independent random phase angles are assigned to the four
harmonics. The resulting harmonic class is denoted C1.

V (t) = sin(ωt)+α5 sin(5ωt+φ5)+α7 sin(7ωt+φ7)+α11 sin(11ωt+φ11)
(2)

Where α5, α7, α11, and α13 represent the amplitudes of the 5th, 7th,
11th, and 13th harmonics, respectively, while φ5, φ7, φ11, and φ13 denote
the corresponding phase angles.

In order to be able to identify normal waveforms and harmonics, a
conventional sine wave is introduced. Its signal model is V (t) = sin(ωt),
and the identification number is C0.

The remaining six single-disturbance phenomena are defined using
constrained subsets of the categories and terminology in IEEE Std 1159-
2019 [21], which provides consistent descriptions of conducted electromag-
netic phenomena and deviations from nominal power-system conditions.
Each disturbance is assigned a unique identifier from C2 to C7.
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Table 1 Single-disturbance types and identifiers
Identifier Disturbing Type Signal model

C2 Voltage Sag V (t) = (1 − α(u(t − t1) − u(t − t2))) sin(ωt)

C3 Voltage Swell V (t) = (1 + α(u(t − t1) − u(t − t2))) sin(ωt)

C4 Voltage
Interruption

V (t) = (1 − α(u(t − t1) − u(t − t2))) sin(ωt)

C5 Voltage Flicker V (t) = (1 + αf sin(βωt)) sin(ωt)

C6 Oscillatory
Transient

V (t) = sin(ωt) + α2e
(t−t3)

τ sin{ωn(t − t3) · {u(t − t3) − u(t − t4)}

C7 Impulsive
Transient

V (t) = sin(ωt) + α2e
− (t−t3)

τ {u(t − t3) − u(t − t4)}

Table 2 Compound-disturbance types and identifiers
Identifier Disturbing Type

C8 Voltage Sag + Harmonics

C9 Voltage Swell + Harmonics

C10 Voltage Interruption + Harmonics

C11 Voltage Flicker + Harmonics

C12 Oscillatory Transient + Harmonics

C13 Impulsive Transient + Harmonics

C14 Voltage Sag + Harmonics + Oscillatory Transient

C15 Voltage Swell + Harmonics + Oscillatory Transient

C16 Voltage Flicker + Harmonics + Impulsive Transient

2.3 Compound-Disturbance Models

In addition to the seven single power quality disturbances mentioned above,
this paper also includes six double disturbances and three triple disturbances
that incorporate harmonics. The corresponding mathematical models and
parameter descriptions are shown in Table 2.

All waveforms have a 50 Hz fundamental frequency and are sampled
at 2 kHz for 0.2 s (10 fundamental cycles and 401 points including both
endpoints). RMS-event duration is 0.02–0.16 s; sag residual voltage is 0.15–
0.85 p.u.; swell magnitude is 1.15–1.75 p.u.; and interruption residual voltage
is 0.01–0.08 p.u. Flicker depth and frequency are 0.04–0.07 p.u. and 5–15 Hz.
Oscillatory transients use amplitudes of 0.20–0.50 p.u., frequencies of 300–
900 Hz, durations of 8–50 ms, and decay constants of 8-20 ms. Impulsive
transients use absolute amplitudes of 0.30–0.80 p.u. and widths of 1–2 ms.
Parameters are randomized only within these stated ranges. Figures 3 and 4
show representative single and compound waveforms.
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Figure 4 Normal waveform and seven single-disturbance waveforms (C0-C7).

