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Abstract

To address the scarcity of fault samples in photovoltaic (PV) arrays and the tendency of conven-
tional data-driven models to overfit under small-sample conditions, this paper proposes a triplet-
Siamese fault-diagnosis framework, termed triplet-Siamese-multi-scale temporal convolutional
network (Tri-MSTCN). First, an operating model of the PV array is established to collect time-
series samples. A triplet sampling strategy is then adopted to construct anchor—positive—negative
tuples, which enlarges the effective training set and increases sample diversity. The proposed net-
work employs a multi-scale temporal convolutional network (TCN) to extract features at multi-
ple temporal resolutions, integrates a channel-attention module to emphasize informative chan-
nels, and introduces a gated residual fusion mechanism to adaptively combine the reweighted fea-
tures with the original input, thereby enhancing feature representation. The experimental results
show that from 45 samples to 135 samples, the accuracy of the Tri-MSTCN model significantly
improved, increasing from 96.67% to 98.89%. In contrast, it is clearly higher than other models,
such as GRU, CBG, and TCN. As the sample size increases, the accuracy of Tri-MSTCN increases
significantly, further validating the model’s effectiveness and generalization ability in PV array fault
diagnosis.

1. Introduction

Photovoltaic (PV) power generation, as a key component of clean energy systems, has become an impor-
tant driver of the global energy transition. With the increasing penetration of renewable energy, PV
arrays deployed in the field are inevitably exposed to environmental variability, component aging, and
external disturbances, which may induce various faults [1]. These faults not only reduce the energy yield
of PV systems but may also accelerate equipment degradation and, in severe cases, threaten grid stability.
Therefore, developing efficient and accurate fault-diagnosis techniques for PV arrays is of great signifi-
cance for improving system reliability and supporting sustainable energy deployment.

To address the challenges posed by limited fault samples, several existing studies have primarily
focused on transfer learning, data augmentation, meta-learning, and metric-learning-based few-shot
diagnosis frameworks. For instance, literature [2] proposed a meta-transfer learning framework embed-
ded with prior knowledge, where diagnostic prior knowledge was integrated with a meta-learning mod-
ule to improve model generalization under small-sample conditions. In the context of rotating machin-
ery fault diagnosis, literature [3] developed a small-sample transfer learning framework based on a uni-
fied one-dimensional convolutional network, systematically comparing feature transfer, fine-tuning, and
meta-learning methods under various transfer scenarios. Moreover, literature [4] introduced an inter-
pretable multi-domain meta-transfer learning framework that incorporated a multi-task transfer struc-
ture and an activation-mapping fusion mechanism, enhancing robustness and interpretability under vari-
able operating conditions. Additionally, literature [5] proposed a constructive incremental learning and
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integrated domain adaptation method, which improved adaptability and diagnostic accuracy in small-
sample cross-domain scenarios by combining wavelet packet decomposition, incremental domain adapta-
tion, and a majority-voting mechanism. Similarly, literature [6] introduced an information-fusion-based
meta-transfer diagnosis method, where sparse principal component analysis (PCA) and multi-sensor
information fusion were employed to improve the generalization performance of small-sample fault diag-
nosis under different operating conditions.

In addition to transfer learning, data augmentation has been widely adopted to alleviate the scarcity
and imbalance of fault samples by expanding the training set through signal transformations and gener-
ative models. Basic augmentation strategies, such as noise injection and time stretching, have been ver-
ified to be effective in literature [7], where these techniques were applied to raw vibration signals com-
bined with deep networks for fault diagnosis. Generative models have further advanced this direction.
Specifically, literature [8] and literature [12] employed improved generative adversarial networks to gen-
erate fault signals and enhance diagnostic accuracy under small-sample conditions, while literature [9]
improved the quality of generated samples by using a weighted modified conditional variational autoen-
coder, achieving better performance under class-imbalanced conditions. More recently, diffusion-based
augmentation methods were introduced in literature [10] and literature [11], which improved the qual-
ity, diversity, and stability of generated samples by enhancing vibration signal generation or simulat-
ing the noise diffusion process. Furthermore, literature [13] and literature [14] incorporated continuous
wavelet transform, attention mechanisms, contrastive learning, and Fourier CNN into the augmentation
framework, making the generated samples closer to the original data distribution and further improving
the recognition accuracy and generalization capability of diagnostic models.

From another perspective, meta-learning aims to improve rapid adaptation to new tasks by learn-
ing transferable knowledge from multiple related tasks. Representative optimization-based meta-learning
methods, including MAML, Meta-SGD, Reptile, and ANIL, have laid the methodological foundation
for fast adaptation by learning transferable initialization parameters, update directions, and lightweight
adaptation strategies [15—18]. Building on these advances, literature [19] formulated small-sample fault
diagnosis as an N-way K-shot task and performed meta-training based on MAML, enabling rapid adap-
tation under complex operating conditions. Furthermore, literature [20] proposed a GMAML-based
method for cross-domain few-shot bearing fault diagnosis driven by heterogeneous signals, where a
channel-interaction attention feature encoder and an inner-loop weight-guidance mechanism were
designed to enhance the extraction of shared knowledge across tasks.

In addition to transfer learning, data augmentation, and meta-learning, metric-learning-based few-
shot frameworks have shown strong potential in small-sample fault diagnosis, particularly those based
on Siamese networks [21]. However, PV-array fault diagnosis remains challenging because PV electrical
signals are multivariate time series, which are strongly influenced by irradiance and temperature. Existing
few-shot models often struggle to capture multi-scale temporal dependencies or are prone to overfitting
under scarce data conditions. To address this issue, this paper proposes Triplet-Siamese multi-scale tem-
poral convolutional network (Tri-MSTCN), a triplet Siamese framework that combines triplet sampling,
multi-scale temporal convolution, channel attention, and gated residual fusion for robust PV-array fault
diagnosis under small-sample conditions.

