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ABSTRACT: To improve the fault diagnosis accuracy of a PV grid-connected inverter, a PV grid-connected inverter
data diagnosis method based on MPA-VMD-PSO-BiLSTM is proposed. Firstly, unlike the traditional VMD algorithm
which relies on manual experience to set parameters (e.g., noise tolerance, penalty parameter, number of decomposi-
tions), this paper achieves adaptive optimization of parameters through MPA algorithm to avoid the problem of feature
information loss caused by manual parameter tuning, and adopts the improved VMD algorithm for feature extraction
of DC-side voltage data signals of PV-grid-connected inverters; and then, adopts the PSO algorithm for the Then, the
PSO algorithm is used to optimize the optimal batch size, the number of nodes in the hidden layer and the learning rate
of the BiLSTM network, which significantly improves the model’s ability to capture the long-term dependent features
of the PV inverter’s timing signals, to construct the PV grid-connected inverter prediction model of PSO-BiLSTM, and
predict the capacitance value of the PV grid-connected inverter. Finally, diagnostic experiments are carried out based on
the expected capacitance value and the capacitance failure criterion. The results show that compared with the traditional
VMD algorithm, the MPA-optimised VMD improves the signal-to-noise ratio (SNR) of the signal decomposition from
28.5 to 33.2 dB (16.5% improvement). After combining with the PSO-BiLSTM model, the mean absolute percentage
error (MAPE) of the fault diagnosis is reduced to 1.31%, and the coefficient of determination (R2) is up to 0.99. It is
concluded that the present method has excellent diagnostic performance of PV grid-connected inverter data signals
and effectively improves the accuracy of PV grid-connected inverter diagnosis.

KEYWORDS: Photovoltaic grid connection; inverters; signal diagnostics; MPA algorithm; VMD algorithm; BiLSTM
network

1 Introduction
PV grid-connected inverters are key equipment in new energy power systems, including PV grid-

connection, power conversion, maximum power tracking, and other functions, which are important for
ensuring the security of new energy power systems and improving system operation efficiency. However,
due to the long-term operation of the PV grid-connected inverter, the circuit devices of the PV grid-
connected inverter are prone to parameter degradation, which affects the safety and reliability of the new
energy power system. Therefore, it is necessary to carry out the study of PV grid-connected inverter
faults. Wang Xinyi et al. proposed a data-driven diagnosis method based on compressed sensing (CS) and
convolutional neural network (CNN) for open-circuit faults of PV inverters, and the developed CS-CNN
compresses 85% of data with a test accuracy of 99.18% [1]. Addressing hidden, diverse open-circuit faults
in grid-connected NPC inverters and high computational costs of multi-signal diagnosis, Sumin Han et al.
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propose fusing voltage/current signals into grayscale images combined with a lightweight ACmix-RepViT
network. The method achieves 99.59% accuracy at 11.66 ms/test, improving accuracy by 1.71% and reducing
parameters/FLOPs by 90% over benchmarks [2]. Manisha Dale et al. propose a hardware-based single-
neuron circuit for real-time open-switch fault diagnosis in 3ϕ VSIs. This DSP-free solution achieves 98%
accuracy with<1-cycle detection under variable loads, eliminating controller dependency while reducing cost
and tuning requirements [3]. In addition, optimization algorithm research in other fields also inspires this
paper: Govinda et al. propose the Levy flight variant genetic algorithm for Pelton wheel health monitoring,
which significantly improves the state assessment accuracy of the mechanical components [4]; in bearing
defect identification, the signal decomposition method based on the replacement entropy and viscous
bacterial algorithm further verifies the effectiveness of the optimization algorithm in feature extraction [5].

Analysis of the above research shows that the PV grid-connected inverter fault diagnosis has entered the
intelligent diagnosis stage, but from the diagnostic results, its diagnostic accuracy has to be further improved.
Signal processing relies on artificial parameters, traditional methods (e.g., wavelet transform, viscous bacteria
algorithm) are sensitive to noise and need to set parameters (e.g., number of decomposition layers, threshold)
manually, which leads to the loss of feature information; the model generalization ability is insufficient,
existing research is mostly for specific scenarios (e.g., mechanical bearings, thermal systems), for example,
Mahdi et al. optimize the photovoltaic thermal system through phase-change materials and nano-fluid [6],
but it focuses on thermal energy management, not involving electrical fault diagnosis; Alrbai et al. optimised
the organic Rankine cycle for wastewater generation [7], but the algorithm is difficult to directly migrate
to inverter timing signal analysis; timing feature mining is not sufficient, and the existing neural networks
(e.g., CNNs) are difficult to capture the long term dependence of the voltage signal of the PV inverter due to
empirical parameter settings.