Figure 5 Nine compound-disturbance waveforms (C8-C16).
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3 Disturbance Feature Extraction

3.1 Design of Feature Quantities

The S-transform is a multi-resolution analysis tool that integrates the advan-
tages of both the Short-Time Fourier Transform (STFT) and the Wavelet
Transform (WT), making it particularly suitable for time-frequency analysis
of non-stationary signals [22]. As a linear transformation, the S-transform
avoids the cross-term interference inherent in bilinear methods, thereby pro-
viding a reliable approach for analyzing power signals containing harmonics
and various disturbances. Moreover, the S-transform yields a time-frequency
spectrum that visually represents the energy distribution of the signal, which
facilitates both manual inspection and feature extraction for machine learning
applications. The mathematical definition of the S-transform is given as
follows:

S(τ, f) =

∫︂ ∞

−∞
x(t)w(τ − t, f)e−2πiftdt (3)

where w(τ − t, f) is the Gaussian window function, expressed as:

w(τ − t, f) =
|f |√
2π

e
−f2(τ−t)2

2 (4)

The formula of the S-transform can be further simplified as:

S(τ, f) =

∫︂ ∞

−∞
x(t) · fe−

(τ−t)2f2

2 e−i2πftdt (5)

A notable advantage of the S-transform is that its window width is
inversely proportional to the square of the signal frequency, enabling adaptive
adjustment of the Gaussian window’s scale. Specifically, narrower windows
are used in high-frequency regions to capture rapid signal variations, whereas
wider windows are applied in low-frequency regions to characterize long-
term trends. This adaptability makes the S-transform particularly effective
for capturing transient features in non-stationary signals and revealing the
time-frequency coupling characteristics of power quality disturbances.

The S-transform produces a complex time-frequency matrix S(f, t). Let
A(f, t) = |S(f, t)| and let a1(t) denote the magnitude profile at the frequency
bin nearest the 50 Hz fundamental. The five basic descriptors supplied
by extract features.m are defined below. They quantify RMS-event depth,
waveform modulation, harmonic-band energy, and transient high-frequency
activity rather than generic whole-matrix moments.
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(1) F1: Normalized minimum fundamental amplitude (Z min)

The reference R0 is the temporal mean of a1(t). Zmin measures the deepest
reduction of the fundamental profile and is therefore sensitive to voltage sag
and interruption.

Zmin =
mint a1(t)

R0
, R0 =

1

N

N∑︂
t=1

a1(t) (6)

A smaller Zmin indicates a deeper and/or longer reduction of the funda-
mental component.

(2) F2: Normalized maximum fundamental amplitude (Z max)

Zmax measures the largest elevation of the fundamental profile and provides
the complementary descriptor for swell-dominated events.

Zmax =
maxt a1(t)

R0
(7)

Values above unity indicate an increase relative to the mean fundamental
level.

(3) F3: Fundamental-profile correlation (Sb)

The standardized fundamental profile is correlated with a standardized 50 Hz
reference sequence. This coefficient captures the temporal regularity of the
fundamental component and changes when modulation or abrupt events
distort its time profile.

Sb = corr

(︃
a1(t) − µa1

σa1
,
s(t)− µs

σs

)︃
, s(t) = sin(2πf0t) (8)

The coefficient is bounded to [−1, 1] in the implementation.

(4) F4: Normalized mid-frequency energy (Eh)

The 100–700 Hz band contains the principal field-calibrated 5th, 7th, 11th,
and 13th harmonic components. Eh is its squared-magnitude energy divided
by total S-transform energy.

Eh =

∑︁
100<f≤700

∑︁N
t=1A

2(f,t)∑︁
0≤f≤ fS

2

∑︁N
t=1A

2(f,t)
(9)
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A larger Eh indicates a stronger harmonic contribution relative to the
complete spectrum.

(5) F5: Normalized high-frequency RMS amplitude (Arms)

For H= {f: f > 700 Hz}, the RMS magnitude of the high-frequency S-
transform region is normalized by the mean magnitude of the complete
matrix. This descriptor responds to localized oscillatory and impulsive
transient energy.

Arms =

√︃(︂
1

N |H|

)︂∑︁
f∈H

∑︁N
t=1A

2(f,t)(︁
1

MN

)︁∑︁M
f=1

∑︁N
t=1A(f, t)

(10)

For numerical stability, the five descriptors are restricted to finite ranges
before fold-wise standardization; the frequency boundaries remain fixed
throughout the dataset.

These five descriptors form the original S-transform feature vector
[Zmin, Zmax, Sb, Eh, Arms]. The final physical branch additionally contains
51 enhanced S-transform statistics and 41 time-domain descriptors, allow-
ing the tree ensemble to combine interpretable event depth, band-energy,
transient-localization, and waveform-shape information.

