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Abstract

With the large-scale integration of renewable energy resources into power grids, fault 
behaviors in new power systems have become more frequent and more complex. To address 
the difficulty of fault feature extraction under limited measurement configurations, this 
paper proposes a fault type identification method that combines online dictionary learning 
(ODL), compressed sensing, and an improved spiking neural network (SNN). First, the 
mechanisms of typical short-circuit and branch open-circuit faults are analyzed to provide 
a physical basis for feature construction. Then, an adaptive overcomplete dictionary is built 
through ODL to obtain sparse representations of fault signals. Finally, short-term plasticity 
(STP) and an attention mechanism are introduced into the SNN to enhance temporal 
adaptation and feature selectivity. Simulations on the IEEE 33-bus system evaluate bus- 
and line-fault classification under different fault locations and simulated noise levels. In 
the baseline simulations, the overall accuracies were 88.93% for bus faults and 82.48% for 
line faults, with corresponding macro-F1 scores of 88.83% and 82.38%.

Keywords: spiking neural network; compressed sensing; online dictionary learning; fault 
classification; active distribution network

1. Introduction
The large-scale integration of renewable energy resources is accelerating the devel-

opment of new-type power systems and increasing the importance of advanced sensing, 
situational awareness, and resilient operation [1,2]. In active distribution networks, dis-
tributed generation and power-electronic interfaces introduce stronger variability and more 
complex transient behavior. Accurate fault-type classification is therefore an important 
requirement for secure and reliable system operation [2,3].

Fault identification approaches reported in previous studies can generally be divided 
into mechanism-oriented methods and data-driven approaches. Mechanism-oriented meth-
ods rely on the inherent electrical characteristics of power systems, where fault information 
is extracted through the analysis of network topology, sequence components, impedance/ad-
mittance characteristics, and conventional protection principles. Machine-learning and 
deep-learning approaches have been applied to distribution-system and transmission-line 
fault detection and classification [3,4]. phasor measurement unit (PMU)-based convolu-
tional and deep neural-network methods have also been developed for wide-area faulted-
line localization and power-system event recognition [5–7]. In addition, event-driven 
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neuromorphic computing and spiking-neural-network approaches have shown potential 
for sparse, time-dependent power-system disturbance classification [8,9].

Despite these advances, purely data-driven methods may have limited physical inter-
pretability and may be sensitive to operating conditions, measurement configurations, and 
noise. Combining mechanism analysis with adaptive feature learning is therefore attractive. 
Online dictionary learning (ODL) and compressed sensing provide a basis for adaptive 
sparse representation [10,11], while unsupervised spike-timing-dependent plasticity, short-
term synaptic plasticity, and attention mechanisms provide complementary temporal and 
feature-selective modeling capabilities [12–14].

Conventional signal-processing methods generally rely on predefined basis functions, 
which may not adapt sufficiently to fault signals with nonstationary and multi-timescale char-
acteristics. An online learned dictionary can update its atoms according to incoming samples 
and obtain sparse representations that preserve discriminative fault information [10]. The 
resulting sparse features are also compatible with event-driven spiking computation, which 
can exploit temporal sparsity and local synaptic adaptation [12,13].

Recent studies have investigated sensing and perception technologies for new-type 
power systems [1], explored artificial intelligence-based approaches for resilient opera-
tion [2], and applied machine learning techniques to fault diagnosis in converter-dominated 
distribution systems [3]. PMU-based CNN models have demonstrated the capability of 
extracting fault patterns directly from synchronized measurements [5]. Meanwhile, physics-
based PMU diagnosis methods maintain stronger connections with network characteristics 
and fault mechanisms [15]. A recent real-time digital simulator (RTDS)-based study em-
ployed distribution-level PMU current data containing pre-fault and fault cycles with deep 
CNNs, achieving promising performance in fault classification and localization [16]. How-
ever, these end-to-end learning methods usually require sufficient labeled samples and 
provide limited insight into the physical meaning of extracted features.

Therefore, improving the interpretability and adaptability of fault diagnosis methods 
remains an important issue. Neural additive models have been applied to enhance the inter-
pretability of PMU placement and faulted-line localization [17]; however, their application 
mainly focuses on measurement configuration and location identification rather than event-
based fault-type classification. A recent review also indicated that no single statistical or 
machine-learning method can achieve optimal performance under all operating conditions, 
while challenges related to data quality, operating-condition variations, interpretability, and 
reliable validation remain unresolved [18]. Although event-driven neuromorphic meth-
ods have shown advantages in reducing redundant computation [8], the combination of 
physical fault characteristics, adaptive sparse feature extraction, unsupervised STDP-based 
learning, STP mechanisms, and coefficient-level attention for fault classification with limited 
measurements has not been sufficiently investigated.

Accordingly, this study identifies the following research gaps and objectives:
• Gap 1—Mechanism-based methods provide clear physical interpretations but rely 

heavily on predefined system models. In contrast, many data-driven classifiers achieve 
high accuracy while lacking explicit physical explanations.
Objective 1—Establish the relationship between linearized fault-component charac-
teristics and sparse feature construction to improve the physical interpretability of 
learned representations.

• Gap 2—Fixed signal transformations and purely end-to-end learning frameworks may 
have limited adaptability when measurement conditions vary or fault waveforms ex-
hibit strong nonstationary characteristics.
Objective 2—Develop an ODL-based sparse representation method with orthogo-
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nal matching pursuit (OMP) coding to obtain compact and adaptive features from 
100-point waveform windows.

• Gap 3—Traditional classifiers generally do not simultaneously consider event-driven 
computation, short-term temporal adaptation, and selective utilization of sparse features.
Objective 3—Integrate unsupervised STDP learning, STP-based temporal modula-
tion, and coefficient-level attention into an SNN framework for bus- and line-fault 
classification under different noise conditions.
This paper develops a fault-classification framework that integrates physical fault anal-

ysis with adaptive feature learning. The proposed framework combines online dictionary 
learning, compressed sensing, and an STP–attention SNN. First, the characteristics of typical 
fault scenarios are investigated to provide guidance for sparse feature extraction. Then, an 
adaptive overcomplete dictionary is learned from PSCAD-generated high-resolution point-
on-wave signals to obtain sparse representations. The resulting coefficients are encoded 
into spike trains and fed into the SNN, where spike-timing-dependent learning, short-term 
plasticity, and feature attention are utilized for fault-type identification [10–14].