To address the above problems, this paper proposes a PV grid-connected inverter fault diagnosis
method based on MPA-VMD-PSO-BiLSTM, which is innovative in the following three aspects:

(1) Adaptive optimization of the parameters of the VMD algorithm: the Marine Predator Algorithm
(MPA) is introduced to dynamically optimize the noise tolerance, penalty factor, and the number of
decompositions of the VMD, overcoming the defects of the traditional signal decomposition that relies on
manual parameter tuning, and the accuracy of the feature extraction is greatly improved;

(2) Dynamic parameter tuning of BiLSTM network: the batch size, the number of hidden layer nodes,
and the learning rate of the BiLSTM network are adaptively determined by the particle swarm optimization
(PSO) algorithm, which solves the problems of slow convergence and insufficient prediction accuracy caused
by parameter empiricisation;

Multi-algorithm synergistic end-to-end model: combining the optimized VMD with the BiLSTM
network to construct the MPA-VMD-PSO-BiLSTM model, which realizes the whole process optimization
from signal feature extraction to fault prediction.

2 Basic Algorithms

2.1 Principles of VMD Algorithm
The VMD algorithm is a signal decomposition method. Its decomposition principles are as follows:
Assume the original signal data is represented, as shown in Eq. (1). First, the VMD algorithm decom-

poses into K-mode functions. These mode functions are then arranged in descending order of frequency.
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Finally, by selecting appropriate the processed signal can be reconstructed, as shown in Eq. (2) [4,5].

x (t) =
m
∑
i=1

fBi +
K
∑

i=m+1
fBi + γ (t) (1)

ỹ (t) =
m
∑
i=1

fBi (2)

In the equations: m denotes the number of low-frequency effective components; γ (t) represents the
remaining components.

2.2 BiLSTM Network Structure
The BiLSTM (Bidirectional Long Short-Term Memory) network is a type of recurrent neural network

that processes sequential data bi-directionally. Its structure is illustrated in Fig. 1.

Figure 1: Schematic diagram of the BiLSTM network structure

In Fig. 1, Xt−1, Xt , Xt+1 represent the model inputs,
→

h t−1,
→

h t and
→

h t+1 denote the hidden states from
forward computation;

←

h t−1,
←

h t and
←

h t+1 correspond to the hidden states from backward computation,
whileyt−1, yt and yt+1 are the respective outputs.

In the BiLSTM network, the forward LSTM computes the forward hidden states based on inputs from
timestep t − 1 to t + 1, that is Xt−1~Xt+1. Conversely, the backward LSTM processes input from timestep t + 1
to t − 1, that is Xt+1~Xt−1, to compute the backward hidden states. By concatenating the bidirectional hidden
state features, the model achieves enhanced attention to critical features.

2.3 Marine Predators Algorithm (MPA)
The Marine Predators Algorithm (MPA) is a metaheuristic optimization algorithm designed for solving

diverse optimization problems. It exhibits strong evolutionary capabilities and high search precision, making
it widely applicable in fields such as parameter optimization [6,7].

In the initialization phase, the positions of the population individuals X0
i are initialized as shown

in Eq. (3):

X0
i = Lb +mrand × (Ub − Lb) (3)
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In the equation: Ub and Lb are the upper and lower bound vectors of the search space, respectively;
mrand is a uniformly distributed random vector; it represents the position of individual i.

The optimization process comprises three stages: exploration, semi-exploration, and exploitation.
During exploration, individual positions in the population are updated according to Eqs. (4) and (5):

Yt+1
i = Yt

i + P ×R × Zt
i (4)

Zt
i = RB × (Ei −RB ×Yt

i) (5)

In the equations: t is the current iteration number; p = 0.5 is a constant; R is a random vector; Z is
the prey movement compensation; RB is a random vector following Brownian motion’s normal distribution;
E and Y are the elite and prey matrices, respectively.