3.2 Extraction of Feature Quantities

This study uses a two-channel CNN for automatic feature extraction from
the S-transform. Channel 1 is the globally standardized log-magnitude map,
which retains amplitude changes associated with sag, swell, and interrup-
tion. Channel 2 is the sample-wise standardized signed real component,
which retains polarity, phase-related information, and temporal direction lost
in a magnitude-only representation. Both channels have a spatial size of
201× 401. The fusion model architecture is shown in Figure 6.

The paired S-transform channels are supplied directly to the CNN rather
than converted to a single grayscale image. This design allows the network
to learn energy-distribution patterns from the magnitude channel while using
the signed channel to distinguish disturbances with similar magnitude spectra
but different temporal or phase behavior.

The CNN backbone comprises a 7× 7 convolution with 32 channels and
stride 2; two 3 × 3 convolutions with 64 channels; two 3 × 3 convolutions
with 128 channels; and two 3 × 3 convolutions with 192 channels. Batch
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Figure 6 Architecture of the two-channel CNN and chaos-optimized probability-fusion
model.

normalization and ReLU activation follow each convolutional block, and
max-pooling is applied after the 32-, 64-, and 128-channel stages. Global
average pooling is followed by a 128-node fully connected layer, batch
normalization, ReLU, and a 17 -node Softmax output layer. Dropout rates of
0.15, 0.20, and 0.35 are used after the 64-channel stage, 128-channel stage,
and 128-node feature layer, respectively.

The network is trained with Adam for at most 90 epochs using a mini-
batch size of 32, an initial learning rate of 0.001, piecewise learning-rate
drops by a factor of 0.35 every 25 epochs, L2 regularization of 3× 10−4, and
a gradient threshold of 1. Within each outer training fold, 15% of the samples
are reserved for validation; early stopping uses a patience of 12 and retains
the network with minimum validation loss. Time-axis translations of ±30
columns are used for training augmentation, and test-time averaging uses
shifts of −24, 0, and +24 columns. The final tree input is a standardized 242-
dimensional vector: 128 CNN activations, 17 CNN posterior probabilities, the
five descriptors [Zmin, Zmax, Sb, Eh, Arms], 51 enhanced S-transform statis-
tics, and 41 time-domain physical features. All normalization, early stopping,
chaos search, and fusion-weight selection are determined exclusively from
the outer training fold.



Harmonic Disturbance Identification and Suppression Method 1467

Table 3 Model parameter settings
Module Parameter Setting Used in the Reported Experiments
Input Two S-transform channels 201× 401× 2 (log-magnitude and signed real

component)
CNN Convolution channels 32, 64, 128, and 192; seven convolutional

layers
CNN Activation/normalization ReLU after batch normalization
CNN Dropout 0.15, 0.20, and 0.35
Training Adam 90 epochs; batch 32; initial learning rate 0.001
Training Regularization/validation
Tree input Fused feature vector L2 = 3× 10− 4; 15% inner validation;

patience 12 128 CNN + 17 posterior + 97
physical = 242

Chaos search Logistic map r = 4; 18 candidates per outer fold
Chaos search Optimized variables Tree count, leaf size, sampled features, split

limit, and three fusion weights

3.3 Ensemble Decision Tree with Chaos Optimization

For the conventional ensemble and the proposed chaos-optimized ensem-
ble, the 242-dimensional fused vector is used as classifier input. The
handcrafted-feature ablation uses a 56-dimensional vector comprising
[Zmin, Zmax, Sb, Eh, Arms] and the 51 enhanced S-transform statistics.
Bagged decision trees are used in both ensemble variants, so their perfor-
mance difference isolates chaos-based parameter selection and probability
fusion rather than a change of tree family.

