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This study proposes a harmonic detection method based on artificial neural network and all-phase Fast 
Fourier Transform to solve three problems in power systems: inaccurate nonlinear feature extraction, noise 
sensitivity, and slow dynamic response. It uses adaptive particle swarm optimization algorithm to improve 
neural network parameter initialization and sparse decomposition to enhance spectrum anti_interference 
ability. This builds a tandem architecture for rapid feature extraction and precise parameter estimation. Ex-
perimental results revealed that the phase measurement accuracy reached 2.05°, and under standard sim-
ulation conditions the frequency tracking error did not exceed 40mHz. The average signal-to-noise ratio 
improvement reached 12.3dB across the tested noisy environments. Meanwhile, the algorithm convergence 
time of this method in transient events such as motor starting, capacitor switching, and short-circuit faults 
was reduced to within 105ms, 50ms, and 150ms, respectively. The research integrates intelligent feature 
learning with precision spectrum analysis. It effectively balances accuracy and robustness in harmonic de-
tection for complex power grids. This provides technical support for power quality monitoring and safety 
assessment.
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1. Background
Accurate perception and security assessment of 
power system operating status are important tasks 
in smart grid. In complex power supply environ-
ments, power harmonics and interharmonic signals 
form a nonlinear dataset that has key diagnostic val-
ue but is difficult to analyze [2]. These signals are 
non_stationary, non_linear, and noise_prone. They 
contain complex components (fundamental, har-
monics, interharmonics), dynamic characteristics 
(amplitude/phase fluctuation, frequency offset), and 
mixed Gaussian/non_Gaussian noise. Traditional 
harmonic analysis based on fast Fourier transform 
(FFT) and its improved algorithms has significant 
limitations in spectrum leakage, noise suppression, 
and unbiased phase measurement [25]. Therefore, 
developing a robust harmonic detection framework 
with high_precision parameter estimation is a key 
challenge for safe and stable power system opera-
tion. Many researchers have studied this topic.
Wang et al. [24] proposed a general probabilistic 
modeling method based on operating state identifi-
cation. This method solves the problem of low accu-
racy caused by uncertain operating states in power 
system harmonic modeling. It improves the model-
ing accuracy of harmonic emission characteristics 
and enhances model generalization by identifying 
load operating states and constructing probability 
density functions [24]. Zhang et al. [26] established 
a harmonic detection optimization method based 
on a small signal model. This method addresses the 
harmonic oscillation problem caused by the full 
compensation mode of a shunt active power filter. It 
constructs a correlation model between system im-
pedance and harmonic transfer characteristics to 
accurately identify the oscillation mechanism. It also 
improves harmonic detection accuracy and adapt-
ability under complex grid conditions [26]. Song et 
al. [20] proposed a passive islanding detection meth-
od based on harmonic coupling characteristics. This 
method solves the problem of islanding detection 
failure caused by harmonic interference in high-pen-
etration grid-connected inverters. It analyzes har-
monic spectrum characteristics and disturbance 
propagation rules under multi-inverter interaction. 
It can accurately identify the islanding state in com-
plex harmonic environments and maintain detection 

reliability [20]. Liu et al. [12] proposed a joint detec-
tion algorithm based on singular value decomposi-
tion and Hilbert transform. This algorithm solves the 
problem of accurate harmonic parameter detection 
under compound disturbances in ship power grids. 
It uses singular value decomposition for noise reduc-
tion and Hilbert spectrum analysis. It can accurately 
identify the amplitude and frequency of each har-
monic and maintain high computational efficiency in 
various complex interference environments [12].
In addition, Wang et al. [23] proposed the two-step 
improved ensemble empirical mode decomposi-
tion-based harmonic detection method (TIEEMD) 
to solve fundamental wave attenuation and mode 
aliasing in active power filter harmonic detection. 
This method combines parameterized white noise 
and analytical signal injection with a noise-domi-
nant component reconstruction strategy. It effec-
tively suppresses modal mixing, reduces funda-
mental wave energy attenuation, and improves the 
model's adaptability to non-stationary harmonic 
signals [23]. Fei et al. [5] proposed the wavelet fuzzy 
neural network and super-twisting sliding mode-
based hybrid detection method (WFN-STS). This 
method addresses the difficulty of balancing re-
al-time performance and accuracy in active power 
filter harmonic detection. It enhances feature ex-
traction through the wavelet layer and uses Lya-
punov stability theory to design adaptive parameter 
laws. It achieves rapid and accurate harmonic de-
tection and control under nonlinear load conditions 
[5]. Rodrigues et al. [16] proposed the real-grid sig-
nal database-based deep learning detection method 
(RSDDL). This method overcomes the limitations of 
traditional power quality event detection methods 
that rely on analog signals. It trains deep neural net-
works using actual signals collected by grid monitor-
ing equipment. It effectively improves the detection 
accuracy and engineering applicability for power 
quality events such as harmonics [16]. Kuyumani 
et al. [10] proposed a harmonic detection method 
that integrates convolutional neural network (CNN) 
and long short-term memory network (LSTM). This 
method solves the problem of low detection accura-
cy caused by the nonlinear and non-stationary char-
acteristics of smart grid harmonics. It uses CNN 
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to extract spatial features and LSTM to capture 
time dependence. This synergy enables precise ex-
traction of spatiotemporal features from harmonic 
signals and improves prediction accuracy [10].
To sum up, existing research achieves harmonic fea-
ture extraction, adaptability to nonlinear signals, and 
improved detection robustness. However, existing 
methods still have core problems. These include a 
lack of closed-loop feedback and information inter-
action between feature extraction and parameter 
estimation modules. They are also sensitive to noise 

and interharmonic interference. In addition, there is 
an imbalance between model accuracy and efficiency.
Artificial neural network (ANN) has powerful fea-
ture adaptive learning and pattern recognition ca-
pabilities. It does this through nonlinear mapping of 
multi-layer neurons [18]. All-phase FFT (APFFT) 
can effectively suppress spectral leakage and pro-
vide unbiased phase measurement. It uses a unique 
dual-window convolution and cyclic shift structure 
[11]. However, the convergence and solution quali-
ty of ANN heavily depend on the initial parameters. 

Table 1
Comparison between the proposed method and state-of-the-art methods.

Method Advantages Key findings References

ANN-only
Adaptive nonlinear mapping to extract 
harmonic features from complex sig-

nals

Using ANN alone struggles to balance amplitude, 
phase, and frequency detection accuracy, especially 

in noisy environments
/

APSO-ANN
APSO globally optimises initial ANN 

weights/thresholds, improving conver-
gence speed and prediction accuracy

APSO improves initial parameter quality of ANN 
but cannot solve spectral leakage or phase deviation 

problems
/

APFFT
Phase invariance, calibration-free 

high-precision phase measurement; 
suppresses spectral leakage

APFFT has clear advantages in phase measure-
ment under clean conditions, but noise immunity is 

its bottleneck
/

SDS-APFFT
SDS pre_processing improves input 

spectral purity for APFFT, enhancing 
noise robustness

Sparse filtering effectively suppresses noise, but 
without front_end feature guidance, it still risks 

incorrect atom selection in complex harmonic sce-
narios

/

TIEEMD
Two_step improved ensemble empir-

ical mode decomposition, mitigates 
mode mixing

Signal decomposition methods have some adapt-
ability to non_stationary harmonics, but endpoint 
effects and mode mixing limit phase measurement 

accuracy

[23]

WFN-STS
Combines wavelet fuzzy neural net-

work with super_twisting sliding 
mode for fast detection and control

Combining intelligent control with neural net-
works enables fast detection, but response to phase 

changes is insufficient
[5]

RSDDL Deep network trained on real_grid 
data, good engineering applicability

Deep learning methods rely on data quality; phase 
labelling errors in real grids propagate to detection 

results
[10]