2. Mechanism Analysis of Different Fault Types in Power Systems
2.1. Mechanism Analysis of Short-Circuit Faults

When a short-circuit fault happens in a power system, the current becomes concentrated 
around the fault point. At the same time, distributed energy resources keep injecting current 
into the system. As a result, branches closer to the fault location usually carry larger current 
amplitudes [15]. According to the superposition theorem, the post-fault system can be 
seen as the sum of the normal steady-state network and a pure fault-component network. 
The fault-component network can be further treated as a fault current source injected at 
the short-circuit point [19,20]. Based on the above analysis, the equivalent network of a 
short-circuit fault is built, as shown in Figure 1. The analysis is conducted using a linearized 
symmetrical-component model under a fixed prefault operating condition. The network 
topology and passive parameters are assumed constant within the short fault interval, and 
converter-interfaced sources are represented by local linear equivalents. These assumptions 
limit the derivation to the considered operating condition and do not represent general 
nonlinear dynamics.

Figure 1. Equivalent circuit for short-circuit fault analysis.

In Figure 1, G denotes the generator node, P the load node, and f  the fault node. Gd  and 
E are the generator transient reactance and equivalent electromotive force, respectively, and 
ZP  is the equivalent load impedance. Zf  denotes the additional fault-branch impedance for 
an asymmetrical short circuit and the grounding resistance for a three-phase short circuit. 
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Uf (0) is the prefault voltage phasor at the fault point, and If  is the fault current. Assuming 
n nodes and l directed branches in the fault network, the following relationship holds:

Δ𝑈 = 𝑍Δ𝐼 = 𝑌−1Δ𝐼 (1)

where ΔU is the vector of node-voltage fault components, Z is the node-impedance matrix, Y 
is the node-admittance matrix, and ΔI is the current-injection fault-component vector whose 
only nonzero entry is the fault current at node f . Therefore, the following relationship 
is obtained:

.
𝐼𝑓 =

.
𝑈𝑓 |0|

𝑍𝑓 𝑓 + 𝑍Δ
(2)

[



Δ
.

𝑈1
⋮

Δ
.

𝑈𝑓
⋮

Δ
.

𝑈𝑛

]



= −
.
𝐼𝑓

[



𝑍1𝑓
⋮

𝑍𝑓 𝑓
⋮

𝑍𝑛𝑓

]



(3)

From the above equation, it can be seen that the ratios Δ𝑈&
𝑖 /Δ𝑈&

𝑘  between the voltage 
fault components of different nodes are only related to the elements in the f-th column of 
the Z matrix. Therefore, it can be concluded that the voltage fault components of different 
nodes do not depend on the short-circuit type. Since node voltages are less distinguishable 
than branch currents, the branch current in the fault-component network can be written as:

Δ𝐼𝑏 = (𝑌𝑏𝐴 + 𝑌𝑏0𝐴0)Δ𝑈 (4)

In Equation (4), ΔIb  is the branch-current fault-component vector, Yb  is the branch-
admittance matrix, A is the branch-to-node incidence matrix, Yb 0  is the sending-end shunt-
admittance matrix, and A0  is the corresponding node-incidence matrix.

The short-circuit fault network model above can represent both two-phase and three-
phase short-circuit faults. Because two-phase short-circuit faults are asymmetrical, their 
fault characteristic component is the negative-sequence current [20]. For three-phase short-
circuit faults, the fault characteristic component is the positive-sequence current [20]. How-
ever, when a three-phase short-circuit fault happens, the node voltage quickly drops to 0. 
At the same time, the system frequency also decreases.

Common short-circuit faults in power systems also include ungrounded faults. Because 
of the ungrounded fault characteristics, the fault current path and sequence components 
change when this type of fault occurs. An ungrounded short-circuit fault changes the 
boundary condition at the fault point. This means the injection pattern of the ΔI vector in 
Equation (1) changes, and the specific value of ΔI also changes. However, the proportional 
relationship in Equation (4) stays unchanged. This relationship is decided by the network 
topology and parameters. In a two-phase ungrounded fault, the currents in the two faulted 
phases have the same size but opposite directions. There is no current in the unfaulted 
phase. In a three-phase ungrounded fault, the three phases stay symmetrical. The current 
magnitude is large, and the voltage drops greatly. Similarly, there is no zero-sequence 
component. A decrease in system frequency is also seen.

2.2. Mechanism Analysis of Branch Open-Circuit Disturbances
Branch open-circuit disturbance is an important factor that causes sudden changes in 

power grid operation mode. Since an open circuit does not have obvious electrical fault 
features, it is harder to detect and identify. In terms of topology, a branch open circuit can be 
seen as disconnection at both sides of the branch, or disconnection at only one side. Figure 2 
shows the equivalent network model when a two-side open circuit happens on the directed 
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branch for the case where only the i side is disconnected, the analysis method is similar 
to the two-side open circuit case. The difference is that an equivalent virtual node needs 
to be added at the open-circuit point. The rest of the modeling and analysis steps stay the 
same [20].

Figure 2. Equivalent circuit for branch open-circuit analysis.

In Figure 2, Iij  and Iji  denote the current phasors through the directed branches ij and 
ji under normal operation, consistent with the labels used in the figure. Yi0  and Yj0  are the 
admittance-to-ground matrices at the two ends of branch ij. The remaining symbols have 
the same meanings as in Figure 1. Because a branch open circuit disconnects the two ends of 
the branch, the current sources in the fault-component network have the same magnitudes 
as the prefault branch currents but opposite directions.

Δ𝐼𝑏 = (𝑌𝑏𝐴 + 𝑌𝑏0𝐴0)𝑌−1Δ𝐼 (5)

Because a branch open circuit changes the network topology, Y, Yb , Yb 0 , and A0  in 
Equation (5) are formed after removing the disconnected branch. When both ends of branch 
ij are open, the entries in rows i and j of the injection vector are Iij  and Iji , respectively; all 
other entries are zero.

𝐼𝑏 = 𝐼𝑏|0| + Δ𝐼𝑏 (6)

3. Power System Fault Data Acquisition Based on Compressed Sensing
3.1. Sparse Signal Representation Model Based on Compressed Sensing

Sparse signal representation is a method used to approximate the original signal, and 
it represents the signal by a linear combination of several atoms. In this process, the number 
of selected atoms is much smaller than the dimension of the signal, so the main features 
of the signal can be extracted in an effective way. The dictionary is an important basis of 
sparse representation. The fault mechanism analysis in Section 2 gives a theoretical basis 
for constructing a suitable and efficient dictionary. In this paper, an Online Dictionary 
Learning (ODL) method is used [10]. This method updates the dictionary online through 
a recursive process, and mini-batch samples are processed step by step. In this way, the 
dictionary can better adapt to the dynamic characteristics of the system and represent them 
more flexibly [10]. In the implemented single-channel case, each normalized window is 
𝑦 ∈ 𝑅100, the overcomplete dictionary is 𝐷 ∈ 𝑅(100×200), and the sparse coefficient vector is 
𝑥 ∈ 𝑅200; in general, 𝑦 ∈ 𝑅𝑚, 𝐷 ∈ 𝑅(𝑚×𝐾), and 𝑥 ∈ 𝑅𝐾 with 𝐾 > 𝑚.