Based on the above design, the main contributions of this work are summarized as follows:

1. A parallel multi-branch multi-scale temporal convolutional network (TCN) encoder for PV time
series. A parallel multi-branch temporal convolutional encoder is developed, where each branch
adopts a specific kernel size and dilation rate to capture temporal patterns at different receptive-field
scales. The branch features are fused by a 1x1 convolution to obtain a unified representation.

2. An enhanced temporal attention module with learnable gated fusion. An enhanced temporal atten-
tion module is introduced by integrating multi-kernel temporal filtering and channel-wise reweighting
derived from both average pooling and max pooling. A learnable gate is further employed to fuse the
enhanced features with the original features in a residual manner, which strengthens informative chan-
nels and improves representation quality.

3. A triplet-based metric embedding network for few-shot PV fault diagnosis. A triplet-based metric
embedding network is established by combining the proposed encoder with a normalized embed-
ding head for distance-based recognition under limited supervision. Systematic ablation and robust-
ness evaluations are provided in the revised manuscript to support the effectiveness of the proposed
design.
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Figure 1. Equivalent circuit model of a PV cell.

2. PV cell equivalent circuit model

In the literature, the electrical characteristics of PV cells are commonly analyzed and simulated using
equivalent-circuit models [22]. Among these models, the single-diode model (SDM) and the double-
diode model (DDM) are the two most widely used approaches. Compared with the DDM, the SDM
involves fewer parameters and a simpler mathematical formulation, resulting in higher computational
efficiency. Therefore, it is often preferred in engineering applications and system-level simulations.

Since this study focuses on engineering applications, the SDM is adopted to describe the electrical
behavior of PV cells. As illustrated in figure 1, the SDM provides a good balance between modeling
accuracy and computational cost, while maintaining relatively low model complexity.

According to the equivalent circuit model of the PV cell, the output current can be expressed as
follows [23]:

U+ IR U+ IR
* )—1]— il (1)

I:IPh—Id[eXp( Rh

nU;
where I, is the photocurrent, Iy is the diode reverse saturation current, R; is the series resistance, Ry, is
the shunt resistance, n is the diode ideality factor, and U, is the thermal voltage.

3. PV array fault analysis

3.1. Fault data features

Analysis of the characteristic curves of PV arrays under different operating conditions shows that the
maximum power point (MPP), the voltage at the MPP, and the current at the MPP vary significantly
when faults occur, and different fault types exhibit distinct variation patterns [24]. Moreover, these
parameters are strongly affected by external environmental variables such as irradiance and temperature.
Therefore, this study selects the open-circuit voltage (V,), short-circuit current (I), voltage at the MPP
(Vimp)» current at the MPP (Iy,,), output power (Poy), array voltage (V,), array current (I,), irradiance
(G), and temperature (T) as fault-related features for PV-array fault diagnosis.

3.2. PV array fault simulation and data sources

In real-world environments, irradiance and temperature are uncontrollable [25], and fault injection in
operating PV arrays may cause irreversible damage. As a result, it is difficult to collect large amounts of
labeled fault data. Since fault samples are essential for PV-array fault diagnosis and model training, their
quality and reliability are critical to diagnostic accuracy.

To address this issue, many studies use simulation-based experiments to model PV-array faults and
generate validation data [26]. In this work, a PV-array simulation model is developed using simulation
software based on the Zytech Engineering Technology ZT185S module under standard test conditions
(25°C and 1000 W m~—2). The electrical characteristics of the module are summarized in table 1, and a
schematic of the fault simulation setup is shown in figure 2.

The effects of normal operation and eight fault conditions on the I-V curve and the electrical char-
acteristics of PV arrays are investigated. A short-circuit fault is simulated by connecting a very small
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Table 1. Electrical characteristics of the ZT185S PV module under
standard test conditions.

Parameter Value
Open-circuit voltage Vo (V) 45
Short-circuit current Iy (A) 5.3
Voltage at maximum power point Vi, (V) 38.09
Current at maximum power point I, (A) 4.87
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Figure 2. Schematic diagram of PV-array fault simulation.

Table 2. PV-array fault simulation settings.

Fault type

Fault description

Open-circuit fault
Short-circuit fault
Shading fault

Shading and aging fault

Shading and aging fault (two areas of shading)

Aging fault
Short-circuit and aging fault

Short-circuit, aging, and shading fault

A photovoltaic cell is disconnected (open-circuit failure)

A photovoltaic cell is short-circuited
A photovoltaic cell is partially shaded

A photovoltaic cell is shaded, and two cells experience aging

Two photovoltaic cells experience aging

Two photovoltaic cells are shaded, and two lines experience aging

One photovoltaic cell is short-circuited, and two cells experience aging

cells are shaded

One photovoltaic cell is short-circuited, two cells experience aging, and two

resistor Ryc (Ryc =0.001€2) across the PV module terminals. An open-circuit fault is modeled by insert-
ing a large series resistor R, into the circuit. A degradation fault is simulated by adding a small series
resistor Ry to the PV array. Partial shading is emulated by applying different irradiance levels to the PV
modules. The detailed fault configurations are summarized in table 2.
Among PV arrays, the eight fault scenarios described above represent typical fault conditions. In the
simulation, the irradiance is initially set to 300 Wm~2 and the temperature to 20.05 °C. The irradiance
and temperature are then increased synchronously in steps of 2W m~2 and 0.05 °C, respectively, gen-
erating 300 sets of data for each operating condition. As an example, the representative model outputs
and corresponding class labels obtained at an irradiance of 600 Wm™2 and a temperature of 27.55 °C

are presented in table 3.

