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Abstract

With the construction of the new power system, the penetration rate of
distributed renewable energy in power distribution networks has gradually
increased, bringing new characteristics to the new power system, including
bidirectional power flow in equipment operation and frequent operating
condition fluctuations. Faced with increasingly complex operating condi-
tions and frequent fluctuations of equipment, the traditional defect diagnosis
methods for power system equipment lack generalization ability for scenario
migration. Therefore, this paper focuses on the defect diagnosis of power
equipment and model generalization under the scenario of high penetra-
tion of distributed renewable energy. Based on the analysis of multi-source
heterogeneous detection data, a cross-domain defect diagnosis framework
integrating domain adaptation and feature alignment is constructed. Firstly,
domain-invariant features under different operation scenarios are extracted,
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and combined with the data augmentation strategy, the problems of sparse and
unbalanced distribution of typical defect samples in high-penetration scenar-
ios are alleviated. Secondly, the results are verified based on multi-scenario
platforms and measured data, and the diagnosis accuracy and transferability
of the proposed method are compared with those of traditional models. The
verification results demonstrate that the research in this paper can provide
novel technical ideas for improving the state perception capability of power
equipment in the complex distribution network environment of the new power
system.

Keywords: Power equipment, fault diagnosis, cross-domain generalization,
domain adaptation.

1 Introduction

The dual-carbon goal drives the transformation of China’s power system
toward new energy dominance. The high-penetration integration of dis-
tributed generation fundamentally changes the operating characteristics of
distribution networks, giving rise to new challenges such as bidirectional
power flow and complex operating conditions [1-3], which sharply increases
the pressure on the safe operation of power equipment. Traditional defect
diagnosis methods based on a single steady operating condition suffer from
performance degradation in cross-scenario applications due to differences in
data distribution [4, 5]. Furthermore, high-penetration scenarios are charac-
terized by scarce labeled fault samples and an obvious long-tailed distribution
of defect types [6, 7], making traditional methods incapable of meeting
practical engineering demands.

Specifically, bidirectional power flow changes the current direction and
loading level of transformer terminals, switch contacts, busbar joints and
converter-side connection points. Repeated current reversal and uneven load-
ing may increase contact resistance and cause local thermal accumulation,
which is reflected as abnormal infrared hot spots. In addition, photovoltaic
and wind-power converters introduce high-frequency output fluctuations,
harmonics and switching losses, increasing the thermal stress of IGBTs,
capacitors and filter inductors and making inverter-interface overheating
more likely. Rapid voltage sag, swell or oscillation may further trigger
relay maloperation, controller undervoltage protection, contactor dropout,
control-loop disconnection and secondary-circuit insulation stress. These
physical mechanisms explain why high-penetration distributed generation
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scenarios produce fault patterns that differ from conventional steady oper-
ating conditions.

Power equipment defect diagnosis technology has evolved from early
rule-based and signal processing-based methods to the current data-driven
stage dominated by deep learning [8]. Multimodal data fusion technology
further improves diagnosis accuracy by integrating information from multiple
sources. Li et al. fused vibration, acoustic and current signals for mechan-
ical fault diagnosis of high-voltage circuit breakers, achieving an accuracy
of 94.2% [9]. Wang et al. proposed a causal dynamic fusion inference
model, which effectively addresses the causal correlation among multimodal
data [10]. Chen et al. designed a memory fusion dual-stream network to
further enhance the feature extraction capability of vibration signals [11].