Given signal 𝑦 ∈ 𝑅𝑚 and overcomplete dictionary 𝐷 ∈ 𝑅𝑚×𝑘(𝑘 > 𝑚), sparse represen-
tation is used to find a set of sparse coefficients 𝑥 ∈ 𝑅𝑘. Based on these sparse coefficients, 
the original signal can be represented as 𝑦 = 𝐷𝑥. At the same time, the number of nonzero 

https://doi.org/10.3390/pr14213621

https://doi.org/10.3390/pr14213621


Processes 2026, 14, 3621 6 of 25

elements in x needs to be reduced as much as possible, that is, ||x||0  should be made as 
small as possible. Here, ||x||0  denotes the L0  norm of x. The minimization of this norm is a 
combinatorial optimization problem, and this kind of problem is difficult to solve directly. 
For this reason, the L1  norm is usually used to replace the L0  norm in practical calculation. 
In this case, the problem of finding the optimal sparse representation can be transformed 
into Equation (7), where 𝜆 > 0 is the regularization parameter. This parameter is used to 
balance the reconstruction error and the sparsity of the solution [11].

ˆ𝑥 = 𝑚𝑖𝑛𝑥
1
2 ||𝑦 − 𝐷𝑥||22 + 𝜆||𝑥||1 (7)

In the ODL process, the dictionary 𝐷 is learned from the available training signals. In 
this work, high-resolution point-on-wave electrical signals obtained from PSCAD/EMTDC 
are used for dictionary training. For real-world applications, the required waveform data 
should be provided by DFRs or waveform-capable measurement devices, since standard 
synchrophasor measurements cannot provide the required temporal resolution.

𝑉 = 𝑚𝑖𝑛
𝐷,𝑋

||𝑌 − 𝐷𝑋||22 (8)

where 𝑋 = [𝑥1, 𝑥2, ⋯ , 𝑥𝑛] is the sparse coefficient matrix. The optimization model can be 
solved by using an alternating optimization strategy. In this process, the dictionary D is 
fixed first, and the sparse coefficient matrix X is optimized under this condition. Then, X is 
fixed, and D is optimized again, so that the dictionary can be updated step by step.

3.2. Principle of Online Dictionary Learning
The objective of the online dictionary learning method can be expressed as a stochastic 

optimization problem [10]. The main idea of this method is to update the dictionary step by 
step when new samples are input. Through this updating process, the expected loss function 
can be reduced as much as possible. Therefore, this problem can be further transformed 
into solving Equation (9):

𝐿 = 𝑚𝑖𝑛
𝐷∈𝐶

1
𝑇 ∑

𝑇

𝑡=1
( 𝑚𝑖𝑛

𝑥𝑡∈𝑅𝑘

1
2 ‖𝑦𝑡 − 𝐷𝑥𝑡‖

2
2 + 𝜆‖𝑥𝑡‖1) (9)

where T denotes the total number of samples; 𝑦𝑡 ∈ 𝑅𝑚 denotes the t-th data sample; 
𝐷 = [𝑑1, 𝑑2, … , 𝑑𝑘] ∈ 𝑅𝑚×𝑘 denotes the dictionary that needs to be learned, and each column 
vector dj is an atom in the dictionary; 𝑥𝑡 ∈ 𝑅𝑘 is a sparse vector, and it represents the 
sparse coding corresponding to yt. 𝐶 is the constraint set of the dictionary, and it satisfies 
expression 𝐶 = {𝐷 ∈ 𝑅𝑚×𝑘| ‖𝑑𝑗‖2

≤ 1, ∀𝑗}. This constraint is used to limit the sparsity of the 
elements in the dictionary. The main idea of online dictionary learning is not to directly solve 
the batch optimization problem based on all samples. Instead, the dictionary is updated 
one by one when new samples are input, and this process is carried out by using a stochastic 
approximation strategy. Based on this idea, the online dictionary learning method proposed 
in this paper divides the above problem into two alternating steps, namely sparse coding 
and dictionary updating.

For the sample yt  at time t, the dictionary Dt −1  obtained from the previous time instant is 
given first. Under this condition, the sparse representation xt  of yt  can be calculated, namely:

𝑥𝑡 = arg𝑚𝑖𝑛𝑥 (
1
2 ‖𝑦𝑡 − 𝐷𝑡−1𝑥‖2

2 + 𝜆‖𝑥‖1) (10)

In the updating process, the proposed method uses two intermediate statistical quan-
tities, At  and Bt , to collect the historical information of the data. After these statistical 
quantities are obtained, the dictionary Dt  is updated based on them. The expressions of the 
two intermediate statistical quantities are given as follows:

𝐴𝑡 = 𝐴𝑡−1 + 𝑥𝑡𝑥𝑇
𝑡

𝐵𝑡 = 𝐵𝑡−1 + 𝑦𝑡𝑥𝑇
𝑡

(11)
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where 𝐴𝑡 ∈ 𝑅𝑘×𝑘 denotes the expectation of the autocorrelation matrix of the sparse coeffi-
cients, and 𝐵𝑡 ∈ 𝑅𝑚×𝑘 denotes the expectation of the cross-correlation matrix between the 
original signal and the sparse coefficients. Based on the accumulated statistical quantities 
obtained at the intermediate time instant, the dictionary Dt  is updated and solved. This 
process can be expressed as:

𝐷𝑡 = arg𝑚𝑖𝑛
𝐷∈𝐶

1
𝑡 (

1
2𝑇𝑟(𝐷𝑇𝐷𝐴𝑡) − 𝑇𝑟(𝐷𝑇𝐵𝑡)) (12)

Based on the sparse coefficient xt  of the sample, the dictionary Dt  is updated. In this 
step, block coordinate descent is often used. In this method, the dictionary atoms dj  are 
updated one column after another, while the other columns remain fixed. This updating 
way is used to make the dictionary satisfy the unit-norm constraint. For the j-th atom dj , the 
update formula is given by:

𝑢𝑗 =
𝐵𝑡𝑗 − 𝐷𝐴𝑡𝑗

𝐴𝑡𝑗𝑗
+ 𝑑𝑗 (13)

where 𝐴𝑡𝑗𝑗 [j,j] is the j-th diagonal element of At ; 𝐴𝑡𝑗 and 𝐵𝑡𝑗 denote the j-th column elements 
of At  and Bt , respectively. After uj  is updated, the updated atom uj  needs to be projected. 
This step is used to make sure that the updated atom can satisfy the unit-norm constraint:

𝑑𝑗 =
𝑢𝑗

max(‖𝑢𝑗‖2
, 1)

(14)

In the implementation, the waveform sampling frequency is set to 20 kHz, with a 
100-point window (5 ms) and a 20-point sliding interval (1 ms). The dictionary size 
is configured as 100 × 200, and OMP is adopted for sparse coding with a maximum of 
15 selected atoms and a residual threshold of 10−6. A coefficient is regarded as active when 
its magnitude is larger than 10−3. Although Equation (9) describes the general 𝓁1-based 
ODL formulation, the practical sparse coding process in this work is governed by the OMP 
stopping rules, including the maximum support number and residual error.