CNLS
Joint spatiotemporal feature extrac-

tion, suitable for harmonic prediction 
and detection

CNN_LSTM effectively extracts spatiotemporal 
features, but long_sequence modelling bias affects 

frequency tracking accuracy
[18]

A-AHDM

1) APSO_ANN intelligent pre_ex-
traction; 2) SDS_APFFT precise 

estimation; 3) frequency_band mask 
constraint; 4) closed_loop feedback 

correction. Best accuracy_robustness_
efficiency trade_off

Through dual_module series architecture and 
closed_loop feedback, it achieves synergy between 

intelligent feature learning and precise mathe-
matical analysis, significantly improving detection 
accuracy and robustness in complex noise environ-
ments while maintaining computational efficiency

Ours
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ANN is also prone to falling into local optima. The 
analysis accuracy and robustness of APFFT signifi-
cantly decrease in strong noise or complex spectrum 
environments [8, 21].
Therefore, this research is based on the basic logic 
of ANN and APFFT. It introduces adaptive particle 
swarm optimization (APSO) and sparse decompo-
sition strategy (SDS). Finally, it proposes the ANN-
APFFT-based harmonic detection model (A-AHDM). 
The research aims to build a safety-oriented harmon-
ic detection framework. This framework integrates 
intelligent feature extraction and mathematical pre-
cision analysis. It solves the dual limitations of tra-
ditional methods in robustness and accuracy. The 
comparison between the proposed method and state-
of-the-art methods is shown in Table 1.
The technical novelty of this research lies in con-
structing a dual-module series architecture of 
APSO-ANN and SDS-APFFT, introducing a fre-
quency-band mask constraint that uses the key 
frequency bands identified by the front-end as the 
limited search region for back-end sparse decompo-
sition, and simultaneously designing a closed-loop 
feedback correction mechanism that leverages the 
high-precision results from the back-end to inverse-
ly correct the front-end output. This achieves deep 
synergy between intelligent feature learning and 
precise mathematical analysis, rather than a simple 
modular stacking of known components.

2. Methods and Materials
This part consists of two core sections. The first 
section uses ANN as the core framework and com-
bines with the APSO optimization algorithm to 
build an adaptive extraction and preliminary iden-
tification module of harmonic features. The second 
section establishes a high-precision parameter es-
timation module integrating APFFT and SDS, and 
finally integrates the ANN-APFFT-based harmon-
ic detection model (A-AHDM). The series-connect-
ed dual modules form a collaborative mechanism 
of rapid feature extraction and precise parameter 
estimation, which effectively improves the accura-
cy and robustness of harmonic detection in power 
systems.

2.1. Preliminary Extraction of Harmonic 
Features Based on ANN
The modern power system integrates power gener-
ation, transmission, distribution, and consumption. 
Its safe operation is crucial for society and the econ-
omy. Nonlinear loads cause serious harmonic pollu-
tion, leading to equipment overheating, protection 
malfunction, and insulation aging, which threaten 
system reliability. Thus, accurate harmonic detec-
tion and feature identification are key to ensuring 
power quality and system safety. ANN has powerful 
nonlinear mapping and adaptive learning. It extracts 
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threaten system reliability. Thus, accurate 
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Figure 1 Schematic diagram of ANN structure. 

Figure 1
Schematic diagram of ANN structure.
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hidden features from complex electrical signals and 
suits non-stationary, multi-frequency harmonic 
analysis [1]. Thus, this study uses ANN to build an 
adaptive harmonic feature extraction and prelimi-
nary identification model, as shown in Figure 1. 
In Figure 1, the model adopts a typical three-layer 
feedforward neural network architecture, including 
an input layer, a single hidden layer, and an output 
layer. The harmonic signal is input into the network 
after preprocessing. The preprocessing uses a sam-
pling frequency of 12.8 kHz (256 points per cycle), 
segments the signal with a Hanning window over 
10–50 cycles, normalises the amplitude by the maxi-
mum absolute value to [-1,1], applies an anti-aliasing 
low-pass filter with a cut-off frequency of 6.4 kHz, 
and achieves a frequency resolution of 0.2 Hz. More-
over, through the weighted operation and nonlinear 
transformation of the hidden layer, the preliminary 
estimation result of the harmonic parameters is fi-
nally generated by the output layer [22]. First, the 
preprocessed harmonic signals are sampled to con-
struct a training data set. It is assumed that the in-
put vector is X=[x1,x2,...,xn]T, corresponding to the ex-
pected output vector Y=[y1,y2,...,ym]T. Among them, n 
is the number of input nodes and m is the number of 
output nodes. In the hidden layer, the net input netj of 
the j-th neuron and its activation output hj are shown 
in Equation (1) [17].
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resolution of 0.2 Hz. Moreover, through the 
weighted operation and nonlinear transformation 
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generated by the output layer [22]. First, the 
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input vector is 1 2[ , ,..., ]T

nx x xX , corresponding to 
the expected output vector 1 2[ , ,..., ]T

my y yY . 
Among them, n  is the number of input nodes and 
m  is the number of output nodes. In the hidden 
layer, the net input net j  of the j th neuron and its 
activation output jh  are shown in Equation (1) [17]. 
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In Equation (1), jiw  is the connection weight from 
the input layer to the hidden layer. jb  is the 
corresponding bias term. ( )f  uses a Sigmoid 
activation function, that is, ( ) 1 1 zf z e . In the 
output layer, the output of the k th neuron is ko , as 
shown in Equation (2). 
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In Equation (2), L  is the number of neurons in 
the hidden layer. kjw  is the weight from the 
hidden layer to the output layer. kb  is the 
output layer bias. ( )g  uses a linear activation 
function to adapt to continuous value output 
requirements. Moreover, the research defines 
the loss function of ANN as mean square error 
(MSE), as shown in Equation (3). 
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In Equation (3), E  is the loss function value. 
The ANNs are configured with the number of 
input nodes equal to the number of sampling 
points (e.g., 256 × number of cycles), 32 nodes 
in the hidden layer, and the number of output 
nodes equal to the harmonic order × 2 
(amplitude and frequency position). The 
learning rate is 0.001, the Adam optimizer is 
used, the batch size is 64, the number of 
training epochs is 200, early stopping is 
applied (validation loss does not decrease for 
10 consecutive epochs), and Xavier uniform 
initialisation is adopted. The stopping 
criterion is that the loss does not decrease for 
10 consecutive epochs [9]. Training stops 
when the loss function converges or the preset 
epoch is reached. However, ANN easily falls 
into local optima, and its convergence speed 
and solution quality depend heavily on initial 
parameters. APSO has strong global search 
and adaptively avoids premature 
convergence. Thus, we use APSO to optimize 
ANN's initial weights and thresholds, 
improving convergence speed and accuracy. 
APSO explores the parameter space via 
swarm collaboration and adaptive inertia 
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equal to the number of sampling points (e.g., 256 × 
number of cycles), 32 nodes in the hidden layer, and 
the number of output nodes equal to the harmonic 
order × 2 (amplitude and frequency position). The 
learning rate is 0.001, the Adam optimizer is used, 
the batch size is 64, the number of training epochs 
is 200, early stopping is applied (validation loss does 
not decrease for 10 consecutive epochs), and Xavier 
uniform initialisation is adopted. The stopping crite-
rion is that the loss does not decrease for 10 consecu-
tive epochs [9]. Training stops when the loss function 
converges or the preset epoch is reached. However, 
ANN easily falls into local optima, and its conver-
gence speed and solution quality depend heavily on 
initial parameters. APSO has strong global search 
and adaptively avoids premature convergence. Thus, 
we use APSO to optimize ANN's initial weights and 
thresholds, improving convergence speed and accu-
racy. APSO explores the parameter space via swarm 
collaboration and adaptive inertia weights, avoiding 
local minima in the ANN loss function and provid-
ing a better starting point for gradient descent [13]. 
Moreover, APSO uses adaptive inertia weight and 
group guidance. Particles explore widely in early 
iterations and search locally later. This avoids local 
minima in the ANN loss function and gives a better 
initial point for gradient descent [14]. The details are 
as follows: first, all the parameters to be optimized 
(weights and thresholds) of the ANN are encoded 
into an D-dimensional vector, which constitutes the 
position Xi=[xi1,xi2,...,xiD] of a particle. Each particle i 
also has a speed Vi =[vi1,vi2,...,viD]. In each iteration of 
each generation, each particle dynamically adjusts 
its flight direction according to its own historical 
optimal solution (individual extreme value) and the 
group's global optimal solution (global extreme val-
ue). Let the individual optimal position of the i-th 
particle in the k-th generation be Pi