After dimensionality reduction, each sequence is segmented using a sliding window of length L = 100

with a step size of 1.

4. Model methodology

4.1. Siamese network

The Siamese network, originally proposed for metric learning and few-shot classification tasks [27],
consists of two identical branches with shared weights that extract features from paired input samples.
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Table 3. Representative model outputs and corresponding class labels.

Fault type Label VoV I /A Vinp/V Imp/A Prp/W
Normal 0 130.835 9.576 111.468 8.791 979.974
Open-circuit fault 1 130.835 6.384 111.468 5.861 653.316
Short-circuit fault 2 94.298 9.575 78.591 8.855 695.893
Shading fault 3 130.419 9.575 112.589 7.347 827.168
Shading and aging fault 4 130.612 9.462 97.058 5.734 556.499
Shading and aging fault (two areas) 5 130.443 9.404 94.380 5.821 549.365
Aging fault 6 130.834 9.481 90.109 6.711 604.728
Short-circuit and aging fault 7 127.826 9.453 83.428 4.993 416.533
Short-circuit, aging, and shading fault 8 126.134 9.377 77.682 4.505 349.980
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Figure 3. Siamese network architecture.

In fault diagnosis, it can distinguish different fault categories by learning the similarity relationships
between samples.

Each branch processes one input sample and maps it into a high-dimensional feature representation.
A small distance between the two feature vectors indicates that the corresponding samples are likely to
belong to the same fault category, whereas a large distance suggests that they belong to different cate-
gories. In this study, the Siamese network is used to learn the similarity between PV-array fault samples
under different operating conditions, thereby improving diagnostic performance when labeled fault data
are limited. This structure enhances classification performance under small-sample conditions and allevi-
ates overfitting, which is common in traditional deep learning methods.

The overall architecture of the Siamese network used in this study is illustrated in figure 3.

4.2. Triplet network

In small-sample multi-class fault diagnosis, a conventional Siamese network learns only pairwise simi-
larity or distance, which is often insufficient to model the relative separations among multiple classes.
As a result, it may struggle to form clear decision boundaries and may suffer from reduced diagnos-

tic accuracy. In contrast, a triplet network exploits the relative distances among three samples, namely
an anchor, a positive sample, and a negative sample, thereby enabling more precise class separation and
more stable decisions. Therefore, a triplet network is adopted in this work.

The basic structure of the triplet network is shown in figure 4. As an extension of the Siamese net-
work, it is particularly suitable for few-shot learning and metric-learning tasks. In fault diagnosis, train-
ing is performed using an anchor sample (A), a positive sample (P), and a negative sample (N) [28].
The objective is to pull Pcloser to A in the embedding space while pushing N farther away, thereby
enhancing discrimination among fault categories.

This behavior is enforced by the triplet loss, which constrains the distances to satisfy d(A,P) <
d(A,N) with a margin. Accordingly, the loss is defined as

£ = max(d (A, P) — d(A,N) + a,0), 2)

where d(A,P) and d(A,N) denote the anchor—positive and anchor—negative distances, respectively, and «
is a margin hyperparameter. Minimizing £ encourages better separation among different fault categories
in the embedding space, thereby improving fault-diagnosis accuracy.

5
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Figure 4. Basic structure of a triplet network.

Compared with the Siamese network, the triplet network offers significant advantages in fault-
diagnosis tasks. While the Siamese network performs classification by comparing the similarity between
two samples, the triplet network explicitly introduces negative samples and thus provides stronger dis-
criminative capability. More specifically, it not only optimizes the similarity between anchor and posi-
tive samples, but also establishes clearer decision boundaries among different fault categories by lever-
aging negative samples. Consequently, even under limited-sample conditions, the triplet network can
make more effective use of scarce fault data to learn more discriminative features, thereby improving
the robustness of fault recognition. It enables the model to extract deep features from PV-array operat-
ing data and to identify different fault patterns more accurately, especially in few-shot learning scenarios
with limited labeled data.

4.3.TCN

TCN employs causal, often dilated, one-dimensional convolutions to model temporal dependencies while
maintaining parallel computation [29]. Its enlarged receptive field enables effective modeling of sequen-
tial patterns over temporal windows. In this study, the input fault samples are organized as short tem-
poral sequences of PV-array operating data. Although the simulated irradiance and temperature profiles
are generated through discrete, quasi-static step changes, the resulting fault data still contain informa-
tive local temporal structure, such as correlations among adjacent samples, transition patterns around
operating-condition changes, and short-term persistence within each window. Therefore, the TCN is
adopted to capture these local sequential dependencies, providing a more appropriate feature extraction
mechanism than methods that treat the samples as unordered static vectors.

Causal convolution. Causal convolution enforces temporal causality by ensuring that the output at time
t depends only on the current and past inputs, i.e. y, = f(x;,x:—1,...,%—¢), without accessing future
samples [30]. Although this design prevents information leakage, the receptive field of a standard causal
convolution is limited. Modeling long-range dependencies therefore requires deeper network stacks,
which motivates the introduction of dilated convolution.

Dilated convolution. Dilated convolution enlarges the receptive field by inserting gaps between kernel
elements, controlled by the dilation factor d. When d = 1, it reduces to standard convolution; larger val-
ues of d allow the convolution to sample the sequence at wider intervals and thus capture longer-range
dependencies. As shown in figure 5, a kernel of size 3 with dilation factors d = (1,2,4) can effectively
expand the receptive field. By combining different dilation factors, the network can capture short-term
variations with small d and long-term trends with large d in time-series signals.