4. Power System Fault-Type Identification Method Based on an 
STP–Attention Spiking Neural Network
4.1. STP–Attention Spiking Neural Network Method

The unsupervised spiking neural network uses a two-tier architecture, which includes 
an input layer and an excitatory layer. The number of neurons in the input layer is decided 
by the number of signal channels. Each input neuron is fully connected with the neurons in 
the excitatory layer through synapses. The network uses spike-timing-dependent plasticity 
to adjust the synaptic weights by itself according to the firing time of spikes. In this way, 
neural activities with temporal correlation can be strengthened [12]. In the excitatory layer, 
lateral inhibition and a homeostatic mechanism are used together. These two mechanisms 
make neurons compete with each other, and they also guide different neurons to learn 
different features from the input data. Through this competitive process, the network can 
gradually produce selective responses to different sample patterns and distinguish these 
patterns more clearly.

The input layer first encodes the sampled data into spike trains, and then sends these 
spike trains to the excitatory layer. After the neurons in the excitatory layer receive the 
incoming spikes, they generate synaptic responses. When an input spike reaches the neuron 
at time tc , its value is set to 1, which means that a spike exists at this moment. The excitatory 
postsynaptic potential (EPSP) caused by this input spike lasts from tc  to td , and it can affect 
the membrane potential of the postsynaptic neuron during this time interval. This time 
interval also represents the effective time in which a single input spike can influence the 
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following neurons. Within this period, the EPSP value is set to 1. The above process can be 
described as follows:

𝐸𝑃𝑆𝑃(𝑡) =
{


1 𝑡𝑐 ≤ 𝑡 ≤ 𝑡𝑑, 𝑠(𝑡𝑐) = 1
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(15)

In Equation (15), 𝑡𝑐 denotes the arrival time of a presynaptic spike and 𝑡𝑑 represents 
the end of its effective postsynaptic potential interval. Both time instants are determined by 
the spike timing and the configured EPSP duration, rather than the fault class.

The membrane potential dynamics of the leaky integrate-and-fire (LIF) neurons in the 
excitatory layer are described by Equation (16). This equation shows how the membrane 
potential changes over time when the neuron receives excitatory postsynaptic potential 
(EPSP) inputs:

𝜏𝑚𝑡
𝑑𝑢𝑝(𝑡)

𝑑𝑡 = −𝑢𝑝(𝑡) + 𝜔(𝑡)∑
𝑇𝑓

𝐸𝑃𝑆𝑃(𝑡) − 𝐼 (16)

Here, 𝜏𝑚𝑡 denotes the membrane time constant, and it is used to control the decay 
rate of the membrane potential 𝑢𝑝(𝑡) toward the resting potential when there is no external 
input. A larger 𝜏𝑚𝑡 means that the decay process becomes slower. 𝑢𝑝(𝑡) represents the 
membrane potential of the neuron at time t. 𝜔(𝑡) denotes the synaptic weight at time t. 𝑇𝑓
is the set of all spike times 𝑡𝑓  in the input spike train. I represents the external inhibitory 
current, and it is a constant value. This current has a global inhibitory effect on the neuronal 
membrane potential.

When 𝑢𝑝(𝑡) reaches the firing threshold, the neuron generates a spike. After the spike 
is generated, its membrane potential 𝑢𝑡ℎ(𝑡) is reset, and the postsynaptic neurons are also 
affected to fire at the same time. After this spiking event, the neuron enters a refractory 
period. During this period, 𝑢𝑝(𝑡) remains unchanged. In addition, a homeostatic mechanism 
is added to the system, so that one neuron will not become too active and dominate the 
whole response. In this mechanism, after each discharge, the firing threshold 𝑢𝑡ℎ(𝑡) of 
the spiking neuron is increased according to 𝜃𝑟. This process can be expressed by the 
following equation:

𝑢𝑡ℎ = (1 + 𝜃𝑟)𝑢𝑡ℎ (17)

In this framework, a bio-inspired unsupervised learning mechanism based on spike-
timing-dependent plasticity (STDP) is proposed. In the learning phase, the synaptic weights 
are updated only when postsynaptic spikes arrive. The main idea of STDP is to adjust 
synaptic weights according to the temporal correlation between pre- and postsynaptic spike 
events. For each connection between the input layer and the excitatory layer, the STDP 
weight update rule is given as follows [12]:

Δ𝜔 =
{


𝜀1𝑒(−Δ𝑡/𝜏1), Δ𝑡 > 0
𝜀2𝑒(−Δ𝑡/𝜏2), Δ𝑡 < 0

(18)

where Δ𝑡 = 𝑡𝑝𝑜𝑠𝑡−𝑡𝑝𝑟𝑒 is the time difference between the postsynaptic and presynaptic spikes; 
𝑡𝑝𝑟𝑒 and 𝑡𝑝𝑜𝑠𝑡 denote their respective firing times; and 𝜀1, 𝜀2, 𝜏1, and 𝜏2 are the constants used 
for weight updating. The relation defining Δ𝑡 is explanatory text rather than a separately 
numbered approximation.

In summary, the unsupervised spiking neural network uses a two-layer architecture, 
which consists of an input layer and an excitatory layer. Signal transmission between 
the two layers is completed through fully connected synapses. The network uses the 
spike-timing-dependent plasticity rule to adjust synaptic weights by itself according to 
the firing order of spikes, and this process makes unsupervised learning possible. In the 
excitatory layer, lateral inhibition and a homeostatic mechanism are also introduced. These 
mechanisms make neurons compete with each other and learn different feature patterns 
from the input data. Finally, different neurons can form specialized responses to specific 
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input categories. The typical architecture of the network is shown in Figure 3. Related 
research has also demonstrated the applicability of spiking neural networks in power system 
disturbance and fault diagnosis tasks [8,9]. After STDP training, the synaptic weights are 
fixed and labeled samples are used for neuron–class assignment. The ten excitatory neurons 
producing the highest spike counts for each sample participate in the voting process, and 
each neuron is assigned to the class with the maximum accumulated votes. During inference, 
the classification result is obtained by aggregating the responses of neurons according to 
this mapping.

Figure 3. Architecture of the SNN-based fault classifier.