k, and the group 
optimal position be Pg

k. Its speed and position up-
dates are shown in Equation (4) [4].
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In Equation (4),  is the inertia weight, which is 
used to balance global exploration and local 
development capabilities. 1 2,c c  is the learning 
factor, with an experience value of 2.0, used to 
control the influence of individual and group 
experience [6]. 1 2,r r  is a uniformly distributed 
random number in the interval [0, 1], which is used 
to introduce search randomness. In order to 
improve the search efficiency, a linearly decreasing 
adaptive inertia weight strategy is studied, as 
shown in Equation (5). 
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max

( )k
K .    (5) 

In Equation (5), max min,  is the initial and terminal 
inertia weight (grid search 0.9 0.4). k  is the 
current iteration number. maxK  is the maximum 
number of iterations. This strategy maintains a 
large  in the early iteration to enhance global 
exploration capabilities, and reduces  in the later 
stage to enhance local fine search and prevent 
oscillation [7]. Finally, the parameter set 
represented by gP  will be assigned to the ANN for 
subsequent training. APSO has a swarm size of 30, 
maximum 100 iterations, velocity bounds [-0.5,0.5], 
position bounds determined by weight/threshold 
range (e.g., [-5,5]), fitness function is validation 
MSE, stopping criterion is completing iterations or 
global best unchanged for 20 generations. APSO 
optimises all weights and biases (all trainable 
parameters) of the ANN. Therefore, the APSO 

algorithm is studied as the pre-optimizer of 
ANN and a preliminary harmonic feature 
extraction module based on ANN-APSO is 
established. Its structure is shown in Figure 2. 

In Figure 2, this module consists of APSO 
optimizer and ANN predictor that are 
connected back and forth. The preprocessed 
power harmonic signal data is first input into 
the APSO optimizer, which uses the 
validation set MSE of the ANN as the fitness 
function and searches for the best initial 
weight and threshold combination of the 
ANN through group iterative search. After the 
search is completed, the optimal solution 
obtained is used to initialize the network 
parameters of the ANN. APSO runs once 
offline before training, using the validation set 
MSE as the fitness function. After obtaining 
the optimal initial parameters, the ANN is 
retrained on the training set using gradient 
descent (the Adam optimizer). APSO does not 
participate in subsequent folds or online 
updates. After that, the signal data is officially 
input into the optimized ANN for forward 
propagation calculation. Its output layer 
directly generates preliminary estimates of the 
amplitude and frequency position of each 
harmonic. 

2.2 High-Precision Harmonic Parameter 
Estimation and A-AHDM Model 
Establishment Based on APFFT 

The ANN-APSO module provides reliable 
initial results but has limited phase and 
frequency resolution. APFFT has phase 
invariance, suppresses spectrum leakage and 
fence effects, and improves frequency, 
amplitude, and phase measurements. Its 
outputs need no correction and suit real-time 
monitoring. Thus, we build a high-precision 
harmonic estimator using APFFT, as shown in 
Figure 3. 

In Figure 3, the framework first constructs a 
full-phase data segment with a length of 2N-1 
for the central sample point. After weighted 
preprocessing by the convolution window, it is 
then sent to the N-point FFT core operation, 
and finally directly outputs a high-precision 
spectrum with correction-free characteristics. 
Given the input discrete signal sequence ( )x n , 
with the current analysis moment 0n  as the 
center, a symmetrical data segment with a 
length of 2 1N  is intercepted, as shown in 
Equation (6). 
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In Equation (4), ω is the inertia weight, which is used 
to balance global exploration and local development 
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MSE as the fitness function. After obtaining 
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retrained on the training set using gradient 
descent (the Adam optimizer). APSO does not 
participate in subsequent folds or online 
updates. After that, the signal data is officially 
input into the optimized ANN for forward 
propagation calculation. Its output layer 
directly generates preliminary estimates of the 
amplitude and frequency position of each 
harmonic. 

2.2 High-Precision Harmonic Parameter 
Estimation and A-AHDM Model 
Establishment Based on APFFT 

The ANN-APSO module provides reliable 
initial results but has limited phase and 
frequency resolution. APFFT has phase 
invariance, suppresses spectrum leakage and 
fence effects, and improves frequency, 
amplitude, and phase measurements. Its 
outputs need no correction and suit real-time 
monitoring. Thus, we build a high-precision 
harmonic estimator using APFFT, as shown in 
Figure 3. 

In Figure 3, the framework first constructs a 
full-phase data segment with a length of 2N-1 
for the central sample point. After weighted 
preprocessing by the convolution window, it is 
then sent to the N-point FFT core operation, 
and finally directly outputs a high-precision 
spectrum with correction-free characteristics. 
Given the input discrete signal sequence ( )x n , 
with the current analysis moment 0n  as the 
center, a symmetrical data segment with a 
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In Equation (5), {ωmax,ωmin} is the initial and termi-
nal inertia weight (grid search 0.9→0.4). k is the cur-
rent iteration number. Kmax is the maximum number 
of iterations. This strategy maintains a large ω in the 
early iteration to enhance global exploration capa-
bilities, and reduces ω in the later stage to enhance 
local fine search and prevent oscillation [7]. Finally, 
the parameter set represented by Pg will be assigned 
to the ANN for subsequent training. APSO has a 
swarm size of 30, maximum 100 iterations, veloci-
ty bounds [-0.5,0.5], position bounds determined by 
weight/threshold range (e.g., [-5,5]), fitness function 
is validation MSE, stopping criterion is completing 
iterations or global best unchanged for 20 gener-
ations. APSO optimises all weights and biases (all 
trainable parameters) of the ANN. Therefore, the 
APSO algorithm is studied as the pre-optimizer of 
ANN and a preliminary harmonic feature extraction 
module based on ANN-APSO is established. Its 
structure is shown in Figure 2.
In Figure 2, this module consists of APSO optimiz-
er and ANN predictor that are connected back and 
forth. The preprocessed power harmonic signal data 
is first input into the APSO optimizer, which uses 
the validation set MSE of the ANN as the fitness 
function and searches for the best initial weight and 
threshold combination of the ANN through group 
iterative search. After the search is completed, the 
optimal solution obtained is used to initialize the 
network parameters of the ANN. APSO runs once of-
fline before training, using the validation set MSE as 
the fitness function. After obtaining the optimal ini-
tial parameters, the ANN is retrained on the train-
ing set using gradient descent (the Adam optimizer). 
APSO does not participate in subsequent folds or 
online updates. After that, the signal data is officially 
input into the optimized ANN for forward propaga-
tion calculation. Its output layer directly generates 
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preliminary estimates of the amplitude and frequen-
cy position of each harmonic.