In the semi-exploration stage, Half of the population updates positions using Eqs. (4) and (6); The other
half updates positions using Eqs. (7) and (8) [8,9].

Zt
i = Rl × (Ei −Rl × Pt

i ) (6)

Yt+1
i = Et

i + P × CF (t) × Zt
i (7)

Zt
i = RB × (RB × Ei −Yt

i) (8)

In the equations: Rl is a random vector; CF (t) is an adaptive parameter.
During the exploitation stage, positions are updated using Eqs. (7) and (9).

Zt
i = Rl × (Rl × Ei −Yt

i) (9)

In the FAD effect phase, positions are updated according to Eq. (10):

Yt+1
i = {

Yt
i + CF (t) × [Lb +R × (Ub − Lb)] ×U, r ≤ FADs

Yt
i + [FADs × (1 − r) + r] × (Yt

r1 −Yt
r1) , r > FADs (10)

In the equation: r is a random number; FADs = 0.2 is the probability influencing the optimization
process; r1, r2 are random positive integers; U is a binary vector.

3 MPA-VMD-BiLSTM-Based Diagnosis for Grid-Connected Photovoltaic Inverters

3.1 Improvement of the VMD Algorithm
The VMD algorithm exhibits excellent data decomposition capabilities and can effectively extract fault

voltage signal features from grid-connected photovoltaic inverters. Therefore, this study employs the VMD
algorithm as the feature extraction method for fault voltage signals in such inverters. However, the VMD
algorithm requires predefined parameters, including noise tolerance, penalty parameters, and the number of
decomposition modes (K). Inappropriate parameter settings may degrade the accuracy of feature extraction
for fault voltage signals.

To address this issue, the Marine Predators Algorithm (MPA) is adopted to optimize the predefined
parameters of the VMD algorithm, thereby enhancing its feature extraction accuracy for fault voltage signals
in photovoltaic inverters [10,11]. The specific workflow is as follows:

(1) Initialize MPA parameters and define the search ranges for the VMD parameters: noise tolerance,
penalty parameter, and number of decomposition modes. Set the VMD parameters (noise tolerance, penalty
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parameter, and K) as the optimization targets of the MPA algorithm, with the mean squared error (MSE)
serving as the fitness function.

(2) Iterate the optimization process and update prey positions based on MPA rules.
(3) Terminate the algorithm when convergence criteria are met, and output the optimal elite matrix

corresponding to the best VMD parameters (noise tolerance, penalty parameter, and K). The above workflow
is illustrated in Fig. 2.

Figure 2: Flowchart of the MPA-improved VMD algorithm

3.2 Improvement of the BiLSTM Network
The BiLSTM network enhances its ability to model long-term dependencies by stacking two layers

of Long Short-Term Memory (LSTM) neural networks. Given the temporal characteristics of fault voltage
signals in grid-connected photovoltaic inverters, this study adopts the BiLSTM network as the foundational
architecture for fault diagnosis. However, the diagnostic performance of the BiLSTM network heavily
depends on hyperparameters such as batch size, number of hidden layer nodes, and learning rate. Conven-
tional BiLSTM networks typically set these parameters empirically, which may limit their performance. To
address this limitation, an adaptive Particle Swarm Optimization (PSO) algorithm is employed to optimize
these hyperparameters.
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The adaptive PSO algorithm dynamically adjusts the inertia weight factor w1 and acceleration coeffi-
cients c1, c2 using Eqs. (11)–(13) [12,13]:

w1 = −π × arcsin(0.01 × (t −max_iter)) (11)

c1 = c1max − (c1max − c1min) × (t/max_iter) × 2 (12)

c2max = c2max − (c2max − c2min) × (t/max_iter) × 2 (13)

In the equations: t is the current iteration number; c1max , c2max are the maximum values of c1 and c2,
respectively; c1min , c2min are the minimum values of c1 and c2, respectively.

The optimization process begins by initializing the adaptive PSO algorithm to compute the optimal
inertia weights and acceleration coefficients. Subsequently, the BiLSTM hyperparameters—batch size, hid-
den layer nodes, and learning rate—are defined as optimization targets for the adaptive PSO algorithm.
Through iterative updates of particle positions, the optimal BiLSTM network architecture is determined, and
the algorithm terminates once convergence criteria are met. The workflow is illustrated in Fig. 3.