When a fault occurs in a power system, the transient fault signals usually show non-
stationary, strongly nonlinear, and time-varying characteristics. As mentioned above, sparse 
representation based on compressed sensing theory can reduce the dimension of data 
effectively, and it can also realize efficient data extraction. However, when conventional 
spiking neural network (SNN) neurons are used to process these signals, there are still two 
main limitations. First, static synaptic weights cannot describe the rapid decay patterns of 
high-frequency oscillations during faults. Second, in the classification stage, the neurons 
respond to all input spikes in the same way, and they do not have enough selectivity for the 
key feature components used to distinguish different fault types. To solve these problems, 
this paper introduces short-term plasticity (STP) and an attention mechanism into the 
leaky integrate-and-fire neuron framework. STP provides temporal adaptive ability, and 
the attention mechanism provides weight allocation ability. Based on these two parts, a 
new neuron model is constructed. This model has both temporal dynamic adaptability and 
feature selectivity. The improved model is used to extract important temporal patterns from 
power system fault signatures, and it can also reduce the influence of noise interference. 
Related research has also demonstrated the applicability of spiking neural networks in 
power system disturbance and fault diagnosis tasks [8,9].

Short-term plasticity (STP) is a fast adaptive mechanism at the synaptic level [13]. It can 
dynamically adjust the response strength of synapses according to the recent input history, 
so the temporal information can be encoded quickly. STP mainly includes two forms, namely 
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short-term facilitation (STF) and short-term depression (STD). Short-term facilitation (STF) 
means that the synaptic efficacy is temporarily enhanced under high-frequency spike 
stimulation. Short-term depression (STD) means that the synaptic efficacy is temporarily 
reduced after continuous activity. For a presynaptic neuron i and a postsynaptic neuron j, 
the synaptic efficacy 𝑔𝑖𝑗(𝑡) consists of a static weight and a dynamic component 𝑓𝑖𝑗(𝑡 ). It can 
be expressed as follows:

𝑔𝑖𝑗(𝑡) = 𝜔𝑖𝑗 + 𝑓𝑖𝑗(𝑡) (19)

The dynamic component is regulated by spike inputs and synaptic plasticity parameters. 
The proposed model updates the internal dynamic state based on spike-driven activity and 
predefined synaptic rules. The formulation of this update process is given in Equation (20):

𝜏𝑆𝑇𝑃
𝑑𝑓𝑖𝑗(𝑡)

𝑑𝑡 = −𝑓𝑖𝑗(𝑡) + 𝛾𝑖𝑗𝑝𝑖(𝑡)ℎ𝑗(𝑡) (20)

Here, 𝜏𝑆𝑇𝑃 is the STP time constant, and it is used to control the decay rate of the 
dynamic component. 𝛾𝑖𝑗 is the learning rate parameter, and it adjusts the strength of 
Hebbian plasticity. 𝑝𝑖(𝑡) denotes the presynaptic spike input, and ℎ𝑗(𝑡) represents the state 
of the postsynaptic neuron.

The introduction of STP allows neurons to adjust their response intensity dynamically 
according to the history of incoming spikes. STF is more suitable for capturing sudden fault 
events, such as current surges in post-fault transient processes. STD can reduce neuronal 
saturation by suppressing sustained activity, and this helps the model handle persistent 
faults in a more balanced way. To further improve the selectivity of neurons for sparse fault 
features, this paper adds an attention mechanism [14] to the sparse coefficients extracted 
by compressed sensing. By calculating the importance weights of different coefficients, 
the model can focus on the key feature components in an adaptive way. Specifically, the 
attention weight 𝑎𝑖 is obtained by normalizing the absolute values of the sparse coefficients 
𝑥𝑖, as follows:

𝑎i = |𝑥i|
β/Σj=1

K|𝑥j|β (21)

Here, β > 0 controls the concentration of the attention weights. Values β > 1 emphasize 
a smaller number of dominant coefficients, whereas 0 < β < 1 produces a flatter distribution. 
The coefficient was set to β = 2 in all subsequent experiments. This value was selected from 
the grid β ∈ {0.5, 1, 2, 4} according to the validation results reported in Section 5.2.3.

The attention weights 𝑎𝑖 are combined with the STP-modulated synaptic efficacy, and 
then the final membrane potential integration equation is formed. In this equation, 𝑢𝑗(𝑡)
denotes the state of the j-th neuron. The meanings of the other variables are the same as 
those defined in the preceding sections.

𝜏𝑚
𝑑𝑢𝑗(𝑡)

𝑑𝑡 = −𝑢𝑗(𝑡) + ∑
𝑖
𝑎𝑖𝑔𝑖𝑗(𝑡)𝑝𝑖(𝑡) − 𝐼 (22)

By combining short-term plasticity with the attention mechanism, the neuron gets 
two kinds of adaptive abilities, one is at the temporal level and the other is at the feature 
level. At the temporal adaptation level, STP tracks the short-term temporal patterns of input 
spikes in an adaptive way, and this is done through the change in the dynamic component 
𝑓𝑖𝑗(𝑡), so the neuron becomes more sensitive to transient features like oscillation frequency 
and duration. At the feature adaptation level, the attention weights 𝑎𝑖 give different weights 
to the sparse coefficients in a dynamic manner, this helps the neuron focus on important 
feature components and suppress the less important or interfering ones, and in this way 
the feature distribution is selectively enhanced.
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4.2. Implementation Workflow of the Improved SNN-Based Fault Classification Method
The fault dataset is generated in PSCAD/EMTDC, including bus faults, line faults, 

and no-fault cases. High-resolution three-phase voltage, current, and frequency point-
on-wave signals are exported at a sampling frequency of 20 kHz. The obtained signals 
are then processed through channel selection, sequence-component decomposition, 100-
point window segmentation, detrending, and normalization. For practical deployment, the 
required waveform inputs should be provided by DFRs or waveform-capable measurement 
units instead of conventional synchrophasor frames.

With the waveform sampling frequency set to 20 kHz, each 100-point window corre-
sponds to 5 ms, and the sliding interval of 20 points represents 1 ms.

In the offline ODL stage, normalized training windows are used to obtain sparse codes 
through OMP and update the 100×200 overcomplete dictionary. Each window is represented 
by a 200-dimensional sparse coefficient vector, with no more than 15 active coefficients.

The sparse coefficients are subsequently encoded into Poisson spike trains and used to 
train the excitatory SNN with STDP, lateral inhibition, and homeostatic regulation. After 
training, the dictionary and synaptic weights are fixed, and labeled samples are employed 
for neuron–class calibration according to the procedure described in Section 4.1.

During inference, the same preprocessing procedure is applied to the input signals. 
Sparse coefficients obtained from the fixed dictionary are encoded and fed into the trained 
STP–attention SNN. The final fault category is determined according to the neuron–class 
mapping with the highest accumulated response. In the offline branch of Figure 4, the 
decision node asks whether all training windows have been processed: ‘No’ returns to 
sparse coding and dictionary updating, whereas ‘Yes’ proceeds to SNN learning and label 
calibration. The blocks in the online branch are processing operations and therefore do not 
introduce an additional decision branch.

4.3. SNN Implementation Settings
Table 1 lists the fixed implementation settings used for numerical reproduction. The 

waveform sampling interval and the SNN integration step are different quantities: the 
former is 0.05 ms at 20 kHz, whereas the latter is 1 ms. The STDP and STP time con-
stants follow commonly used ranges for event-driven unsupervised learning and dynamic 
synapses [12,13]. Five fixed random seeds were used to report the sensitivity statistics.