To address the domain shift problem, domain adaptation technology has
been widely adopted. Among relevant approaches, feature alignment real-
izes knowledge transfer by minimizing the distribution discrepancy between
different domains. Qin et al. proposed a deep joint distribution alignment
method that aligns both marginal and conditional distributions simulta-
neously, achieving outstanding performance in cross-domain diagnosis of
wind power equipment [12]. Abbasi et al. presented a feature-weighted
MMD-CORAL method that prioritizes the alignment of features with large
distribution differences, raising the diagnosis accuracy by 2.2%. Adversarial
training-based methods learn domain-invariant features through the game
between feature extractors and domain discriminators. The FCDG method
proposed by Fang et al. effectively avoids the failure of traditional classifi-
cation boundaries [13]. Wang et al. combined the self-attention mechanism
with a domain adaptive network, significantly improving the cross-domain
adaptability of wind turbine anomaly detection.

To tackle the problem of sample scarcity, data augmentation technology
has been widely applied. Kahlen et al. proposed a physics model-based
data augmentation method, which combines electromechanical models with
machine learning to generate synthetic fault samples [14]. Wang et al. devel-
oped a gradient-penalized multi-fault generative adversarial network, which
further improves the quality and diversity of synthetic samples [15]. Liu et al.
integrated data augmentation with deep learning to solve the small-sample
diagnosis problem of high-voltage circuit breakers [16].

Nevertheless, existing research still has prominent limitations: most stud-
ies only focus on variations in conventional operating conditions such as
load and rotating speed, while insufficiently considering the unique oper-
ating characteristics under high-penetration scenarios; the integration of
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multimodal fusion and domain adaptation remains superficial [10, 11]; and
limited attention has been paid to the long-tailed distribution problem. In
response to the above issues, this paper proposes a cross-domain diagnosis
framework integrating domain adaptation and feature alignment. Datasets
with different penetration levels are constructed to simulate actual operat-
ing scenarios. A residual compression-and-excitation feature refinement unit
is designed to enhance the extraction of key features. Data augmentation
is adopted to alleviate sample imbalance, and adversarial training is uti-
lized to realize cross-domain distribution alignment, thereby improving the
generalization ability of the model.

2 Modeling and Framework of Cross-Domain Defect
Diagnosis

Suppose the multimodal data for power equipment defect diagnosis con-
stitutes the sample space X, and the defect data label space is defined
asy.

For power systems under traditional steady-state operating conditions, the
source domain is denoted as:

D, = {(Xzs7yf) 7::51 (D

And follows the distribution Ps(x).
With the high-proportion integration of distributed renewable energy into
the new power system, the operation of distribution network equipment
gradually presents characteristics of bidirectional power flow and complexi-

fied mathematical formulation compared with the traditional power system,
forming a new target domain:

D, = {(Xg) ;Ltzl @)

Follows the distribution Pt(x), where Ps(x) # Pt(x).

Under this setup, the traditional equipment defect diagnosis models
adopted in the power industry exhibit evident deficiencies.

At present, the core challenges of cross-domain defect diagnosis for
power equipment can be summarized into the following three aspects:
(1) Domain shift makes it difficult for the trained classifier to generalize
to the target domain. (2) Labeled samples in the target domain are scarce,
and the accumulation of data on typical defect patterns is insufficient.
(3) In distribution network defect diagnosis of new power systems under
high-penetration scenarios, defect types present a long-tailed distribution.
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Table 1 Comparison between traditional diagnosis and cross-domain diagnosis
Cross-Domain

Comparison Dimension  Traditional Diagnosis Method Diagnosis Method

Assumption Ps(x) = Pi(x) Ps(x) # Pi(x)

Data Requirement Requires a large number of labeled Low demand for labeled samples
samples in the target domain in the target domain

Generalization Ability Only applicable to the training Can be transferred to new
domain scenarios

Therefore, the cross-domain diagnosis framework proposed in this paper,
which integrates domain adaptation and feature alignment, can minimize the
distribution discrepancy between the source domain and the target domain in
the feature space, thereby ensuring the generalization ability of the diagnosis
model when adapting to different defect scenarios.

The comparison between the model proposed in this paper and traditional
models is shown in Table 1.