To achieve this, the construction process employs an information-
theoretic approach, whereby entropy variation before and after splitting is
used to evaluate the quality of each partition. Information Gain is adopted as
the metric for assessing how much a feature contributes to data classification.
It is defined as:

Gain(D, f) = H(D)−
k∑︂

v=1

∥Dv∥
∥D∥

H(Dv) (11)

Where H(D) represents the information entropy of the dataset D, mea-
suring the uncertainty or disorder of the dataset. f is the splitting feature,
v is a possible value of the feature, and Dv is the subset corresponding
to the value v of feature f . Thus, the decision tree model was constructed
recursively by selecting the feature and splitting threshold that maximize
information gain [25].
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A Logistic-map chaos search is used to tune the ensemble and probability-
level fusion on the internal validation subset only. For each outer fold, 18
chaotic candidates are evaluated. The search covers 220–520 trees, minimum
leaf sizes of 1–11, feature-subsampling sizes from approximately the square
root of the feature dimension to 85% of that dimension, and maximum split
counts from 35% to 95% of the available fitting samples. Three nonnega-
tive normalized weights combine the CNN posterior, the fused-feature tree
posterior, and a separate physical-feature tree posterior. Candidate selection
maximizes validation accuracy, with multiclass logarithmic loss used as the
tie-breaker. The final selected configuration is then refitted on the complete
outer training fold.

Zn+1 = rZn(1− Zn) (Zn ∈ [0, 1], r ∈ [0, 4]) (12)

Where Zn is the chaotic state at iteration n. The Logistic control param-
eter is fixed at r = 4 to obtain fully developed chaotic behavior, while
fold-dependent initial values are used to avoid identical candidate sequences.
Chaos generation is performed only during offline model selection.

The formal recognition experiment uses stratified five-fold cross-
validation at 20 dB. Each fold contains 40 samples from every class; four
folds are used for training and one for testing, and the procedure is repeated
until every sample has served once as an outer test sample. Fold assignment
is fixed by SourceID, so samples derived from the same operating condition
cannot appear in both training and testing sets. Reported main accuracy is
the mean and sample standard deviation across the five outer folds. Aux-
iliary sample-size, SNR, and mainstream-model studies use the same fixed
source-isolated Fold 1 as an 80:20 holdout and are explicitly reported as
single-holdout results rather than cross-validation means.

Computational complexity is separated into offline and online compo-
nents. CNN training, fitting of candidate tree ensembles, and the 18-candidate
chaos search are performed offline. For one online sample, the required
operations are one S-transform, one CNN forward pass, and posterior eval-
uation of the selected tree ensembles. The CNN cost is dominated by the
convolutional layers and scales with the sum of kernel area × input channels
× output channels × output-map area across layers; tree inference scales
approximately with the number of selected trees multiplied by their average
depth. The chaos sequence is not regenerated during online inference and
therefore does not add repeated search latency to the deployed recognition
stage.
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4 Results and Discussion

4.1 PQD Identification Performance and Discussion

The main experiment uses a 2 kHz sampling frequency, a 0.2 s observation
window, 20 dB SNR, 17 classes, and 200 samples per class (3,400 samples in
total). Stratified source-isolated five-fold cross-validation gives 2,720 training
samples and 680 test samples in each outer fold. The proposed method
obtains 97.94%, 97.94%, 97.35%, 97.65%, and 97.06% on the five test folds.
The 0.88-percentage-point range between the best and worst folds indicates
that performance is not dominated by a favorable split and remains stable
when complete source conditions are withheld.

Figure 7 compares the four required schemes fold by fold. Their mean
accuracies are 86.56%, 96.21%, 96.88%, and 97.59%, respectively. The
largest improvement is produced by replacing handcrafted S-transform
descriptors with the two-channel CNN, confirming that magnitude and
signed time-frequency maps capture compound-event structure that is not
represented by low-dimensional statistics alone. Adding a conventional tree
ensemble improves every fold, and chaos-optimized probability fusion again
improves all five folds, with the largest gain occurring in Fold 3. The proposed
method reaches 97.59% ± 0.38%, while its mean training-to-test gap is
1.92 percentage points. The small fold dispersion and moderate gap jointly
indicate stable generalization under source-isolated evaluation.