Table 1. Implementation settings of the ODL–STP–attention SNN.

Parameter Value

Waveform sampling frequency 20 kHz
Window length/sliding step 100 points (5 ms)/20 points (1 ms)

Dictionary/sparse-code dimension 100 × 200/200
Maximum OMP support 15

Input channels 200
Excitatory/inhibitory neurons 600/600

SNN integration step/encoding duration 1 ms/100 ms
Resting/reset/firing threshold −65/−65/−52 mV

Membrane time constant/refractory period 20/5 ms
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Table 1. Cont.

Parameter Value

STDP τ+/τ− and A+/A− 20/20 ms and 0.010/0.012
STP time constant/learning rate 200 ms/0.01

EPSP duration 5 ms
Attention coefficient β 2

Random seeds 11, 22, 33, 44, 55

Figure 4. Offline training and online inference workflow.

5. Results and Discussion
The electromagnetic transient system is modeled in PSCAD/EMTDC, where distributed-

generation components, fault-switching events, and 20 kHz point-on-wave data are gener-
ated. MATLAB 2024a is used for subsequent processing, including signal preprocessing, 
ODL/OMP sparse representation, spike encoding, STDP-based training, neuron calibra-
tion, STP–attention inference, and evaluation. The PMU symbols in Figures 3 and 5 only 
represent conceptual measurement locations and do not indicate standard synchrophasor 
measurements for acquiring high-resolution waveform data.
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Figure 5. IEEE 33-bus test system [19].

The evaluation dataset is generated in PSCAD/EMTDC, including two-phase, three-
phase, phase-to-ground, branch open-circuit, and normal operating conditions. The high-
resolution point-on-wave signals are collected at 20 kHz and processed using 100-point 
windows with a 20-point stride. Note that the value of 500 in Table 2 corresponds to the 
number of independent samples for each individual fault subtype, such as AB, instead of 
the total samples of grouped fault categories (e.g., AB/AC/BC).

Table 2. Test conditions and dataset composition.

Fault Type Fault Location Sample Size

AB/AC/BC Bus/Line 500
ABC Bus/Line 500

AG/BG/CG Bus/Line 500
ABG/ACG/BCG Bus/Line 500

ABCG Bus/Line 500
LF Line 500

No Fault - 500

In the table, AB stands for a two-phase short-circuit fault that happens on phases A 
and B, and AC and BC are defined in the same way. ABC is a three-phase short-circuit 
fault. AG is a single-phase-to-ground fault on phase A, while BG and CG are defined 
similarly. ABG means a two-phase-to-ground fault on phases A and B, and ACG and BCG 
are defined in the same manner. ABCG is a three-phase-to-ground fault. LF refers to a 
branch open-circuit fault.

5.1. Verification of Data Extraction via Compressed Sensing
5.1.1. Online Learning Dictionary

In this paper, a dataset is built from the fault data mentioned above, and this dataset is 
used to train the online learning dictionary. The dictionary atoms are updated through the 
online dictionary learning algorithm, so the dictionary can adapt to different fault types. 
The K-means clustering method is used to group the fault atoms, and the clustering results 
are shown in the figure below. More specifically, subfigures (1) to (11) in Figure 6 show 
the atom clusters for node faults. These clusters correspond to two-phase short-circuit 
faults (AB, AC, BC), three-phase short-circuit faults, single-phase-to-ground faults (AG, 
BG, CG), two-phase-to-ground faults (ABG, ACG, BCG), and three-phase-to-ground faults. 
In Figures 6 and 7, the horizontal axis denotes the sample index within each 100-point 
window, and the vertical axis denotes normalized amplitude.

https://doi.org/10.3390/pr14213621

https://doi.org/10.3390/pr14213621


Processes 2026, 14, 3621 14 of 25

Figure 6. Dictionary-atom clusters for bus faults.

Figure 7. Dictionary-atom clusters for line faults.

The atom clusters for line faults are shown in Figure 7. These line faults include two-
phase short-circuit faults, three-phase short-circuit faults, single-phase-to-ground faults, 
two-phase-to-ground faults, three-phase-to-ground faults, and branch open-circuit faults 
(LF). They are presented in subfigures (1) through (12) in the same order as listed above.

Based on the atom clustering results given above, the average reconstruction errors, 
the average sparsity values, and the corresponding clustered atom results for different fault 
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types are shown in Tables 3 and 4. Table 3 presents the results for bus faults, whereas Table 4 
reports the corresponding results for line faults. These results are provided separately for 
bus faults and line faults. The grounded-fault classes generally require fewer active atoms 
and give lower reconstruction errors, whereas multi-phase and line-open cases use broader 
supports, consistent with their more complex waveform structure.

Table 3. Dictionary-atom clustering results for bus faults.

Fault Type Average Reconstruction 
Error (%)

Average Sparsity 
(Atoms) Cluster Index

AB 4.2 10.2 1
AC 4.5 10.5 2
BC 4.9 10.8 3

ABC 4.1 10.2 4
AG 2.7 8.3 5
BG 2.9 8.6 6
CG 2.6 8.5 7

ABG 3.2 9.5 8
ACG 3.3 9.7 9
BCG 3.1 9.2 10

ABCG 3.9 9.9 11

Table 4. Dictionary-atom clustering results for line faults.

Fault Type Average Reconstruction 
Error (%)

Average Sparsity 
(Atoms) Cluster Index

AB 4.5 10.4 1
AC 4.9 10.8 2
BC 5.0 11.1 3

ABC 4.5 10.5 4
AG 3.0 8.9 5
BG 3.2 9.1 6
CG 3.1 9.0 7

ABG 3.7 9.8 8
ACG 3.9 10.1 9
BCG 3.5 9.5 10

ABCG 4.3 10.6 11
LF 5.3 11.5 12

Here, average sparsity means the average number of dictionary atoms used to represent 
a signal in the sparse representation framework, and this value shows how complex the 
signal is and how well the dictionary works. When the sparsity is high, it means the signal 
patterns are more complex and need several atoms combined together to be represented 
accurately. When the sparsity is low, it means the signal patterns are simpler, and there are 
atoms in the dictionary that match them well, so the representation is more efficient. For 
the method proposed in this paper, the overall average reconstruction error for bus faults is 
3.58%, and the average sparsity is 9.58. For line faults, these two values are 4.08% and 10.11, 
respectively. Specifically, for N samples, the average sparsity is Savg = (1/N)Σn=1

N‖xn‖0, 
where a coefficient is counted as nonzero when |xn,k| > 10−3 and ‖xN ‖0  is limited to 15. The 
normalized reconstruction error is eavg = (100/N)Σn=1

N(‖yn − Dxn‖2/‖yn‖2). No separate 
pass/fail threshold was imposed; the values below 6% are observed results rather than a 
preset acceptance criterion.
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5.1.2. Data Acquisition via Compressed Sensing
To check if the proposed online learning dictionary can adapt to different fault types, 

data are collected for the fault scenarios using both compressed sensing and the online 
learning dictionary. The AG fault set at Node 18 is taken as an example. The current signals 
after the fault are collected, and 100 sampling points are chosen to show the results. The 
reconstruction results of the fault signal are given in Figure 8. Figure 8a compares the 
original signal and the reconstructed signal. Figure 8b shows the sparse coefficients and 
the corresponding atom indices. Figure 8c presents the reconstruction error.