2.2. High-Precision Harmonic Parameter 
Estimation and A-AHDM Model 
Establishment Based on APFFT
The ANN-APSO module provides reliable initial re-
sults but has limited phase and frequency resolution. 
APFFT has phase invariance, suppresses spectrum 
leakage and fence effects, and improves frequency, 
amplitude, and phase measurements. Its outputs 
need no correction and suit real-time monitoring. 
Thus, we build a high-precision harmonic estimator 
using APFFT, as shown in Figure 3.
In Figure 3, the framework first constructs a full-
phase data segment with a length of 2N-1 for the 
central sample point. After weighted preprocessing 
by the convolution window, it is then sent to the 
N-point FFT core operation, and finally directly 
outputs a high-precision spectrum with correc-
tion-free characteristics. Given the input discrete 
signal sequence x(n), with the current analysis mo-
ment n0 as the center, a symmetrical data segment 
with a length of 2N–1 is intercepted, as shown in 
Equation (6).
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preprocessing by the convolution window, it is 
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and finally directly outputs a high-precision 
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The window shown in Equation (6) can cover N–1 
sampling points before and after the center point, 
ensuring the complete capture of local signal char-
acteristics. Afterwards, a convolution window 
function wc(m) of length 2N–1 is used to weight 
the data segments to further suppress spectrum 
leakage. The convolution window is obtained by 
linear convolution and normalization of two basic 
window functions wa(m) and wb(m) of length N, as 
shown in Equation (7).
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Equation (7) is selected as a double Hanning 
window, which can effectively improve the side 
lobe attenuation performance. The weighted data is 
specially processed to achieve intrinsic phase 
correction by introducing a complex exponential 
weighting factor. A new point N  input sequence 

( )y k  is constructed, as shown in Equation (8). 
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Equation (8) essentially completes the fusion 
operation of time domain weighting and frequency 
domain phase pre-compensation, which is 
equivalent to "aligning" all phase information to the 

central sampling point 0n . Finally, the 
standard N -point FFT operation is performed 
on the generated N  point sequence ( )y k  to 
obtain the final spectrum output 

( ) FFT ( )Y k y k  ( 0,1, , 1k N ). The phase 
information in this result is the true phase of 
the signal at time 0n , and no additional 
correction is required. In this study, he specific 
parameters of APFFT are as follows: N=1024, 
the full-phase segment length is 2047 points, 
the phase reference point is the central 
sampling point, frequency estimation is 
directly obtained by multiplying the peak 
spectral line position by the frequency 
resolution (0.2 Hz) without interpolation, and 
the window function is fixed as a dual-
Hanning window without adaptive 
optimization. However, the spectrum analysis 
accuracy of APFFT will significantly decrease 
under strong noise or interharmonic 
interference. SDS can take advantage of the 
inherent sparse characteristics of harmonic 
signals to effectively separate the principal 
components and noise and improve the 
robustness of parameter estimation. Therefore, 
this study introduces SDS into APFFT to 
construct an optimization model with sparse 
constraints to achieve high-precision and high-
resolution estimation of harmonic parameters 
in a noisy environment.
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Figure 3 Schematic diagram of the algorithmic framework of APFFT. 
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Equation (7) is selected as a double Hanning window, 
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components and noise and improve the 
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parameter estimation. Therefore, this study intro-
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ly represented by a small number of non-zero coef-
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spectral leakage are effectively suppressed due 
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constraints. This mechanism allows the dominant 
harmonic components of the signal to be accurately 
represented by a small number of non-zero 
coefficients, while noise and side lobes associated 
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to their inability to form sparse matches with the 
dictionary atoms, thereby significantly improving 
spectral purity [19]. For a given signal y , the goal is 
to find the sparsest coefficient vector a  in the 
overcomplete dictionary D  such that y Da . This 
can be achieved by solving an L1-norm regularized 
least squares problem, thereby accurately 
reconstructing the main components of the signal 
and suppressing noise. First, an overcomplete 
Fourier dictionary ( )N K K ND  is constructed 
based on the harmonic analysis range. Among 
them, the kd  form of each column of atoms is shown 
in Equation (9). 
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a  such that y Da . The research is realized by 
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with the optimal value determined based on 
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error and sparsity on the validation set. To 
solve this problem, the iterative shrinkage-
threshold algorithm is used to solve this 
problem. After solving, the position of the non-
zero coefficient ka  corresponds to the 
harmonic frequency, and its value contains 
amplitude and phase information, thereby 
achieving high-precision parameter estimation 
[15]. SDS has the following parameters: 
frequency range from 45–55 Hz for the 
fundamental and its multiples for harmonics, 
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normalised by L2 norm, regularisation 
parameter  selected from {0.001, 0.005, 0.01, 
0.05, 0.1}, ISTA step size set as the reciprocal of 
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coefficient threshold set to 1% of the maximum 
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Therefore, it uses SDS as the filter of APFFT 

Figure 4
Schematic diagram of the structure of the A-AHDM harmonic detection model.

achieved by solving an L1-norm regularized least 
squares problem, thereby accurately reconstructing 
the main components of the signal and suppressing 
noise. First, an overcomplete Fourier dictionary 
D∈CN×K(K≫N) is constructed based on the harmon-
ic analysis range. Among them, the dk form of each 
column of atoms is shown in Equation (9).

  

ANN training 
error

Linear decreasing 
strategy weight 

update

Update particle 
velocity and 

position

APSO optimizer

Power harmonic 
signals

ANN predictor

Completed the 
Fourier transform 

dictionary

Iterative 
shrinkage 
threshold 
algorithm 

Parameter 
analysis

Signal 
reconstruction

Noise 
Suppression

Purified 
harmonic signal FFT 

calculation

Final 
Spectrum 

Output

optimal weights 
and biases

high-precision 
spectrum

Noisy 
signal

Prior frequency

Parameter optimization data flow
Harmonic signal data flow

 
Figure 4 Schematic diagram of the structure of the A-AHDM harmonic detection model. 

 

SDS constructs an overcomplete Fourier dictionary 
and transforms the signal decomposition into a 
sparse optimization problem under L1-norm 
constraints. This mechanism allows the dominant 
harmonic components of the signal to be accurately 
represented by a small number of non-zero 
coefficients, while noise and side lobes associated 
with spectral leakage are effectively suppressed due 
to their inability to form sparse matches with the 
dictionary atoms, thereby significantly improving 
spectral purity [19]. For a given signal y , the goal is 
to find the sparsest coefficient vector a  in the 
overcomplete dictionary D  such that y Da . This 
can be achieved by solving an L1-norm regularized 
least squares problem, thereby accurately 
reconstructing the main components of the signal 
and suppressing noise. First, an overcomplete 
Fourier dictionary ( )N K K ND  is constructed 
based on the harmonic analysis range. Among 
them, the kd  form of each column of atoms is shown 
in Equation (9). 

( 1)1, ,...,k k
Tj j N

k e ed
.     (9) 

In Equation (9), j  is an imaginary unit. k  
represents the angular frequency of the k th 
frequency component. The dimension of D  is much 
larger than the input signal length N , ensuring that 
it has sufficient redundancy to capture all potential 
frequency components of the signal [3]. For the 
input signal N , find the sparsest coefficient vector 
a  such that y Da . The research is realized by 
solving the following least squares optimization 
problem with L1 norm regularization, as shown in 
Equation (10). 

2

2 1

1min
2a

y Da a
.    (10) 

In Equation (10),  is the regularization 
parameter, which is used to balance the signal 
reconstruction error and the sparsity of the 

coefficient vector. 2  represents the L2 norm, 

which measures the reconstruction error. 1  
represents the L1 norm, which is used to 
promote the sparsity of the solution. In this 
study,  is selected through cross-validation 
via grid search within the range of 10 3 to 10 1, 
with the optimal value determined based on 
the balance curve between reconstruction 
error and sparsity on the validation set. To 
solve this problem, the iterative shrinkage-
threshold algorithm is used to solve this 
problem. After solving, the position of the non-
zero coefficient ka  corresponds to the 
harmonic frequency, and its value contains 
amplitude and phase information, thereby 
achieving high-precision parameter estimation 
[15]. SDS has the following parameters: 
frequency range from 45–55 Hz for the 
fundamental and its multiples for harmonics, 
atom spacing of 0.2 Hz, dictionary atoms 
normalised by L2 norm, regularisation 
parameter  selected from {0.001, 0.005, 0.01, 
0.05, 0.1}, ISTA step size set as the reciprocal of 
the maximum eigenvalue of the dictionary 
matrix, maximum iterations of 500, 
convergence tolerance of 0.0001, and non-zero 
coefficient threshold set to 1% of the maximum 
absolute coefficient value. 