Residual connection. As the depth of the TCN increases, the receptive field expands rapidly, but opti-
mization may suffer from vanishing or exploding gradients. To improve training stability, TCNs employ
residual connections. A typical residual block consists of two stacked causal dilated convolutions, each
followed by post-processing modules, such as weight normalization and dropout, for regularization and
easier optimization.

In practice, directly adding the input to the block output may cause a channel mismatch. Therefore,
a 1x1 convolution is applied on the residual path to align the feature dimensions, which facilitates stable
gradient propagation and improves convergence. A TCN residual connection can be written as

y = F(x) + Convi; (x), (3)
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where F(x) denotes the stacked causal dilated convolutions with post-processing modules, such as weight
normalization and dropout. The residual structure is illustrated in figure 6.

4.4. PCA-based dimensionality reduction

PCA is a widely used dimensionality reduction method that projects high-dimensional data into a lower-
dimensional space while preserving as much variance as possible [31]. In this study, PCA is applied to
the extracted PV-array fault features to reduce redundancy, suppress noise, and improve the efficiency of
subsequent model training. The data are first standardized to ensure comparable scales across features.
The covariance matrix is then calculated, and its eigenvalues and eigenvectors are used to determine the
principal directions of variation. By selecting the top k principal components, the data are projected into
a lower-dimensional feature space. The dimensionality-reduced representation is given by:

Y =ZW, (4)

where Z represents the standardized input data, W is the projection matrix formed by the eigenvectors
of the selected principal components, and Y is the reduced-dimensional feature matrix.

The purpose of applying PCA is to enhance the training process by reducing redundancy and noise
in the input data. This improves the discriminative power of the features under the triplet loss con-
straint, lowers computational costs, accelerates model convergence, and enhances the model’s general-
ization ability and robustness.
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Figure 7. Architecture of the channel-attention module.

4.5. Channel attention module

In the multi-scale TCN (MSTCN), feature maps produced by convolution kernels of different sizes
encode temporal patterns at multiple resolutions. However, the resulting channels are not equally infor-
mative: some capture fault-relevant signatures, whereas others may mainly reflect noise or redundant
variations. To address this issue, a channel-attention mechanism is introduced to adaptively reweight dif-
ferent channels, thereby enhancing informative responses while suppressing less relevant ones.

Following the common channel-attention paradigm, the module preserves the channel dimension
while summarizing global context through global average pooling and max pooling [32]. The pooled
descriptors are then fed into a lightweight multilayer perceptron (MLP) to generate channel-wise atten-
tion weights, which are applied to the original feature map through multiplicative scaling. Finally, the
reweighted features are fused with the original features through a residual connection, allowing the net-
work to balance feature enhancement and information preservation. The architecture of the channel-
attention module is illustrated in figure 7.

This design improves the discriminative quality of the learned representations by emphasizing fault-
relevant channels while suppressing irrelevant or noisy responses, thereby enhancing diagnostic accuracy
and robustness.

5. Model methodology

5.1. Multi-scale fusion module

To effectively capture multi-scale temporal dynamics in PV array operating data, a MSTCN fusion mod-
ule is designed as the basic temporal feature extractor in the metric-learning framework. Unlike conven-
tional single-scale convolution, this module employs multiple parallel temporal convolution branches
with different kernel sizes and dilation rates, so as to jointly capture short-term fluctuations and long-
term dependencies.

As shown in figure 8, the input feature X is processed by parallel dilated temporal convolution
branches to construct representations with different temporal receptive fields. Specifically, the three
branches use kernel sizes of 9, 11, and 15, with corresponding dilation rates of 1, 2, and 4, respectively.
This design enables the model to capture both local transient variations and long-term temporal depen-
dencies while keeping the parameter scale manageable, thereby producing multi-scale features Xy, Xj,
and X,.

These multi-scale features are then concatenated along the channel dimension and fused through a
1 x 1 convolution for channel integration and feature refinement, yielding a unified representation:

X3 = Conv; ; (Concat (X, X1,X5)), (5)

where the 1 X 1 convolution enables cross-channel information interaction as well as feature compres-
sion and recalibration without altering the temporal resolution, thereby improving the representation
efficiency and discriminability of the fused features.

On this basis, a channel-attention mechanism is further introduced to adaptively reweight X; at the
channel level. Specifically, global average pooling and global max pooling are first applied to obtain com-
plementary channel-wise statistics. The pooled features are then passed through a shared MLP, summed,
and activated by a Sigmoid function to generate channel-attention weights:

Wa, = 0 (MLP (AvgPool (X3)) + MLP (MaxPool (X3))), (6)
and the attention-enhanced feature representation is obtained as

X; =Wg, ©Xs, (7)
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Figure 8. Multi-scale TCN-based fusion module.

where ©® denotes element-wise multiplication. This mechanism emphasizes channel responses that are
more critical for fault discrimination while suppressing redundant channel information, thereby provid-
ing more informative and robust temporal features for subsequent discriminative learning.

Finally, a gated residual fusion mechanism is introduced to adaptively combine the attention-
enhanced features with the original temporal features, yielding the final output:

X, =gXs+(1-9) Xs, (8)

where g is a learnable gate coefficient. This mechanism adaptively balances the contributions of the
enhanced feature representation and the residual feature information. In this way, the model can fur-
ther emphasize discriminative channel responses while preserving the underlying temporal structure
of the original features, thereby improving the robustness and discriminative capability of the learned
representation.