Figure 3: Flowchart of the adaptive PSO-improved BiLSTM network

3.3 Diagnostic Workflow of MPA-VMD-BiLSTM for Grid-Connected Photovoltaic Inverters
The combined method integrating the MPA-optimized VMD algorithm and the PSO-optimized

BiLSTM network is termed MPA-VMD-BiLSTM. The diagnostic workflow for grid-connected photovoltaic
inverters using MPA-VMD-BiLSTM is illustrated in Fig. 4.
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Figure 4: Fault diagnosis process for grid-connected PV inverters using MPA-VMD-BiLSTM

4 Simulation Experiment

4.1 Experimental Environment Setup
Build a simulation model of a photovoltaic grid-connected inverter based on MATLAB software, as

shown in Fig. 5.
In the simulation model, the ambient temperature and solar irradiance are set to 28○C and 1000 W/m2,

respectively. The DC bus capacitor voltage and capacitance of the grid-connected photovoltaic inverter are
500 V and 2800 μF, respectively. The photovoltaic panel’s open-circuit voltage and maximum power point
tracking (MPPT) voltage are 320 and 300 V, respectively. The switching frequency is 8 kHz, while the filter
capacitance and inductance are 100 and 300 μH, respectively. The grid voltage and frequency are 300 V and
50 Hz, with a rated power of 120 kW.

The experiments were conducted on a Windows 10 operating system. The hardware configuration
includes an AMD Ryzen 7 CPU, an NVIDIA GeForce RTX 2060 GPU, and 32 GB of RAM.
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Figure 5: Simulation diagram of the PV inverter

4.2 Data Sources and Preprocessing
The experimental data were collected from three-phase line voltage signals of the simulated grid-

connected photovoltaic inverter in the simulation model. To emulate parametric faults caused by varying
degrees of capacitor performance degradation in the inverter, the capacitance value was varied within
0%–60% of its nominal value. Fault measurement points were set on the inverter’s output side. The
sampling time and sampling frequency at these measurement points were 0.2 s and 100 kHz, respectively.
Measurements corresponding to capacitance variations within 0%–10% were labeled as normal-state data,
while those with capacitance variations of 11%–60% were labeled as fault data. Through this sampling process,
a total of 3000 datasets were obtained. Fig. 6 illustrates examples of the experimental data.

Figure 6: Sample of experimental data

Select 2400 sets of data as the training set and the remaining 600 sets of data as the testing set.
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4.3 Evaluation Metrics
The performance of the MPA-optimized VMD algorithm is evaluated using Signal-to-Noise Ratio

(SNR), Root Mean Square Error (RMSE), and Mean Absolute Error (MAE), defined as follows:

SNR = 10 ∗ log

⎡⎢⎢⎢⎢⎢⎢⎢⎣

N
∑
i=1

yi
2

N
∑
i=1
(yi − y′i)

2
)

⎤⎥⎥⎥⎥⎥⎥⎥⎦

(14)

RMSE =

�
��� 1

N

N
∑
i=1
(yi − y′i)

2 (15)

MAE = 1
N

N
∑
i=1
∣yi − y′i ∣ (16)

In the equations: N is the data length; yi and y
′

i represent the original and decomposed data, respec-
tively.

The fault diagnosis performance of MPA-VMD-PSO-BiLSTM is assessed using Mean Absolute Percent-
age Error (MAPE) and Coefficient of Determination, calculated as:

MAPE = 1
n

n
∑
i=1
∣ fi − f ′i

fi
∣ (17)

R2 = 1 − SSE
SST

(18)

In the equations: n is the number of samples; fi and f ′ are the true and predicted values of sample i,
respectively; SSE is the Sum of Squared Errors; SST is the total Sum of Squares.

4.4 Parameter Settings
MPA Algorithm:
Maximum iterations = 100, population size = 50, effect coefficient = 20, constant = 3.
Table 1 defines the core hyperparameters governing the Marine Predators Algorithm (MPA), which

control its exploration-exploitation dynamics and computational efficiency.