Therefore, it uses SDS as the filter of APFFT 

 
. (9)

In Equation (9), j is an imaginary unit. ωk represents 
the angular frequency of the k-th frequency compo-
nent. The dimension of D is much larger than the 



Information Technology and Control 2026/3/551372

input signal length N, ensuring that it has sufficient 
redundancy to capture all potential frequency com-
ponents of the signal [3]. For the input signal N, find 
the sparsest coefficient vector a  such that y≈Da . 
The research is realized by solving the following 
least squares optimization problem with L1 norm 
regularization, as shown in Equation (10).
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In Equation (10), λ is the regularization parameter, 
which is used to balance the signal reconstruction 
error and the sparsity of the coefficient vector. ǁ·ǁ2 
represents the L2 norm, which measures the recon-
struction error. ǁ·ǁ1 represents the L1 norm, which is 
used to promote the sparsity of the solution. In this 
study, λ is selected through cross-validation via grid 
search within the range of 10−3 to 10−1, with the op-
timal value determined based on the balance curve 
between reconstruction error and sparsity on the 
validation set. To solve this problem, the iterative 
shrinkage-threshold algorithm is used to solve this 
problem. After solving, the position of the non-zero 
coefficient ak corresponds to the harmonic frequen-
cy, and its value contains amplitude and phase infor-
mation, thereby achieving high-precision parameter 
estimation [15]. SDS has the following parameters: 
frequency range from 45–55 Hz for the fundamental 
and its multiples for harmonics, atom spacing of 0.2 
Hz, dictionary atoms normalised by L2 norm, regu-
larisation parameter λ selected from {0.001, 0.005, 
0.01, 0.05, 0.1}, ISTA step size set as the reciprocal 
of the maximum eigenvalue of the dictionary matrix, 
maximum iterations of 500, convergence tolerance 
of 0.0001, and non-zero coefficient threshold set to 
1% of the maximum absolute coefficient value.
Therefore, it uses SDS as the filter of APFFT and es-
tablishes a high-precision harmonic parameter esti-
mation module based on SDS-APFFT. This module 
first uses sparse decomposition to accurately sepa-
rate the dominant harmonic components from the 
noisy signal, and then feeds the purified signal into 
the APFFT core for calculation, thereby obtaining 
unbiased, high-precision harmonic amplitude, fre-
quency and phase estimation results even in a strong 
noise background. During this process, after sparse 
reconstruction by SDS, the dominant harmonic 
components are effectively extracted, while noise 

and side lobes associated with spectral leakage are 
suppressed. Since the phase invariance of APFFT is 
established on the basis of all-phase preprocessing 
and dual-window convolution, its underlying as-
sumption has no direct correlation with the sparsity 
of the input signal; instead, the improvement in spec-
tral purity brings the phase measurement closer to a 
theoretically unbiased estimate. From a quantitative 
perspective, the influence of residual noise and in-
terharmonic components on the phase accuracy of 
APFFT mainly stems from their side lobe leakage 
interfering with the main lobe phase response, with 
the phase error being proportional to the amplitude 
of the residual components. Moreover, the effective-
ness of SDS depends on the sparse representation 
capability of harmonic components; when the (sig-
nal-to-noise ratio, SNR) falls below 5 dB, the noise 
amplitude may exceed that of weak harmonic com-
ponents, leading to incorrect atom selection and a 
significant degradation in filtering performance.
In summary, this study combines the prelimi-
nary harmonic feature extraction module and the 
high-precision harmonic parameter estimation 
module in series to establish an A-AHDM harmonic 
detection model. Its structure is shown in Figure 4.
In Figure 4, the final model forms a two-stage pro-
cessing architecture. The front-end ANN-APSO 
module rapidly scans the original signal and per-
forms robust preliminary extraction of harmonic 
features. Its output – preliminary estimates includ-
ing the amplitude and frequency position of each 
harmonic – is encoded to generate a frequency band 
mask for the back-end SDS-APFFT module. By as-
signing high priority to the corresponding dictio-
nary atoms in the sparse decomposition process, 
this mask guides the subsequent analysis to focus 
only on the key frequency bands identified by the 
front end for atomic selection and precise parame-
ter estimation.

3. Results and Analysis
To verify the effectiveness of the proposed the 
ANN-APFFT-based harmonic detection model 
(A-AHDM) in power harmonic detection, simula-
tion data experiments and real power grid scenar-
io verification are implemented. The former uses 
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Gaussian and non-Gaussian mixed noise injection 
and interharmonic coupling interference simulation 
to quantitatively evaluate the harmonic parameter 
estimation accuracy and noise suppression capabili-
ty. The latter is based on power signal data with com-
plex background interference collected from actual 
industrial sites to verify the model's detection ro-
bustness and engineering applicability under strong 
noise and dynamic working conditions.

3.1. Simulation Data Experiment
In the simulation test, the algorithm requirements 
for harmonic detection in the power system are 
studied, and a corresponding experimental environ-
ment is built, which is divided into two parts: a hard-
ware platform and a software platform. The specific 
configuration is shown in Table 2.
The training set and test set (divided 8:2 by time se-
ries) based on data from the Texas power grid in the 
United States and builds a hybrid power topology in-
cluding industrial loads, commercial loads and resi-
dential loads. It continuously collects multi-source 
data streams from high-precision power quality an-
alyzers (256 points/cycle), smart meters (1-minute 
intervals) and SCADA systems (second-level time 
scale), covering typical disturbance event mark-
ers such as motor start and stop, inverter switch-
ing and new energy fluctuations. Among them, the 

non-Gaussian mixed noise is synthesized by mixing 
Gaussian white noise and impulse noise in a 7:3 ratio, 
with the impulse noise generated using a Bernoul-
li-Gaussian model and an occurrence probability set 
to 0.05. The harmonic amplitudes are uniformly dis-
tributed within 0.5% to 20% of the fundamental am-
plitude, the phases are randomly selected within the 
range of -π to π, and the interharmonic amplitudes 
are set to 30% to 60% of the amplitudes of their adja-
cent harmonics.
Moreover, the study selects the methods in the liter-
ature [5, 10, 26, 23] to compare with A-AHDM, which 
are based on TIEEMD, WFN-STS, RSDDL, and CNN 
and LSTM integrated harmonic detection method 
(CNLS) respectively. To ensure fairness in the com-
parison, the hyperparameters of all compared meth-
ods are tuned via grid search following the ranges sug-
gested in their respective literature, and all methods 
are tested under the same training and test set split. 
The study measures the phase measurement accura-
cy and frequency tracking stability of the model by 
comparing harmonic phase absolute error (HPAE) 
and frequency estimation root mean square error 
(FERMSE), HPAE is the absolute error between the 
estimated phase and the true phase (°); FERMSE is 
the root mean square error of frequency estimation, 
i.e., sqrt(mean((estimated frequency − true frequen-
cy)2)) (mHz), as shown in Figure 5.