5.2. Overall framework and training mechanism

Let the original multivariate time series be denoted as X € , where Ty is the sequence length and
D is the feature dimension. First, the raw data are standardized, and PCA is applied to reduce the feature
dimension to D’. Then, a sliding window of length L is used to segment the reduced sequence into win-
dow samples X; € REXP ". To obtain discriminative representations for few-shot classification, an embed-
ding mapping fy : RE*P" — R¥ is constructed so that samples from the same class are closer, while sam-
ples from different classes are farther apart in the embedding space.

The input samples are then fed into three parallel TCN branches with different kernel sizes and
dilation-rate combinations. Each branch consists of residual TCN blocks. The outputs of the three
branches are concatenated along the channel dimension, followed by a 1 x 1 convolution for feature
fusion and channel compression. After that, multi-scale convolutions are employed to extract contextual
information at different temporal scales, and a channel attention mechanism is introduced to adaptively
enhance critical features. Finally, a learnable gated residual connection is used to combine the enhanced
features with the original fused features, followed by activation, dropout, and normalization to obtain
the final embedding representation fp(X;).

During training, triplet samples (X,,X,,X,) are constructed, where X, is the anchor sample, X, is a
positive sample from the same class, and X, is a negative sample from a different class. In the embed-
ding space, the distances between the anchor and the positive/negative samples are defined as

dap = Hf@ (Xa) _f9 (Xp) HZ (9)

RT{]XD

dan = Hf9 (Xa) _f9 (Xn)Hz (10)

The network parameters are optimized under triplet constraints to reduce the intra-class distance and
enlarge the inter-class distance, thereby improving the discriminability of the learned embeddings. The
training objective is optimized using the triplet loss. During inference, the same Euclidean distance met-
ric in the embedding space is used to measure the similarity between the query sample and each support
sample for nearest-neighbor diagnosis. The model architecture diagram is shown in figure 9.
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6. Data processing and diagnostic procedure

6.1. Data preprocessing

This study focuses on small-sample fault diagnosis under simulated PV-array operating conditions. For
each operating condition, time-series samples are generated. To reduce the influence of scale differences
among features and improve training stability, Z-score normalization is applied to the input data. This
transformation converts each feature into a distribution with zero mean and unit variance. The normal-
ization formula is given by

z= , (11)

where x denotes the original data, p is the mean, o is the standard deviation, and z is the normalized
value.

6.2. Few-shot triplet construction

To adapt to the few-shot fault-diagnosis task, the original time-series samples are organized by category.
Suppose the dataset contains m classes, with n samples in each class, resulting in a total of m x n sam-
ples. In the few-shot setting, k € {5,10,15,20,25} samples are randomly selected from each class to form
the training set, while the remaining samples serve as a candidate pool for testing. Therefore, the num-
ber of training samples is given by

Nirain = m x k € {45,90,135,180,225} , (12)

where m = 9 denotes the number of classes. In addition, 150 samples are randomly selected from the
remaining samples to form the test set. Based on the constructed training set, triplet constraints are gen-
erated under the triplet metric-learning framework. For each anchor sample, 8 triplets are randomly
constructed by pairing the anchor with sampled positive and negative instances. Thus, the total number
of generated triplets is:

Ntriplets = 8 X Niain- ( 13)

In this study, triplet subsets of 200, 400, 600, 800, and 1000 are constructed for experimental anal-
ysis. Compared with full combinational construction, the random sampling strategy effectively reduces
the number of triplets and the computational cost while preserving the supervisory information of intra-
class similarity and inter-class separability for subsequent embedding representation learning.
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Table 4. Overall diagnostic procedure of the proposed model.

Fault diagnosis based on shared embedding and nearest neighbor

;' Input: class-wise labeled sample pool {W.}C |, query set Q, query labels Y;, embedding network fp (-),
and support size K
Initialize support set S <— & and label set Y <— @&
forc=1to Cdo
Randomly select K samples from W, and add them to S
Record their labels in Y

end for

N;
i=1

Compute support embeddings {fy (xi<5>)}
Initialize prediction set ¥ + &

R A A U b

for each query sample xé € Qdo

—
=4

Compute query embedding fy (xﬁz)

—
—

Compute distances d(x}, xfs)) to all support samples using the same metric as defined in
equations (9) and (10)

12:  Find the nearest support index i* = argmin; d(x;,xi(s))

13:  Assign prediction f/’é = yi(j)

14:  Append )751 to Y

15: end for

16: Compute accuracy Acc = Accuracy(Yy, f/)

17: Output: ¥ and Acc

6.3. Overall diagnostic procedure

The testing-stage fault-diagnosis process is summarized in table 4. In accordance with the few-shot set-
ting, a small number of labeled samples from each class are selected to form the support set, and each
sample to be identified is treated as a query sample. The support set and the query sample are both
mapped into a shared embedding space, and the Euclidean distances between the query sample and all
support samples are computed using the same distance metric defined in equations (9) and (10). The
class label of the nearest support sample is then assigned to the query sample as the diagnostic result.

7. Experimental settings and hyperparameters

To facilitate reproducibility and provide a clear description of the proposed implementation, the training
hyperparameters are summarized in table 5. The detailed network configuration of the proposed Tri-
MSTCN is reported in tables 6 and 7, including the MSTCN branches with the fusion layer, as well as
the attention module and the output head.

Table 5 summarizes the default training settings used in the experiments. Tables 6 and 7 present the
architecture and key configurations of the proposed Tri-MSTCN. Unless otherwise specified, these set-
tings are used throughout the paper. For fair comparison, all methods follow the same data preprocess-
ing and evaluation protocol.