Table 1: MPA algorithm parameter table

Parameter name Parameter value/range
Maximum number of iterations 100

Population size 50
Effect coefficient 20

Constant 3
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VMD Algorithm:
Iterations = 100, initial center frequency = 1, DC component = 0.
Search ranges: noise tolerance = [0, 5], penalty factor = [10, 10000], number of decomposition modes =

[0, 10].
Table 2 defines the core operational parameters and optimization ranges for the Variational Mode

Decomposition (VMD) algorithm’s signal processing behavior.

Table 2: VMD algorithm parameter table

Parameter name Parameter value/range
Number of iterations 100

Initialized center frequency 1
DC Component 0

Noise tolerance search range [0, 5]
Penalty factor search range [10, 10000]

Number of decompositions search range [0, 10]

BiLSTM Network:
Hidden layers = 2, training epochs = 100.
Optimization ranges: batch size = [1, 32], hidden layer nodes = [1, 50], learning rate = [0.001, 0.1].
Table 3 specifies the architectural constants and tunable hyperparameter ranges for the Bidirectional

LSTM network’s training configuration.

Table 3: BiLSTM network parameters table

Parameter name Parameter value/range
Number of hidden layers 2

Number of training sessions 100
Batch size optimisation range [1, 32]

Optimization range for the number of hidden layer nodes [1, 50] (per layer)
Learning rate optimisation range [0.001, 0.1]

4.5 Results and Analysis
4.5.1 Simulation Model Validation

First, the correctness of the simulation model (Fig. 5) is verified. The simulation model was executed on
the operating system, and the total harmonic distortion (THD) of the inverter’s output current was analyzed.
The results are shown in Fig. 7.

As shown in Fig. 7, the total harmonic distortion (THD) of the inverter current in the developed
simulation model is below 1%. According to relevant technical standards, a THD of less than 5% meets the
requirements for grid-connected photovoltaic systems. This demonstrates the correctness of the simulation
model for photovoltaic inverter fault diagnosis proposed in this study.
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Figure 7: Total harmonic distortion (THD) of inverter current in the simulation model

To further validate the control performance of the simulation model, the DC bus capacitor voltage of the
grid-connected photovoltaic inverter was measured under varying solar irradiance conditions. The results
are presented in Fig. 8.

Figure 8: DC-side bus voltage of the grid-connected PV inverter

As shown in Fig. 8, the simulation model ensures that the DC bus capacitor voltage of the grid-
connected photovoltaic inverter rapidly stabilizes around the preset value of 500 V under varying solar
irradiance conditions. This indicates that the developed simulation model exhibits excellent control perfor-
mance.
4.5.2 Validation of the Improved VMD Algorithm

(1) Validation results
The MPA-optimized VMD algorithm was validated using the training dataset. Fig. 9 illustrates the

evolution of envelope entropy for both the MPA-optimized VMD algorithm and the standard VMD
algorithm during the iteration process.

From Fig. 9, it can be seen that compared to the standard VMD algorithm, the improved VMD
algorithm with the MPA algorithm has a faster decrease in envelope entropy during the training process and
can quickly reach a stable state. As shown in the table, the envelope entropy of the MPA-VMD is reduced
to 0.11 after 60 iterations, which is 60.7% lower than that of the conventional VMD (0.28). Meanwhile, the
decomposed SNR is improved to 33.2 dB (+16.5%) and the RMSE is reduced by 46.7%, indicating that the
MPA optimization significantly enhances the noise immunity and reconstruction accuracy of the VMD.
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Figure 9: Comparison of envelope entropy changes before and after VMD algorithm improvement

Table 4 quantitatively demonstrates the superiority of the MPA-optimized VMD algorithm over
conventional VMD, highlighting significant improvements in denoising capability (SNR), reconstruction
accuracy (RMSE), and signal sparsity (Envelope Entropy).

Table 4: Performance comparison of traditional VMD and MPA-VMD decomposition

Indicator Conventional VMD MPA-VMD Enhancement ratio
SNR 28.5 dB 33.2 dB +16.5%

RMSE 0.15 0.08 −46.7%
Envelope entropy 0.28 0.11 −60.7%

To further verify the effectiveness of the MPA algorithm in improving the VMD algorithm, the standard
VMD algorithm and the MPA-improved VMD algorithm were used on the training dataset to decompose
the three-phase line voltage of the photovoltaic grid-connected inverter. The partial decomposition results
are shown in Fig. 10.