Category Component Specification/Version

Hardware

CPU Intel Core i9-14900K

RAM 64GB DDR5 5600MHz

GPU NVIDIA RTX 4090 (24GB GDDR6X)

Storage 2TB NVMe SSD (PCIe 5.0)

Data acquisition NI PXIe-4499 24-bit High-Speed DAQ Module

Software

OS Windows 11 Professional

Deep learning framework PyTorch 2.1 + CUDA 12.1

Numerical computing MATLAB R2023a

Signal processing library SciPy 1.11.4 / NumPy 1.26.4

Programming language Python 3.10.14

Virtual environment Anaconda 23.11.0

Table 2
Schematic diagram of the experimental platform configuration.
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In Figure 5(a), the average HPAE value of A-AHDM is 
2.05°, which is significantly better than the compar-
ison method (p<0.001). It effectively guarantees the 
phase measurement accuracy through APFFT phase 
invariance and SDS spectrum purification. While 
TIEEMD has limited accuracy due to modal aliasing 
(2.69°) caused by endpoint effects, the WFN-STS 
control strategy performs the worst with insufficient 
phase sensitivity (6.25°). RSDDL is insufficiently sta-
ble due to the phase annotation error of the training 
data (4.02°). Although CNLS takes advantage of tim-
ing modeling (2.33°), it has not broken through the 
limitations of traditional phase detection. In Figure 
5(b), the average FERMSE of A-AHDM is optimal 
at 32.03mHz (p<0.001), which achieves accurate fre-
quency tracking through all-phase spectrum anal-
ysis and fixed dual-Hanning window filtering. The 
spectrum leakage effect of TIEEMD (34.97mHz) re-
stricts the frequency resolution, and the control sys-
tem response delay of WFN-STS (67.23mHz) leads to 
the deterioration of dynamic tracking performance. 
RSDDL has insufficient adaptability to frequency 
mutations (41.39mHz), and CNLS has significant 
frequency estimation errors due to long sequence de-
pendency modeling bias (50.61mHz).
The study verifies the effectiveness and rationality of 
the basic modules selected for the study by ablating 
the basic modules and replacing them with support 

vector machine (SVM), differential evolution (DE), 
short-time Fourier transform (STFT) and orthogo-
nal matching pursuit (OMP). The selected metrics 
are FERMSE, convergence time (CT), and floating 
point operations (FLOPs). CT is the convergence 
time from algorithm start until the detection result 
stabilises within a preset error band (ms); FLOPs is 
the total number of single-precision floating-point 
operations required for one complete detection run 
(M, millions), as shown in Table 3.
In Table 3, the complete A-AHDM model reaches the 
optimal level in all indicators, verifying the effective-
ness of its module design. In the ablation experiment, 
removing the APSO optimizer (A1) caused HARE to 
increase to 2.31% (p<0.01). This shows that param-
eter pre-optimization plays a key role in improving 
detection accuracy. Meanwhile, the performance 
further deteriorated when APSO and SDS (A3) are 
removed, with HARE reaching 2.87% (p<0.001), 
proving the necessity of dual-module collaborative 
optimization. Although removing ANN (A4) reduces 
the calculation amount, HARE deteriorates to 3.26% 
(p<0.001), highlighting the core value of intelligent 
feature extraction. In the module replacement ex-
periment, SVM replaced ANN to increase HARE to 
2.94% (p<0.001), verifying the advantages of ANN in 
nonlinear mapping. Replacing APSO with DE causes 
CT to increase to 68.3ms (p<0.01), reflecting the su-
periority of APSO in convergence speed. Replacing 

 
 

 

reaching 2.87% (p<0.001), proving the necessity of 
dual-module collaborative optimization. Although 
removing ANN (A4) reduces the calculation 
amount, HARE deteriorates to 3.26% (p<0.001), 
highlighting the core value of intelligent feature 
extraction. In the module replacement experiment, 
SVM replaced ANN to increase HARE to 2.94% 
(p<0.001), verifying the advantages of ANN in 
nonlinear mapping. Replacing APSO with DE 
causes CT to increase to 68.3ms (p<0.01), reflecting 

the superiority of APSO in convergence speed. 
Replacing APFFT with STFT increases 
FERMSE to 47.51mHz (p<0.001), proving the 
irreplaceability of full-phase transformation in 
frequency accuracy. Although OMP replaces 
SDS, it maintains a lower HARE (2.19%), but 
FLOPs increase to 2.34M (p<0.05), indicating 
that SDS achieves the best balance between 
accuracy and efficiency.

 

2

4

6

8

10

15

30

45

60

75

90

0 0

TIEEMD WFN-STS
RSDDL CNLS A-AHDM

1 2 3 4 5
Models

(a) Comparison of HPAE

H
PA

E 
(°

)

FE
R

M
SE

 (m
H

z)

1 2 3 4 5
Models

(b) Comparison of FERMSE

TIEEMD WFN-STS
RSDDL CNLS A-AHDM

***

***

***

***

***

***

***

***

 

Figure 7 Comparison of HPAE and FERMSE for different algorithms. 

Table 3 

Validation of the effectiveness of basic modules. 
Model types ANN APSO APFFT SDS FERMSE (mHz) CT (ms) FLOPs (M) 

Full A-AHDM     32.03 40.2 1.41 

Ablation 

A1  ×   38.72 47.6 1.43 

A2    × 36.45 42.3 1.39 
A3  ×  × 45.63 49.8 1.42 
A4 × ×   51.37 38.9 1.12 

Replacement 

SVM -    43.28 52.7 1.85 

DE  -   39.64 68.3 2.17 

STFT   -  47.51 35.4 2.86 

OMP    - 41.72 44.1 2.34 

3.2 Real Power Grid Scenario Verification 

Actual measurement verification can reflect the 
complexity of electromagnetic disturbances in the 
real power grid environment to verify the 
reliability of the detection algorithm in industrial 
sites, especially its adaptability to transient 
harmonics and background noise. Therefore, the 
study selects CNLS and TIEEMD, which have 
excellent performance in simulation verification, as 
comparison methods to conduct multi-scenario 
actual measurement verification. To verify the 
robustness and theoretical accuracy limit of the 

model in a noisy environment, the study 
compared the noise robustness gain (NRG) 
and inherent estimation error (IEE) of 
different models after introducing Gaussian 
noise (SNR=5dB/15dB/30dB). NRG is the 
difference between output SNR and input 
SNR (dB); IEE is the relative error between the 
estimated value and the true value under ideal 
noise-free conditions (%), as shown in Figure 
6. 

In Figure 6(a), in a 5dB to 30dB noise 
environment, the NRG of TIEEMD improves 
from 5.8dB to 10.5dB, and the IEE improves 
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study selects CNLS and TIEEMD, which have 
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comparison methods to conduct multi-scenario 
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model in a noisy environment, the study 
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and inherent estimation error (IEE) of 
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difference between output SNR and input 
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Comparison of HPAE and FERMSE for different algorithms.
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APFFT with STFT increases FERMSE to 47.51mHz 
(p<0.001), proving the irreplaceability of full-phase 
transformation in frequency accuracy. Although 
OMP replaces SDS, it maintains a lower HARE 
(2.19%), but FLOPs increase to 2.34M (p<0.05), in-
dicating that SDS achieves the best balance between 
accuracy and efficiency. 