Figure 8 contains the aggregated 3,400 outer-test predictions. The domi-
nant errors occur when a short or low-amplitude secondary event is superim-
posed on a stronger harmonic/RMS component. In particular, 14 C15 samples

Figure 7 Five-fold classification accuracy of the four ablation schemes.
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Figure 8 Aggregated test confusion matrix under five-fold cross-validation.

(voltage swell + harmonics + oscillatory transient) are assigned to C9 (voltage
swell + harmonics), and 9 C12 samples (oscillatory transient + harmonics)
are assigned to C1 (harmonics). Similarly, brief isolated transients account
for four C6-to-C0 and five C7-to-C0 errors. These patterns are physically
plausible because the transient occupies only 8-50 ms of the 0.2 s record and
may approach the noise floor after exponential decay. Figure 9 provides the
corresponding class-wise metrics: recall ranges from 92.50% to 100%, and 15
of the 17 classes achieve at least 95% recall. C1 has 99.0% recall but 90.41%
precision because weak secondary events in several harmonic-bearing com-
pound classes are reduced to their common harmonic signature. Importantly
for the subsequent mitigation stage, these within-harmonic-group confusions
preserve the harmonic-bearing decision.

Figure 10(a) evaluates nested datasets of 100,200, and 300 samples per
class on the same source-isolated holdout. The CNN-only accuracy rises
from 92.65% to 96.18% as additional samples are included, whereas the
proposed fusion remains in the narrow 96.47%–97.65% interval. The non-
monotonic values of the proposed method (97.65%, 96.47%, and 96.86%) are
expected for a single fixed holdout and should be interpreted as sensitivity
bounds rather than a learning-curve trend. They nevertheless show that the
physical and ensemble branches improve robustness in the lower-data regime.
Figure 10(b) examines matched training and testing at 10, 20, and 30 dB. The
proposed method improves the CNN by 13.68 percentage points at 10 dB
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Figure 9 Per-class precision, recall, and F1 score from aggregated five-fold test predictions.

Figure 10 Fixed-holdout sensitivity analyses.

and 0.74 points at 20 dB; both methods reach 99.85% at 30 dB. Thus,
probability fusion is most useful before the high-SNR ceiling is reached, but
it cannot fully recover the 2%–5% harmonic components when broadband
noise dominates the short record at 10 dB.

Figure 11 compares representative classifiers on the same 20 dB source-
isolated holdout, using an input suited to each model. RBF-SVM and random
forest use the 97 physical/statistical features, GRU uses a compressed 24-
channel S-transform sequence, and the CNN-based methods use the 201 ×
401× 2 maps. The proposed model obtains 96.47%, compared with 90.44%
for RBF-SVM, 94.26% for random forest, 65.44% for GRU, and 95.74% for
the two-channel CNN. The 0.74-point gain over the identical CNN backbone
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Figure 11 Comparison with mainstream classifiers under the fixed source-isolated holdout.

Table 4 Ablation results under the unified five-fold main experiment
Mean

Scheme Configuration Accuracy (%) Std. (%)
1 S-transform features + decision-tree ensemble 86.56 1.33
2 CNN Softmax only 96.21 0.88
3 CNN features + conventional tree ensemble 96.88 0.91
4 CNN + chaos-optimized three-way tree fusion (proposed) 97.59 0.38

isolates the benefit of adding optimized tree posteriors, while the random-
forest result shows that physical features alone remain informative but do
not capture the full time-frequency structure. The lower GRU result suggests
that compressing the S-transform into a short sequence discards spatial detail
needed to separate the mixed RMS, harmonic, and transient phenomena
considered here.

Table 4 summarizes the four-scheme ablation under the unified five-fold
protocol. CNN representation learning contributes 9.65 percentage points
over the handcrafted baseline. The conventional ensemble adds 0.68 points
over CNN alone, and chaos-optimized three-way probability fusion adds
a further 0.71 points over the conventional ensemble. Although the final
increment is modest, it is positive in every outer fold and reduces the standard
deviation from 0.91% to 0.38%. The contribution of chaos optimization is
therefore expressed primarily as consistent fold-wise refinement and reduced
split sensitivity, rather than as an isolated large accuracy jump.