As shown in Fig. 10, compared to the standard VMD algorithm, the improved VMD algorithm of the
MPA algorithm has better decomposition performance, and the decomposed IMF components contain more
feature information. This indicates that using the MPA algorithm to improve the VMD algorithm is effective.

(2) Comparison with other methods
Adopt improved VMD, wavelet threshold denoising, and fast Fourier transform algorithms, respec-

tively, decompose them on the training set, and compare the evaluation indicators of the decomposition
results of each algorithm. The comparison results are shown in Fig. 11.

As shown in Fig. 11, the SNR of the improved VMD (33.2 dB) is improved by 31.6% and 13.6% compared
with wavelet threshold denoising (22.7 dB) and FFT (28.7 dB), respectively, which verifies its robustness in
complex noise environments. Therefore, the improved VMD algorithm of the MPA algorithm has a better
performance of PV grid-connected inverter fault voltage signal feature extraction.
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Figure 10: Comparison of line voltage decomposition effects before and after VMD algorithm improvement

Figure 11: Comparison between the improved VMD algorithm and other algorithms

4.5.3 Verification of the Improved BiLSTM Network
(1) Verification results
To verify the effectiveness of the improvement of the BiLSTM network in this article, the improvement

effect of the BiLSTM network was validated based on the training dataset. Fig. 12 shows the fitness function
variation curves during the training process of the standard BiLSTM network and the improved BiLSTM
network using the PSO algorithm.
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Figure 12: Validation of the improved BiLSTM network

From Fig. 12, it can be seen that the fitness value of the BiLSTM network can rapidly decrease with the
increase of iteration times before and after improvement. However, compared with before improvement, the
BiLSTM network improved by the PSO algorithm can converge faster. This indicates that the improvement
of the BiLSTM network in this article is effective.

The BiLSTM network accurately extracts long-term features related to capacitance degradation (e.g.,
periodic harmonic components) and short-term abrupt features (e.g., switching device transient pulses)
through a bidirectional timing modeling mechanism (forward capture of historical state dependencies
and backward perception of future state correlations) and the dynamic filtering capability of gating units.
Combining the optimized batch size (32), the number of hidden layer nodes (48), and the learning rate
(0.005) of the PSO algorithm, the convergence speed of the network is increased by 40%, and the algorithmic
synergy with the MPA-VMD feature extraction results in a capacitance prediction of MAPE = 1.31% and
R2 = 0.99. The error is concentrated in the capacitance mutation interval, which confirms the network’s
sensitivity to the switching transient timing features, which is consistent with the voltage change caused by
capacitance failure. The error is concentrated in the interval of the sudden change of capacitance value, which
confirms the sensitivity of the network to the switching transient time-sequence characteristics, conforms
to the physical law of sudden change of voltage triggered by capacitance failure, and highlights its ability to
characterize the time-sequence dynamics of fault voltage signals.

Fig. 13 shows the comparison between the fault diagnosis results of the BiLSTM network before and
after improvement on the training dataset for photovoltaic grid-connected inverters and the actual results.

Figure 13: Comparison of fault diagnosis results before and after BiLSTM network improvement

As shown in Fig. 13, compared with the BiLSTM network, the improved BiLSTM network with PSO
algorithm predicts the DC side bus capacitance value of the photovoltaic connected to the inverter to be
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closer to the true value, indicating that the improved BiLSTM network can accurately judge the capacitance
value and has better fault diagnosis results.

(2) Compared to other networks
Based on the training dataset, improved BiLSTM network, BiGRU network, and Faster RCNN network

were used to diagnose faults in photovoltaic grid-connected inverters. The results are shown in Fig. 14.

Figure 14: Comparison between the Improved BiLSTM network and other networks

As shown in Fig. 14, the improved BiLSTM network predicts values that are closest to the actual values,
indicating that the improved BiLSTM network can achieve more accurate fault diagnosis of photovoltaic
grid-connected inverters based on capacitance values, and has certain advantages.