8. Experimental results and analysis

8.1. Ablation study
To quantify the contribution of each key component, component-wise ablation experiments were con-
ducted by removing one component at a time and comparing the modified model with the full model.
The experimental settings are summarized in table 8. In Group C2 (‘No Multi-scale’), the proposed par-
allel multi-scale branches are replaced with a conventional single-path TCN composed of three sequen-
tial temporal convolution layers with (kernel = 9, dilation = 1), (kernel = 11, dilation = 2), and (kernel
= 15, dilation = 4), respectively. In Group C3, the triplet-learning framework is replaced with a Siamese
formulation using standard pairwise contrastive loss under the same MSTCN backbone, in order to iso-
late the contribution of triplet-based metric learning.

All ablation variants are implemented under the same data splitting, sliding-window configuration,
and training hyperparameters to ensure a fair comparison. Figure 10 further illustrates the evolution of
the positive- and negative-pair distances of the full model and its ablation variants during training.

11



10P Publishing Meas. Sci. Technol. 37 (2026) 236201 Y Jian et al

Table 5. Training settings and hyperparameters.

Hyperparameter Setting

Optimizer Adam

Learning rate 1x1074

Weight decay 1x107°

Batch size (train / test) 32/16

Epochs 100

Activation function SELU

Dropout AlphaDropout (p = 0.1)
Initial margin « 0.2

Margin range [0.1, 1.5]

Table 6. Architecture of the proposed Tri-MSTCN: multi-scale TCN branches and feature

fusion.
Stage Layer type Kernel size Dilation Output channels
Branch 1 2x ConvlD (weight_norm) 9x1 1 64
Branch 1 1 X 1 Conv (residual) 1x1 1 64
Branch 2 2x ConvlD (weight_norm) 11 x1 2 64
Branch 2 1 x 1 Conv (residual) 1x1 1 64
Branch 3 2x ConvlD (weight_norm) 15 % 1 4 64
Branch 3 1 x 1 Conv (residual) 1x1 1 64
Fusion Concatenation (3 branches) — — 192
Fusion 1 x 1 Conv 1x1 1 64
Table 7. Architecture of the proposed Tri-MSTCN: attention module and output head.
Stage Module type Key parameters Output channels
Attn-1 Multi-scale temporal ConvlD Kernels = {3,5,7} 64
Attn-2 Channel attention AvgPool+MaxPool, reduction = 4 64
Attn-3 Gated residual Learnable gate (init = 0.5) 64
Head-1 Global average pooling mean over time 64
Head-2 Nonlinearity + dropout SELU + AlphaDropout (p = 0.1) 64
Head-3 Embedding normalization L, normalization (p = 2) 64

Table 8. Ablation experiment configuration.

Group PCA  Multi-scale structure ~ Channel attention mechanism  Triplet structure

Co v v v v
C1 X v v v
C2 v X v v
C3 v v X v
C4 v v v X

As shown in figure 10, the full model produces the most discriminative embedding during train-
ing: the positive-pair distance decreases faster and converges to a relatively low level, while the negative-
pair distance remains at a relatively high level. Consequently, the full model maintains a large separa-
tion between positive and negative distances across epochs, indicating stronger intra-class compactness,
inter-class separability, and a more stable convergence trend. In contrast, the no PCA variant exhibits
a slower decrease and a higher converged positive distance, suggesting weaker feature aggregation. Both
the no multi-scale and no channel attention variants can separate positive and negative pairs to some
extent, but they converge with a higher positive distance and a smaller separation gap, implying that the
multi-scale architecture and the channel-attention mechanism jointly contribute to a more discriminative
embedding space. By contrast, the no Triplet structure variant shows the weakest discrimination abil-
ity, with the highest positive-pair distance and the smallest gap between positive and negative distances
throughout training. This suggests that replacing the triplet-learning framework with a standard pairwise
formulation weakens the relative distance constraints in the embedding space, thereby reducing intra-
class compactness and inter-class separability.
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Figure 10. Positive- and negative-pair distances under ablation settings.

Table 9. Ablation results over 10 repeated evaluations (mean + SD).

Setting Acc (%) Macro-P (%) Macro-R (%) Macro-F1 (%)
CO0 98.89 £ 0.11 98.95+0.13 98.89 +0.11 98.88 +0.09
Cl1 98.19 £ 0.38 98.25+0.34 98.19 +0.38 98.19 £ 0.38
C2 94.73 £0.70 95.42 +£1.23 94.73 £ 0.70 94.66 £ 0.44
C3 97.97 £0.61 98.27 £0.20 97.97 £ 0.61 97.98 £0.59
C4 98.70 £2.78 99.02 £+ 2.08 98.70 +2.78 98.60 + 3.04

After the component-wise ablation analysis, further comparisons are conducted using the evaluation
metrics of accuracy, precision, recall, and F; score. The quantitative results are summarized in table 9.

The results in table 9 show that the full model (CO0) achieves the highest accuracy (98.89%) and sta-
bility. C1 shows a slight performance drop, with accuracy at 98.19%, indicating that PCA contributes
to feature refinement and stable representation learning. C2 exhibits the most significant decline, with
accuracy dropping to 94.73%, highlighting the importance of multi-scale feature extraction. C3 shows a
moderate decrease in accuracy (97.97%), suggesting that the channel-attention mechanism provides an
additional contribution to discriminative representation learning. By contrast, although C4 maintains a
relatively high mean accuracy (98.70%), its substantially larger standard deviation indicates reduced sta-
bility across repeated evaluations, suggesting that the triplet-learning structure contributes not only to
discriminative performance but also to more robust and consistent embedding learning.