3.2. Real Power Grid Scenario Verification
Actual measurement verification can reflect the com-
plexity of electromagnetic disturbances in the real 
power grid environment to verify the reliability of 
the detection algorithm in industrial sites, especial-
ly its adaptability to transient harmonics and back-
ground noise. Therefore, the study selects CNLS and 
TIEEMD, which have excellent performance in simu-
lation verification, as comparison methods to conduct 
multi-scenario actual measurement verification. To 
verify the robustness and theoretical accuracy limit 
of the model in a noisy environment, the study com-
pared the noise robustness gain (NRG) and inherent 
estimation error (IEE) of different models after intro-
ducing Gaussian noise (SNR=5dB/15dB/30dB). NRG 
is the difference between output SNR and input SNR 
(dB); IEE is the relative error between the estimated 
value and the true value under ideal noise-free condi-
tions (%), as shown in Figure 6.
In Figure 6(a), in a 5dB to 30dB noise environment, 
the NRG of TIEEMD improves from 5.8dB to 10.5dB, 
and the IEE improves from 1.8% to 0.8%. The data 

Model types ANN APSO APFFT SDS FERMSE (mHz) CT (ms) FLOPs (M)

Full A-AHDM √ √ √ √ 32.03 40.2 1.41

Ablation

A1 √ × √ √ 38.72 47.6 1.43

A2 √ √ √ × 36.45 42.3 1.39

A3 √ × √ × 45.63 49.8 1.42

A4 × × √ √ 51.37 38.9 1.12

Replacement

SVM - √ √ √ 43.28 52.7 1.85

DE √ - √ √ 39.64 68.3 2.17

STFT √ √ - √ 47.51 35.4 2.86

OMP √ √ √ - 41.72 44.1 2.34

Table 3
Validation of the effectiveness of basic modules.

shows that this method is sensitive to changes in noise 
levels, and its performance degrades significantly un-
der low signal-to-noise ratio conditions. Its signal 
decomposition mechanism is seriously affected by 
modal aliasing in a strong noise environment (5dB), 
with limited NRG improvement and high IEE. As the 
noise level decreases, the decomposition accuracy 
gradually improves. However, the IEE still reaches 
0.8% in a 30dB clean environment, showing that there 
is an inherent end-point effect error. In Figure 6(b), 
CNLS shows a stable performance improvement 
trend under three noise levels, with NRG increasing 
from 6.5dB to 11.2dB and IEE decreasing from 1.5% 
to 0.6%. Compared with TIEEMD, its deep learning 
architecture shows advantages in noise adaptability, 
especially the IEE is controlled at 1.0% at medium 
noise levels (15dB). However, in a 5dB strong noise 
environment, the neural network's erroneous learn-
ing of noise characteristics leads to a high IEE, while 
under 30dB conditions, the inherent fitting bias of the 
recurrent neural network limits its further improve-
ment in accuracy. In Figure 6(c), A-AHDM maintains 
optimal performance under all noise levels, with NRG 
significantly improved from 9.2dB to 14.8dB and IEE 
significantly reduced from 1.0% to 0.2%. In a 5dB 
harsh environment, it effectively suppresses noise 
interference through the SDS-APFFT collaborative 
mechanism. Moreover, the study also compares the 
CPU utilization (CU) and memory usage (MU) of dif-
ferent models in actual deployment. CU is the average 
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CPU usage during algorithm operation (%); MU is 
the peak memory usage during algorithm operation 
(MB), as shown in Figure 7.
In Figure 7(a), the average CPU utilization of 
A-AHDM is 31.42%, which is significantly lower than 
that of CNLS (35.65%, p<0.001). Although TIEEMD 
has the lowest CPU usage (21.32%), A-AHDM 

achieves a favorable balance between computa-
tional cost and detection accuracy, as evidenced by 
its superior performance in harmonic estimation. 
In Figure 7(b), A-AHDM achieves a competitive 
MU average of 151.26MB. Although TIEEMD uses 
lower memory (137.87MB) and CPU (21.32% vs. 
31.42%), A-AHDM offers a better accuracy–resource 

(a) Changes of TIEEMD (b) Changes of CNLS
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Although TIEEMD uses lower memory 
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computational cost, as supported by its 
significantly lower HARE (1.65% vs. 3.26%) 
and FERMSE (32.03mHz vs. 51.37mHz) 
compared to TIEEMD. By comparing the 
transient process convergence time (TPCT) of 
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dynamic response speed and working 
condition adaptability of the model are 
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within the steady-state error band, as shown 
in Table 4.
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Figure 6 Comparison of NRG and IEE for different algorithms under 5dB-30dB Gaussian noise. 
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Figure 7 Validation of practical deployment feasibility. 

 
Table 4 

Validation of dynamic response speed and operating condition adaptability. 

Transient event Models 
TPCT (ms) 

0 1 2 3 4 5 6 

Motor starting 

TIEEMD 117 140 111 135 113 128 140 
CNLS 120 111 120 101 118 119 104 

A-
AHDM 

97 103 98 95 102 93 88 

Capacitor bank 
switching 

TIEEMD 49 46 52 57 47 57 48 
CNLS 54 46 49 48 49 40 51 

A-
AHDM 32 42 33 30 42 31 39 

Short-circuit 
fault clearing 

TIEEMD 196 171 196 197 178 151 182 
CNLS 168 132 132 132 160 132 131 

A-
AHDM 

141 137 132 130 118 114 130 

In Table 4, in the motor starting scenario, the 
average transient CT value of A-AHDM is 
96.6ms, which is significantly better than 
TIEEMD (126.9ms, p<0.01) and CNLS (113.3ms, 
p<0.05). Through the fast feature extraction 
capability of the APSO-ANN module, it takes the 
lead in completing stable tracking during slowly 
changing transient processes. In the capacitor 
bank switching scenario, A-AHDM maintains 
the lead with a convergence speed of 35.6ms 
(TIEEMD: 50.9ms, p<0.001; CNLS: 48.1ms, 
p<0.01). The SDS-APFFT combination has 
excellent suppression capabilities for high-
frequency oscillation components and 
significantly accelerates the convergence of the 
transient process. In the short-circuit fault 

clearing scenario, A-AHDM shows the strongest 
dynamic adaptability (mean value 128.9ms), 
which is 28.9% and 8.6% higher than TIEEMD 
(181.3ms, p<0.001) and CNLS (141.0ms, p<0.05) 
respectively. Its collaborative mechanism of 
intelligent front-end and precision back-end can 
still maintain fast response characteristics under 
large disturbance conditions. The improvement 
in convergence speed of A-AHDM means that 
during transient processes such as motor 
starting, the harmonic parameter detection 
results can stabilize to the true value range more 
quickly, thereby providing relay protection 
devices with more timely and accurate harmonic 
state information, shortening the start-up delay 
of protection criteria, and securing an earlier 

Figure 7
Validation of practical deployment feasibility.
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trade_off by maintaining high detection precision 
with moderately increased computational cost, as 
supported by its significantly lower HARE (1.65% 
vs. 3.26%) and FERMSE (32.03mHz vs. 51.37mHz) 
compared to TIEEMD. By comparing the transient 
process convergence time (TPCT) of different meth-
ods under different events, the dynamic response 
speed and working condition adaptability of the 
model are measured. TPCT is the time from the oc-
currence of a transient event until the detection re-
sult first enters and remains within the steady-state 
error band, as shown in Table 4. 
In Table 4, in the motor starting scenario, the average 
transient CT value of A-AHDM is 96.6ms, which is 
significantly better than TIEEMD (126.9ms, p<0.01) 
and CNLS (113.3ms, p<0.05). Through the fast fea-
ture extraction capability of the APSO-ANN module, 
it takes the lead in completing stable tracking during 
slowly changing transient processes. In the capaci-
tor bank switching scenario, A-AHDM maintains the 
lead with a convergence speed of 35.6ms (TIEEMD: 
50.9ms, p<0.001; CNLS: 48.1ms, p<0.01). The SDS-
APFFT combination has excellent suppression 
capabilities for high-frequency oscillation compo-
nents and significantly accelerates the convergence 
of the transient process. In the short-circuit fault 
clearing scenario, A-AHDM shows the strongest 
dynamic adaptability (mean value 128.9ms), which 

Transient event Models
TPCT (ms)