4.5.4 Diagnostic Verification of MPA-VMD-PSO BiLSTM Photovoltaic Grid-Connected Inverter
(1) Verification results
To verify the effectiveness of MPA-VMD-PSO BiLSTM in diagnosing photovoltaic grid-connected

inverters, the VMD algorithm improved by the MPA algorithm was first used to extract features from the test
dataset, and feature vectors were constructed; Then the feature vectors into the improved BiLSTM network of
PSO algorithm for diagnosis. Table 5 shows the diagnostic evaluation indicators of MPA-VMD-PSO BiLSTM.

Table 5: Diagnostic evaluation metrics of the MPA-VMD-PSO-BiLSTM algorithm

Evaluation metrics Values
Coefficient of determination 0.99

Mean absolute percentage error 1.31%

According to Table 5, MPA-VMD-PSO BiLSTM has an excellent performance in diagnosing photo-
voltaic grid-connected inverters, with an average absolute percentage error and absolute coefficient of 1.31%
and 0.99%, respectively.

To further verify the performance of MPA-VMD-PSO BiLSTM in diagnosing photovoltaic grid-
connected inverters, MPA-VMD-PSO BiLSTM and improved GAF-SE-ResNet [14] and FastICA-LDA [15]
were used on the test set for photovoltaic grid-connected inverter diagnosis, and the results are shown
in Fig. 15.
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Figure 15: comparison of diagnostic evaluation metrics across different methods [14,15]

From Fig. 15, it can be seen that compared to the comparative method, MPA-VMD-PSO BiLSTM
has the best diagnostic performance for photovoltaic grid-connected inverters, with the highest coefficient
of determination and the lowest average absolute percentage error, demonstrating superior diagnostic
performance for photovoltaic grid-connected inverters.

4.6 Actual Data Validation
To verify the practical application effect of the MPA-VMD-PSO BiLSTM algorithm on the diagnosis of

photovoltaic grid-connected inverters, data from a real photovoltaic grid-connected inverter was collected
and organized for verification. Some of the data are shown in Table 6.

Table 6: Partial data of grid-connected PV inverters

Time Voltage amplitude/V
2023.03.01 09:00:00 800
2023.03.01 09:00:10 800
2023.03.01 09:00:20 800

. . . . . .
2023.03.15 24:00:00 200

The collected and organized data was input into the MPA-VMD-PSO BiLSTM algorithm for diagnosis
of photovoltaic grid-connected inverters, and the results are shown in Table 7.

Table 7: Diagnostic results of the MPA-VMD-PSO-BiLSTM algorithm

Evaluation metrics Values
Coefficient of determination 0.97

Mean absolute percentage error 1.46%
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According to Table 7, the MPA-VMD-PSO BiLSTM algorithm has excellent diagnostic performance for
photovoltaic grid-connected inverters, with an average absolute percentage error and absolute coefficient of
1.46% and 0.997%, respectively.

5 Conclusion
In this study, a hybrid diagnosis method based on MPA-VMD-PSO-BiLSTM is proposed to significantly

improve the fault diagnosis accuracy of PV grid-connected inverters. The key parameters (noise tolerance,
penalty parameter, and number of decompositions) of the variational modal decomposition (VMD) are
optimized by the marine predator algorithm (MPA) to achieve efficient feature extraction of the DC-side
voltage signals, and the structural parameters (batch size, number of nodes in the hidden layer and learning
rate) of the bi-directional long and short-term memory network (BiLSTM) are optimized by combining with
the adaptive particle swarm algorithm (PSO) to construct an accurate capacitance value prediction model.
The experimental results show that the method has an average absolute percentage error (MAPE) of 1.31% and
a coefficient of determination (R2) of 0.99 in the simulation dataset; in the real data validation, the MAPE is
1.46% and the R2 is 0.97, which significantly outperforms the comparative methods, such as GAF-SE-ResNet
and FastICA-LDA.

The innovation of this method lies in the synergy between the optimization algorithm and the deep
learning network, which solves the limitations of traditional methods in feature extraction and timing
prediction, and provides a high-precision diagnostic solution for parametric faults of PV inverters. However,
the research currently focuses on parametric faults and does not cover complex scenarios such as structural
faults. Future work will expand the diagnostic study of multiple types of faults (e.g., mechanical damage,
circuit breakage) and explore multi-source data fusion (e.g., current, temperature signals) and migration
learning techniques to enhance the generalization capability and engineering applicability of the model and
help the further development of intelligent operation and maintenance of PV systems.
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