8.2. Comparison with baseline methods

To evaluate the performance of the proposed Tri-MSTCN in small-sample fault diagnosis, it is compared
with three widely used neural-network models, namely GRU [34], TCN [35], and CNN-BiGRU (CBG)
[36], as well as representative metric-learning and few-shot learning baselines. The metric-learning base-
lines include SCBSN [21] and MSSASN [33], while the few-shot learning baselines include DVPN [37].

Following the data-partitioning scheme described in the previous section, each model is trained for
100 epochs under different training-sample settings and then evaluated on a test set of 1350 samples. The
corresponding fault-diagnosis accuracies are reported in table 10.

As shown in table 10, the diagnostic accuracies of all compared models generally improve as the
number of training samples increases, and the proposed Tri-MSTCN achieves the best performance
under all training-sample settings. When the total number of training samples is 45, the proposed model
already reaches an accuracy of 96.67%. When the number of training samples increases to 225, its accu-
racy further improves to 100.00%, indicating strong diagnostic capability in few-shot scenarios. Among
the traditional deep-learning models, TCN outperforms GRU and CBG. Although SCBSN and MSSASN
achieve better overall performance than the traditional models, they remain inferior to the proposed

13



10P Publishing

Meas. Sci. Technol. 37 (2026) 23620

1

Table 10. Results under different numbers of training samples.

Y Jian et al

Training Samples GRU CBG TCN SCBSN MSSASN DVPN Tri-MSTCN
45 — — — 92.83 91.89 94.95 96.67
90 — — — 94.01 93.07 97.58 97.38
135 93.04 95.04 95.36 96.45 95.51 98.20 98.89
180 94.21 97.30 96.93 98.90 96.78 99.51 100.00
225 97.93 98.07 98.78 99.21 97.93 99.76 100.00
1.0
0.8 1
©
0.6
=~ ,
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Figure 11. Test accuracy curves of different models.

model. DVPN performs better than SCBSN, MSSASN, and the traditional models, but it is still consis-
tently outperformed by Tri-MSTCN across all training-sample settings. This performance gap is partic-
ularly evident under extremely low-sample conditions. Overall, the proposed model demonstrates clear
performance advantages across different sample sizes.

To further validate the superiority of the proposed Tri-MSTCN, additional comparative experiments
are conducted under the same small-sample setting. Four representative baseline models, namely GRU,
CNN-BiGRU, SCBSN, and MSSASN, are selected for comparison. All models are trained and tested with
15 samples per fault category under identical conditions. The corresponding test-accuracy curves are
shown in figure 11, which provide further evidence for the comparative performance analysis.

As shown in figure 11, the proposed Tri-MSTCN achieves the best overall performance. Its accuracy
increases rapidly in the early stage and quickly converges to a high and stable level close to 1.0, demon-
strating superior learning efficiency and generalization capability.

By contrast, GRU and CNN-BiGRU converge more slowly and yield lower final accuracy. SCBSN
exhibits a relatively smooth improvement during training, but its final performance remains inferior
to that of Tri-MSTCN. MSSASN performs better than GRU and CNN-BiGRU under the small-sample
setting, vet its final accuracy and stability are still slightly lower than those of Tri-MSTCN. Overall, Tri-
MSTCN shows clear advantages in convergence speed, steady-state accuracy, and stability.

Although accuracy provides an overall measure of model performance, it cannot fully reflect the
class-wise classification behavior of different models. Therefore, confusion matrices are further intro-
duced under the setting of 15 samples per class to analyze the recognition and misclassification patterns
of different models in detail. The corresponding comparison results are shown in figure 12.

As shown in figure 12, all models classify classes 0-3 and 6-8 almost perfectly, whereas classes 4
and 5 remain the main source of error. The proposed Tri-MSTCN achieves the highest overall accu-
racy and the best recognition rate for class 4 (98.68%), with only 1.32% of samples misclassified as
class 5. Its performance on class 5 is also competitive (86.09%). Among the baseline models, DVPN is
the strongest competitor, reaching 98.20% overall accuracy and delivering strong recognition for both
class 4 (87.3%) and class 5 (96.0%), although its overall performance is still slightly inferior to that of
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Figure 12. Comparison of confusion matrices for different models under the 15-shot setting.
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Table 11. Performance comparison over 10 repeated evaluations (mean + SD).

Model Acc (%) Macro-P (%) Macro-R (%) Macro-F1 (%)
GRU 92.74 £0.20 92.74 £0.20 92.74 1+ 0.20 92.7440.20
CBG 94.69 £0.11 95.64 £+ 0.06 94.69 +0.11 94.58 +0.13
TCN 95.38 £0.18 95.75+£0.13 95.38 £ 0.18 95.36 +0.19
SCBSN 96.45 + 0.56 96.53 £ 0.53 95.45 +0.56 95.44 + 0.56
MSSASN 95.00 + 0.50 95.35+0.51 95.00 £+ 0.50 94.97 +0.51
DVPN 98.14 +£0.22 98.15+0.22 98.14 +0.22 98.14+0.23

Tri-MSTCN. MSSASN and SCBSN outperform GRU and CNN-BiGRU, but both still exhibit noticeable
mutual confusion between classes 4 and 5. By contrast, GRU and CNN-BiGRU show weaker discrimina-
tion for these difficult classes, with substantial cross-class misclassification. Overall, the results indicate
that Tri-MSTCN provides the most robust and balanced performance, especially for hard-to-distinguish
fault categories.

Using the same repeated-evaluation protocol as in the ablation study, we further compare Tri-
MSTCN with representative baseline methods. Table 11 reports Acc, Macro-P, Macro-R, and Macro-F1
in terms of mean £ SD over 10 runs. To further evaluate the overall performance and stability of differ-
ent methods, table 11 presents the average results of 10 repeated experiments.