0 1 2 3 4 5 6

Motor starting

TIEEMD 117 140 111 135 113 128 140

CNLS 120 111 120 101 118 119 104

A-AHDM 97 103 98 95 102 93 88

Capacitor bank 
switching

TIEEMD 49 46 52 57 47 57 48

CNLS 54 46 49 48 49 40 51

A-AHDM 32 42 33 30 42 31 39

Short-circuit fault 
clearing

TIEEMD 196 171 196 197 178 151 182

CNLS 168 132 132 132 160 132 131

A-AHDM 141 137 132 130 118 114 130

Table 4
Validation of dynamic response speed and operating condition adaptability.

is 28.9% and 8.6% higher than TIEEMD (181.3ms, 
p<0.001) and CNLS (141.0ms, p<0.05) respectively. 
Its collaborative mechanism of intelligent front-
end and precision back-end can still maintain fast 
response characteristics under large disturbance 
conditions. The improvement in convergence speed 
of A-AHDM means that during transient processes 
such as motor starting, the harmonic parameter de-
tection results can stabilize to the true value range 
more quickly, thereby providing relay protection 
devices with more timely and accurate harmonic 
state information, shortening the start-up delay of 
protection criteria, and securing an earlier interven-
tion window for oscillation damping control. To ver-
ify the detection robustness of A-AHDM under ex-
treme power system conditions and its deployment 
feasibility on resource-constrained platforms, three 
typical extreme operating conditions – harmonic os-
cillation, sub-synchronous oscillation aliasing, and 
frequency rapid slip – are selected for comparative 
testing on an ARM Cortex-A76 embedded platform 
(4 cores, 2.1 GHz) and an RTX 4090 high-end plat-
form. The selected metrics are the Harmonic Ampli-
tude Relative Error (HARE), FERMSE, and TPCT. 
HARE is the relative error between the estimated 
amplitude and the true amplitude, i.e., |estimated 
amplitude – true amplitude| / true amplitude × 100% 
(%). The results are presented in Table 5.
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In Table 5, on the RTX 4090 platform, A-AHDM 
achieves HARE values of 2.12%, 2.56%, and 1.98%, 
FERMSE values of 45.36 mHz, 52.18 mHz, and 41.25 
mHz, and TPCT values of 82.4 ms, 94.7 ms, and 78.6 ms, 
respectively, demonstrating good detection accuracy 
and convergence speed. Among these, the sub-syn-
chronous oscillation aliasing condition, characterized 
by dense frequency components and complex modal 
coupling, yields slightly inferior performance com-
pared to the other two conditions, but remains within 
an acceptable range, confirming the model’s robust-
ness against complex dynamic disturbances. The ac-
ceptable range is defined as HARE ≤3%, FERMSE ≤60 
mHz (per IEC 61000-4-30 and IEEE C37.118.1), and 
HPAE ≤5°. On the ARM embedded platform, the mod-
el maintains detection effectiveness, with HARE and 
FERMSE increasing only slightly by 0.22% to 0.45% 
compared to the high-end platform, indicating that 
the core mechanisms of sparse decomposition and 
all-phase analysis remain stable under resource-con-
strained conditions. However, TPCT increases sig-
nificantly due to computational resource limitations, 
reaching 156.3 ms, 178.2 ms, and 149.5 ms across the 
three conditions – approximately 1.9 times that of the 
high-end platform – suggesting that the real-time per-
formance of the algorithm on resource-constrained 
devices still requires further optimization.

4. Discussion and Conclusions
In view of the core problems existing in power sys-
tem harmonic detection, such as inaccurate fea-
ture extraction, sensitivity to noise interference, 

Table 5
Validation of detection performance under extreme operating conditions.

Extreme condition Platform HARE (%) FERMSE (mHz) TPCT (ms)

Harmonic oscillation
RTX 4090 2.12 45.36 82.4

ARM 2.34 48.71 156.3

Sub-synchronous 
oscillation aliasing

RTX 4090 2.56 52.18 94.7

ARM 2.81 57.63 178.2

Frequency rapid slip
RTX 4090 1.98 41.25 78.6

ARM 2.19 44.92 149.5

and slow dynamic response, this study proposed 
an ANN-APFFT-based harmonic detection mod-
el (A-AHDM). This study used the APSO-ANN 
module to achieve robust preliminary extraction of 
harmonic features, and combined it with the SDS-
APFFT module to complete precise parameter es-
timation, building a series architecture of "rapid 
feature extraction-precise parameter estimation". 
It effectively solved the contradiction between de-
tection accuracy and anti-interference ability of 
traditional methods. Experimental results showed 
that A-AHDM was significantly better than the com-
parison method in key indicators such as phase mea-
surement accuracy (HPAE: 2.05°) and frequency 
tracking stability (FERMSE: 32.03mHz) (p<0.001). 
Meanwhile, this method remained leading in terms 
of dynamic response speed (TPCT: 35.6–128.9ms). 
This verified its comprehensive advantages in de-
tection accuracy, robustness and engineering ap-
plicability. The innovation of A-AHDM was that 
the APSO-ANN module improved the quality of the 
initial parameters of the neural network through 
APSO. It overcome the shortcomings of traditional 
ANN that easily fall into local optimality and en-
sures the stability of feature extraction. The SDS-
APFFT module significantly enhanced the anti-in-
terference ability of full-phase spectrum analysis in 
noisy environments through SDS pre-filtering. The 
series architecture combines the complementary 
advantages of intelligent learning and mathematical 
analysis, effectively solving the problem of insuffi-
cient detection performance of a single method in 
complex harmonic scenarios. Despite the compu-
tational overhead of APSO optimisation and SDS 
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iteration, experimental results show that the algo-
rithm achieves a convergence time below 50 ms on 
high-end platforms (meeting the protection_level 
requirement of ≤50 ms) and within 200 ms on ARM 
platforms (meeting the monitoring_level require-
ment of ≤200 ms, based on IEC 61000_4_30). This 
latency satisfies the real_time requirements of most 
power quality monitoring and protection applica-
tions, and is therefore acceptable.
However, the research still has certain limitations: 
The APSO optimization effect depends on the initial 
hyperparameter settings, which may affect the con-
vergence efficiency in extreme noise environments. 
The "over-complete" dictionary construction of SDS 
requires prior knowledge support, and its adaptabil-
ity to unknown harmonic types needs to be strength-
ened. The real-time performance of the full algorithm 
on resource-constrained devices still needs to be fur-
ther optimized. The current model has been validated 
within the 2nd to 25th harmonic range, but its adapt-
ability to higher-order harmonics, supra-harmon-
ics, or signals with fast time-varying frequencies is 
constrained by the network input dimension and the 
frequency resolution of the overcomplete dictionary, 
which limit the spectral coverage and time-frequen-
cy tracking capability. The preliminary estimation 
error (e.g., frequency deviation) from the front-end 
ANN-APSO module is passed to the back-end SDS-

APFFT module, affecting the frequency parameter 
settings of its dictionary atoms. The degree of influ-
ence of this error on the final detection accuracy is 
negatively correlated with the dictionary resolution, 
and can be neglected when the frequency deviation 
is less than half the atom interval. To address the 
above issues, future work will design an adaptive 
hyperparameter optimization framework and com-
bine meta-learning technology to improve model 
self-adjustment capabilities. A dynamic dictionary 
update mechanism needs to be developed to enhance 
the ability to identify new harmonics through online 
learning. It is necessary to study model lightweight 
solutions and implement edge device deployment 
based on neural network pruning and quantification 
technology. An extensible network structure will be 
introduced to adaptively adjust the network dimen-
sion through an attention mechanism, and the fre-
quency atomic library will be dynamically expand-
ed through online dictionary learning. An iterative 
calibration mechanism based on residual feedback 
will be introduced, where the deviation between the 
high-precision estimation results from the back-end 
module and the preliminary estimation results from 
the front-end module is used to construct an error 
correction signal, and the front-end output is pro-
gressively corrected through closed-loop iterations to 
reduce the sensitivity to error propagation.
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