Table 5 reports the numerical values underlying Figure 10(a). Because
all capacities are nested subsets of one mother source pool, the compari-
son changes sample quantity without changing the disturbance-generation
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Table 5 Sample-size sensitivity on a fixed source-isolated holdout set (20 dB)
Samples Per Class Total Samples CNN Accuracy (%) Proposed Accuracy (%)
100 1,700 92.65 97.65
200 3,400 95.74 96.47
300 5,100 96.18 96.86

Table 6 Comparison with mainstream algorithms on the fixed source-isolated holdout set
(20 dB, 200 samples per class)

Holdout
Algorithm Input/Model Description Accuracy (%)
RBF-SVM 97 physical and S-transform statistical features 90.44
Random forest 97 physical and S-transform statistical features 94.26
GRU 24-channel compressed S-transform sequence 65.44
Two-channel CNN 201× 401× 2 S-transform input 95.74
Proposed method CNN + chaos-optimized tree probability fusion 96.47

ranges. These single-holdout values are used only as data-scale sensitivity
indicators; the principal recognition result remains the five-fold mean of
97.59% ± 0.38%.

Table 6 complements the ablation by comparing established model fam-
ilies under the same holdout and SNR. The proposed method exceeds
RBF-SVM, random forest, GRU, and the two-channel CNN by 6.03, 2.21,
31.03, and 0.74 percentage points, respectively. Since the CNN and proposed
method share the same image input and backbone, their difference is the most
direct evidence for the added value of the optimized ensemble. The other
comparisons show the consequence of using model-appropriate statistical or
sequential representations and are interpreted as broader reference baselines.

Taken together, the source-isolated five-fold result, class-level error struc-
ture, nested sample-size study, matched-SNR test, and mainstream-model
comparison show that the proposed improvement is repeatable across folds
and is not explained by a single favorable split. The remaining errors are
concentrated in weak secondary transients, which also defines the principal
recognition boundary for short records at severe noise levels.

4.2 Diagnosis-Guided Harmonic Mitigation and Engineering
Interpretation

The purpose of this stage is to convert the recognition result into infor-
mation that can support harmonic-mitigation design. The 17-class output
is first mapped to a harmonic-bearing decision: C1 and C8-C16 enter the
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Figure 12 Diagnosis-guided identification and harmonic-mitigation workflow.

HAPF assessment branch, whereas C0 and C2-C7 remain disturbance records
for other mitigation measures. Aggregating the five-fold confusion matrix
according to this mapping gives 1,999 correct harmonic decisions, one missed
harmonic case, no false harmonic decision, and 1,400 correct non-harmonic
decisions. The resulting 99.97% decision accuracy, 99.95% sensitivity, and
100% precision show that most class-level confusions in Figures 8 and 9
occur within the same mitigation group. Consequently, the classifier can
remain useful for strategy selection even when a weak secondary distur-
bance is not assigned its exact compound label. Figure 12 illustrates the
complete diagnosis-guided harmonic mitigation workflow built on the above
classification strategy. It covers the full implementation chain from field
PCC waveform acquisition, compound disturbance identification, harmonic-
bearing decision, order-resolved spectral decomposition, to the parameter
configuration and performance verification of the equivalent HAPF model,
and intuitively demonstrates how the diagnostic output is mapped to the
hybrid filtering scheme.

For a harmonic-bearing case, the diagnostic front end provides the
descriptor d = [H2, . . . ,H25,THD]. This vector supplies three quantities
required by the equivalent HAPF design: the target harmonic orders, the
passive/active current-sharing ratio, and the active-branch current rating. The
field spectrum identifies the 11th and 13th components as dominant stationary
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Figure 13 Harmonic-spectrum comparison.

targets, so they are assigned to single-tuned passive branches. At the 0.4 kV
equivalent bus, L11 = 0.45 mH with C11 = 186.08 uF and L13 = 0.32 mH
with C13 = 187.35 uF produce resonances at 550 and 650 Hz. The APF
tracks the remaining 2nd-25th harmonic reference with a 4 kHz equivalent
bandwidth, and the residual spectrum determines a 36 A RMS active rating.
The model uses a 1,000 A phase current base, a 20 kHz sampling fre-
quency, a 0.30 s interval, filter insertion at 0.04 s, and a 0.90 passive capture
coefficient. This equivalent model resolves harmonic-current allocation and
capacity requirements; converter switching ripple, semiconductor losses, and
controller implementation are outside its present scope.