This observation is further confirmed by the quantitative results in tables 9 and 11. Over 10 repeated
runs, Tri-MSTCN achieves 98.89 £ 0.11% accuracy, 98.95 + 0.13% Macro-P, 98.89 £ 0.11% Macro-R,
and 98.88 £ 0.09% Macro-F1, all of which are higher than those of the competing methods listed in
table 11. Compared with the strongest baseline, DVPN, Tiri-MSTCN consistently delivers better results
across all metrics while maintaining relatively small standard deviations, demonstrating superior diagnos-
tic accuracy, stability, and robustness.

8.3. Robustness analysis under different noise conditions
Although the previous experiments were conducted under relatively ideal conditions, practical industrial
environments are often affected by background noise. To assess the robustness of the proposed
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Figure 13. Accuracy comparison of different models under different noise conditions.

Tri-MSTCN, Gaussian white noise is added to the signals with SNRs ranging from 40 dB to 20 dB. The
diagnostic accuracies of the compared models under different noise levels are shown in figure 13.

As shown in figure 13, the accuracy of all models increases as the SNR rises from 20 dB to 40 dB,
indicating improved diagnostic performance under lower noise levels. The proposed Tri-MSTCN con-
sistently achieves high accuracy across the entire SNR range, demonstrating strong robustness to noise.
SCBSN and MSSASN rank second and maintain relatively good performance under noisy conditions,
whereas TCN and CNN-BiGRU show only moderate improvement. By contrast, GRU performs the worst
at all SNR levels, revealing limited robustness to noise. DVPN also shows relatively stable performance
over the tested SNR range and remains competitive, especially at 30 dB and 35 dB. Overall, the pro-
posed Tri-MSTCN exhibits the most stable and reliable classification performance under different noise
conditions.

To further illustrate the differences in classification behavior under limited-sample and high-noise
conditions, a comparative analysis is conducted based on the t-SNE scatter plots of the classification
results under the setting of 15 samples per class with 20 dB noise. The corresponding visualization
results are shown in figure 14.

As shown in figure 14, t-SNE is used to visualize the feature distributions of GRU, CNN-BiGRU,
TCN, SCBSN, MSSASN, DVPN, and the proposed Tri-MSTCN. The results indicate noticeable differ-
ences in feature discrimination among the compared models. The proposed Tri-MSTCN shows relatively
compact intra-class clustering and clearer inter-class separation, with fewer misclassified samples, sug-
gesting strong noise robustness and stable feature representations. MSSASN also performs relatively well
and exhibits improved cluster compactness and reduced overlap compared with TCN and CNN-BiGRU,
although some confusion remains between class 4 and class 5. DVPN likewise presents comparatively
clear class boundaries and competitive clustering behavior, but its feature separability is still slightly
weaker than that of Tri-MSTCN. SCBSN and TCN show a moderate degree of separability, whereas
CNN-BiGRU and GRU exhibit more evident feature entanglement and misclassification. Overall, these
results suggest that the proposed Tri-MSTCN provides strong robustness, feature separability, and classi-
fication reliability under high-noise and small-sample conditions.

9. Discussion and future work

To assess the practical applicability of the proposed method, we report its computational complexity and

briefly discuss the limitations of simulation-only evaluation, as well as future deployment directions.
Table 12 presents the computational complexity of the proposed method. It has 247 505 parame-

ters (0.94 MB in FP32), and an average inference latency of 2.505 ms per sample at batch size 1 with
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Figure 14. t-SNE comparison of different models under 20 dB noise.

Table 12. Model complexity report of the proposed method.

Metric Value
Total parameters 247505
Trainable parameters 247505
Model size (FP32 params only) 0.94 MB
Inference time (batch = 1, input 6 X 100) 2.505 ms

an input size of 6 x 100. These results indicate that the model is compact and efficient, with millisecond-
level inference time, making it well-suited for edge deployment.

The current evaluation is based on simulated PV data using a small-sample protocol, which simulates
the scarcity of labeled measured fault data. However, it cannot replace a rigorous Sim-to-Real valida-
tion with real-world datasets. In practical PV plants, additional challenges may arise, such as sensor drift,
missing data, environmental variability, operating-condition changes, and evolving fault signatures.

Despite these limitations, robustness experiments under noise and perturbations suggest that the
learned representations are effective under certain controlled distribution shifts. Therefore, the reported
results should be seen as evidence obtained under controlled simulation conditions rather than a guar-
antee of performance in real-world deployments. Future work will incorporate measured PV-station data
and explore simulation-to-real transfer, including few-shot adaptation, to improve generalization to real-
world scenarios.

10. Conclusion

This paper proposes a fault-diagnosis method for PV arrays under small-sample conditions based on the
Tri-MSTCN. The proposed framework integrates multi-scale temporal convolution, channel attention,
and gated residual fusion to learn discriminative representations from limited labeled data. By intro-
ducing triplet-based metric learning, the model is able to enhance intra-class compactness and inter-
class separability in the embedding space, thereby improving fault-class discrimination under data-scarce
conditions.
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The experimental results show that Tri-MSTCN outperforms the compared baseline models under
different training-sample settings and exhibits clear advantages in few-shot fault diagnosis. Ablation
studies confirm the positive contributions of the main modules in the proposed architecture. Moreover,
experiments under different noise levels indicate that the proposed model maintains stable diagnostic
performance and strong robustness in noisy environments.

Overall, the proposed Tri-MSTCN provides an effective and robust solution for PV-array fault diag-
nosis under small-sample conditions. Future work will investigate semi-supervised and self-supervised
learning methods to make better use of unlabeled operational data and to improve the recognition of
unknown or emerging fault patterns in practical PV systems.
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