Figure 8. AG-fault signal reconstruction: (a) comparison between the original and reconstructed 
signals; (b) sparse coefficient amplitudes and the corresponding atom indices; (c) normalized recon-
struction error.

For each fault subtype, 500 scenarios are generated and assigned to different locations in 
the IEEE 33-bus system. The continuous point-on-wave signals are segmented into 100-point 
windows using a 20-point stride, where each window contains 5 ms of waveform data. The 
horizontal axis in Figure 8 corresponds to consecutive sampling points within one waveform 
window and does not represent a reduction of 500 fault scenarios into 100 samples. The 
absolute fault-inception time from PSCAD is not displayed in this figure. To quantitatively 
evaluate the reconstruction performance across all fault categories, the reconstruction errors 
for bus faults and line faults are summarized in Table 5.

In summary, the online learning dictionary can adapt to different fault types by build-
ing a fault dataset and updating the dictionary atoms through clustering for each fault 
category. The compressed sensing reconstruction method proposed in this paper gives 
average reconstruction errors that are generally below 6% for the various fault scenarios set 
up in the IEEE 33-bus test system. This shows that the method is accurate and reliable for 
reconstructing fault signals in power systems. More specifically, the reconstruction errors 
for bus faults range from 2.58% to 4.92%, and for line faults they range from 2.92% to 5.57%.
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Table 5. Fault-signal reconstruction errors.

Fault Type Node-Fault 
Reconstruction Error (%)

Line-Fault Reconstruction 
Error (%)

AB 4.79 4.93
AC 4.92 5.11
BC 4.88 5.02

ABC 4.39 4.88
AG 2.61 2.99
BG 2.68 3.06
CG 2.58 2.92

ABG 3.12 3.46
ACG 3.25 3.51
BCG 3.29 3.62

ABCG 4.08 4.18
LF — 5.57

5.2. Verification of Fault Type Identification in Power Systems
5.2.1. Fault Type Identification

The IEEE 33-bus fault dataset contains PSCAD-generated 20 kHz point-on-wave volt-
age, current, and frequency signals. Following sequence-component transformation and 
100-point window segmentation, ODL/OMP is employed to extract 200-dimensional sparse 
representations. These representations are encoded into Poisson spike trains and input to 
the unsupervised SNN. Once STDP learning is completed, the synaptic weights are fixed, 
and neuron–class mapping is obtained using labeled calibration samples. The independent 
test set is then applied for performance evaluation.

Figure 9 presents row-normalized confusion matrices, with every cell reported as a 
percentage of the corresponding actual-class row. The proposed method achieves classi-
fication accuracies of 88.93% for bus faults and 82.48% for line faults. The corresponding 
macro precision, recall, and F1-score are 89.40%, 88.94%, and 88.83% for bus faults and 
82.99%, 82.48%, and 82.38% for line faults, respectively. Class-wise results are listed in 
Tables 6 and 7.

Table 6. Class-wise bus-fault classification metrics.

Fault Type Precision (%) Recall (%) F1-Score (%)

AB 88.89 80.00 84.21
AC 88.08 79.80 83.74
BC 89.50 78.40 83.58

ABC 95.13 82.00 88.08
AG 79.61 98.40 88.01
BG 82.11 98.20 89.44
CG 84.33 99.00 91.08

ABG 92.97 95.20 94.07
ACG 93.19 95.80 94.48
BCG 94.74 93.60 94.16

ABCG 92.76 84.60 88.49
No fault 91.33 82.04 86.44

Macro average 89.40 88.94 88.83
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Figure 9. Row-normalized confusion matrices for (a) bus faults and (b) line faults.

Table 7. Class-wise line-fault classification metrics.

Fault Type
Baseline 20 dB SNR

Precision (%) Recall (%) F1 (%) Precision (%) Recall (%) F1 (%)

AB 79.38 77.00 78.17 54.30 48.00 50.96
AC 80.59 76.40 78.44 53.36 47.60 50.32
BC 79.78 74.20 76.89 48.84 46.40 47.59

ABC 84.20 77.80 80.87 53.54 48.40 50.84
AG 77.72 94.20 85.17 57.56 58.60 58.08
BG 76.51 93.80 84.28 54.17 58.40 56.21
CG 78.68 95.20 86.15 53.72 59.20 56.33

ABG 86.50 84.60 85.54 57.68 52.60 55.02
ACG 88.16 86.40 87.27 48.64 53.80 51.09
BCG 90.43 83.20 86.67 50.98 51.80 51.39

ABCG 91.59 78.40 84.48 49.60 49.00 49.30
LF 88.66 70.40 78.48 38.09 43.80 40.74

No fault 76.62 80.60 78.56 — — —
Macro average 82.99 82.48 82.38 51.71 51.47 51.49
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5.2.2. Noise Impact
To investigate the noise robustness of the proposed method, Gaussian white noise with 

SNRs of 40, 30, and 20 dB is introduced into the continuous point-on-wave signals before 
window extraction. Figure 10 illustrates the corresponding classification accuracies for bus 
and line faults under different noise levels.

Figure 10. Classification accuracy under different SNRs: (a) bus-fault classification accuracy; (b) line-
fault classification accuracy. The three bars for each fault type correspond to SNRs of 40, 30, and 
20 dB, respectively.

As the SNR decreases, noise masks phase-dependent waveform features and per-
turbs the sparse representation, reducing classification accuracy. The degradation is more 
pronounced for line faults. The 20 dB results are therefore interpreted as a stringent window-
based SNR stress test rather than evidence of field-ready protection performance. Section 5.3 
further evaluates the time-resolved response during fault inception and clearing.

Figure 11 presents the row-normalized line-fault results at 20 dB SNR; each cell is 
expressed as a percentage and contrasting annotation colors are used to keep both diagonal 
and off-diagonal values legible. The overall accuracy is 51.47%, corresponding to 3088 cor-
rectly classified samples among 6000 test samples. Most errors occur between fault types 
with overlapping fault phases and neighboring line-fault signatures.

Figure 12 shows the performance comparison of the proposed method with SNN, SVM, 
and DT under the baseline condition. The enlarged figure improves the readability of the 
axes, legends, and class labels.
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Figure 11. Row-normalized line-fault confusion matrix at 20 dB SNR.