Figures 13, 14 and Table 7 compare passive-filter, APF-only, and HAPF
operation using the same reconstructed PCC waveform, time window, and
harmonic estimator. The passive branches reduce the dominant 11th and 13th
components and lower THD from 6.550% to 3.241%, but the remaining
5th, 7th, and non-target components prevent the passive-only scheme from
achieving the desired residual distortion. APF-only compensation reaches
0.667% THD but requires 60.18 A RMS of active current. The HAPF reaches
0.973% THD with 26.40 A RMS of active current, a 56.1% reduction in
active-converter demand. The small 0.306-percentage-point THD increase
relative to APF-only operation is therefore exchanged for a substantial reduc-
tion in converter current capacity while maintaining THD below 1%. This
current-sharing trade-off, rather than minimum THD alone, is the princi-
pal engineering benefit of using the diagnosis-derived dominant orders to
configure the hybrid topology.

The mitigation study completes the harmonic-bearing branch of the
proposed workflow. Recognition determines whether harmonic treatment is
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Figure 14 Equivalent HAPF simulation results under the identical field-calibrated condition.

Table 7 Equivalent filtering performance under the identical field-calibrated condition
Metric Before Filtering Passive Filter APF HAPF
5th harmonic (%) 2.045 2.041 0.172 0.278
7th harmonic (%) 2.088 2.082 0.204 0.302
11th harmonic (%) 4.885 0.877 0.340 0.665
13th harmonic (%) 3.103 0.619 0.287 0.493
THD (%) 6.550 3.241 0.667 0.973
Active current (A RMS) 0 0 60.18 26.40

relevant, the extracted spectrum selects the fixed passive targets, and the
residual spectrum determines the active compensation burden. The resulting
comparison demonstrates that diagnostic information can support both filter-
parameter matching and converter-capacity reduction. The present equivalent
simulation establishes this design-level relationship and provides a defined
basis for subsequent hardware-in-the-loop and field validation.

5 Conclusion

This paper developed a field-calibrated workflow for identifying compound
PQDs and using the resulting diagnosis to parameterize harmonic mitigation
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in a PV-rich distribution network. IEEE Std 1159-2019-constrained ranges
provide disturbance diversity, while the measured Cable9 spectrum anchors
the harmonic component. The two-channel S-transform representation pre-
serves complementary magnitude and signed information, and the fused
physical branch retains interpretable event-depth, band-energy, and transient-
localization cues.

Under 20 dB SNR, 200 samples per class, and source-isolated five-fold
cross-validation, the proposed method achieves 97.59% ± 0.38% accuracy.
The four ablation means of 86.56%, 96.21%, 96.88%, and 97.59% show
that CNN representation learning provides the main gain, while the chaos-
optimized fusion supplies a smaller but fold-consistent improvement and
lowers split sensitivity. Error analysis further shows that the remaining ambi-
guity is concentrated in weak secondary transients, especially under the 10 dB
severe-noise condition.

Mapping the 17 labels to harmonic-bearing and non-harmonic groups
gives 99.97% decision accuracy, indicating that most residual class confu-
sions do not alter the mitigation branch. Under the field-calibrated equivalent
condition, diagnosis-guided allocation of the 11th and 13th components to
passive branches and the residual spectrum to the active branch reduces THD
from 6.550% to 0.973%. Compared with APF-only operation, the HAPF
reduces active-converter RMS current by 56.1% while maintaining sub-1%
THD.

Overall, the results demonstrate that compound-disturbance diagnosis can
contribute not only a class label but also actionable spectral information for
filter targeting and capacity allocation. Future work will extend the equivalent
model to hardware-in-the-loop and field tests, with emphasis on controller
delay, switching effects, parameter drift, and end-to-end implementation
under changing operating conditions.
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