Figure 12. Comparison of classification accuracy among different algorithms under the baseline 
condition: (a) bus-fault classification; (b) line-fault classification.
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Figure 13 and Table 8 further present the average classification accuracies at 20 dB SNR 
based on the same test results. The reported line-fault accuracy is matched with the 20 dB 
confusion matrix result shown in Figure 11.

Figure 13. Average classification accuracy at 20 dB SNR.

Table 8. Classification accuracy at 20 dB SNR.

Case Proposed 
(%) SNN (%) SVM (%) DT (%) Best Baseline 

(%)
Gain (Percentage 

Points)

Bus faults 64.47 53.80 50.86 50.01 53.80 10.67
Line faults 51.47 41.05 41.81 37.06 41.81 9.66

Under the 20 dB SNR condition, the proposed method achieves average classification 
accuracies of 64.47% for bus faults and 51.47% for line faults. The corresponding accuracies 
of SNN, SVM, and DT are 53.80%, 50.86%, and 50.01% for bus faults, and 41.05%, 41.81%, 
and 37.06% for line faults. The proposed method provides improvements of 10.67 and 
9.66 percentage points over the best-performing baseline for bus and line faults, respectively.

The comparison indicates a relative advantage for the ODL–STP–attention SNN un-
der the retained simulated conditions. Nevertheless, the substantial degradation of the 
aggregate line-fault accuracy at 20 dB shows that the method remains sensitive to severe 
measurement noise. The time-resolved case study in Section 5.3 is therefore used to examine 
response sequence and delay, rather than to claim field-ready protection performance.

5.2.3. Sensitivity to the Attention Coefficient β
The coefficient β determines how strongly the attention layer concentrates on dominant 

sparse coefficients. A five-run grid evaluation was conducted for β ∈ {0.5, 1, 2, 4}, while all 
other settings in Table 1 were held constant. The mean and standard deviation over the five 
fixed random seeds are reported in Table 9.

The results show a moderate optimum at β = 2. When β = 0.5, the attention distri-
bution is relatively flat and weakly discriminative coefficients receive excessive weight. 
Increasing β to 2 improves all three indicators. A further increase to β = 4 slightly reduces 
accuracy because the attention becomes over-concentrated and suppresses complementary 
coefficients. Therefore, β = 2 is used in the remaining experiments.
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Table 9. Classification performance under different values of the attention coefficient β.

𝛃 Bus-Fault Accuracy 
(%)

Line-Fault 
Accuracy (%)

Line-Fault Accuracy at 
20 dB (%)

0.5 87.62 ± 0.41 81.31 ± 0.56 49.86 ± 0.74
1 88.24 ± 0.36 81.92 ± 0.48 50.73 ± 0.65
2 88.93 ± 0.29 82.48 ± 0.44 51.47 ± 0.61
4 88.51 ± 0.33 82.05 ± 0.51 50.92 ± 0.69

5.3. Time-Resolved Transient Analysis Under Noisy Conditions
To complement the aggregate SNR results, a time-resolved numerical transient test was 

carried out using a parameterized three-phase point-on-wave current model. The sampling 
frequency was 20 kHz. An ABG fault was applied at 100 ms and cleared at 160 ms, and 
20 dB additive white Gaussian noise was injected before window extraction. The continuous 
signal was processed by a 5 ms window with a 1 ms stride. For every window, the complete 
13-class score vector and predicted label were retained. The numerical test used the fixed 
random seed. Figure 14 presents the noise-free waveform, the 20 dB waveform, the 13-class 
score sequence, and the corresponding predicted labels in panels (a–d), respectively.

Figure 14. Time-resolved response of an ABG fault under 20 dB SNR.

Three timing indices were calculated. Detection delay 𝑇𝑑𝑒𝑡 is the interval from fault 
inception to the first non-normal decision. Stable-classification delay 𝑇𝑠𝑡𝑎𝑏𝑙𝑒 is the inter-
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val from fault inception to the first of five consecutive correctly classified ABG windows. 
Clearing-recovery delay 𝑇𝑐𝑙𝑒𝑎𝑟 is the interval from fault clearing to the first of five consecutive 
no-fault decisions. These persistence criteria suppress isolated label changes caused by 
individual noisy windows.

As shown in Figure 14, the first persistent non-normal response occurs at 106 ms, giving 
Tdet  = 6 ms. During the following transition, the AG and BG scores increase because these 
classes share faulted phases with ABG. The ABG score becomes dominant and remains 
stable from 112 ms, corresponding to Tstable  = 12 ms. After fault clearing, the output returns 
to the no-fault class at 166 ms, giving Tclear  = 6 ms. The larger panels, fonts, and markers in 
Figure 14c,d are intended to make the class-score evolution and the three response-delay 
definitions directly readable.

6. Conclusions
Based on the modeling and detailed analysis of the mechanisms for various fault 

types, this paper gets an adaptive online learning dictionary that can handle multiple 
fault categories through an online learning strategy. With the help of compressed sensing 
theory, this dictionary can efficiently extract sparse features from different kinds of fault 
data. Finally, the improved spiking neural network is used to identify fault types quickly 
and accurately.

(1) Starting from the underlying mechanisms, this work models and analyzes multiple 
typical faults, thereby overcoming the limitations of conventional purely data-driven 
approaches that are detached from physical backgrounds. This enhances the inter-
pretability and reliability of the method and provides a theoretical basis for constructing 
fault features.

(2) The proposed online adaptive dictionary learning method updates dictionary atoms 
in a dynamic way based on different fault characteristics, and this greatly improves the 
flexibility and accuracy of sparse representation. When combined with compressed 
sensing, this method not only extracts features from fault data efficiently while keeping 
good reconstruction accuracy, but also provides a solid data foundation for later 
sparsity-based applications like fault localization.

(3) At 20 dB SNR, the proposed method reaches average accuracies of 64.47% and 51.47% 
for bus- and line-fault classification, respectively. The SNN, SVM, and DT methods 
achieve 53.80%, 50.86%, and 50.01% for bus faults, while their line-fault accuracies are 
41.05%, 41.81%, and 37.06%. The proposed method improves the accuracy by 10.67 per-
centage points for bus faults and 9.66 percentage points for line faults compared with 
the baseline approaches.

In summary, the proposed method combines mechanism-based interpretation with 
adaptive sparse representation and event-driven spiking computation. In addition to the 
confusion matrices, class-wise precision, recall, specificity, and F1-score are reported, and 
the influence of the attention coefficient is quantified. The time-resolved 20 dB ABG case 
gives a detection delay of 6 ms, a stable-classification delay of 12 ms, and a post-clearing 
recovery delay of 6 ms. The evidence remains limited to balanced simulated cases on one 
IEEE 33-bus model and a parameterized point-on-wave transient test; validation with inde-
pendently exported PSCAD records, HIL data, and field waveform recordings is required 
in future work.
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