Therefore, the model framework proposed in this paper is divided into
five layers in total:

(1) Data Input Layer: It uniformly accepts heterogeneous data from differ-
ent sources such as images and texts, and completes the preprocessing
of heterogeneous data.

(2) Multimodal Feature Extraction Layer: It performs encoding for images
and texts, and outputs deep feature vectors corresponding to each
modality respectively.

(3) Adaptive Feature Fusion Layer: A gating mechanism is adopted to
realize the adaptive fusion of multimodal features.

(4) Domain Adaptation and Feature Alignment Layer: Adversarial training
is utilized to align the feature distributions of the source domain and the
target domain.

(5) Defect Diagnosis Output Layer: Based on the evaluation of the above
layers, it outputs the defect category and severity level.

3 Cross-Domain Diagnostic Model Integrating Domain
Adaptation and Feature Alignment

3.1 Overall Model Architecture

The cross-domain diagnosis model proposed in this paper consists of three
core components: domain-invariant feature extraction network, defect diag-
nosis classifier, and domain discriminator.
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1. Multi-source input 2. Preprocessing & encoding 3. Adaptive feature fusion 4. RSER refinement 5. Feature extractor F'
Source labeled D, Infrared/visible images Gating weights Channel re-weighting Shared domain-invariant
Target unlabeled D, text records Multimodal vector Residual connection representation

| 6. Diagnosis classifier C | i 7. GRL + discriminator D | | 8. MK-MMD i H 9. Pseudo-label update |
i i | - i i i
i n]]ﬂ Source labels i i O Adversarial loss o @ Marginal distribution | ! 0 Confidence threshold T |
1 Focal loss i \ Dynamic lambda (A) | H alignment \ | Conditional MK-MMD

i i . | i

QQ 10. Joint loss and back-propagation
(]

Update RSER, F, C and D

Figure 1 Overall data flow and training/inference role division of the proposed model.

The domain-invariant feature extraction network receives the refined
fused features and maps them to the domain-invariant feature space through
deep nonlinear transformation for feature output. The defect diagnosis clas-
sifier takes the extracted features as input to predict the probability dis-
tribution of defect categories of distribution network equipment. Similarly,
the domain discriminator adopts the output features of the domain-invariant
feature extraction network as input and participates in adversarial optimiza-
tion during the training process. These three core components construct
an adversarial training mechanism to realize defect diagnosis in the target
domain.

To clarify the functions of each component, Figure 1 summarizes the data
flow and the role division between training and inference. In the training
stage, RSER and the feature extractor generate refined domain-invariant
representations; the diagnosis classifier is optimized by Focal Loss using
source-domain labels; MK-MMD, conditional MK-MMD and GRL-based
adversarial learning jointly reduce marginal, class-conditional and discrimi-
native domain discrepancies. The dynamic factor scheduler only controls the
strength of adversarial optimization during training. In the inference stage,
only preprocessing, multimodal fusion, RSER, the feature extractor and the
defect diagnosis classifier are retained; the domain discriminator, MK-MMD
losses, conditional alignment, pseudo-label generation and loss calculation
are not used.

3.2 Residual Squeeze-and-Excitation Refinement Unit

There are significant differences in the contribution of information carried
by different channels in the multimodal data fusion feature hgyee to the
defect diagnosis of distribution network equipment. Some channels encode
the key infrared characteristic information of distribution network equipment,
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while others capture background noise. To fully extract valid information and
suppress useless features from multi-channel and multimodal data, this paper
embeds a residual squeeze-and-excitation refinement unit at the front end
of Gf.

The RSER unit consists of three stages: squeeze, excitation, and residual
connection.

(1) In the squeeze stage, global average pooling is adopted to compress the
spatial dimension into a channel descriptor s € R%us:

(k:
h =1,2,..., dye
%k = HxW W ;;:1 fuse ] k 5 4y ,de 3)

(2) In the excitation stage, a two-layer fully connected network is used
to learn the nonlinear dependencies among channels and generate a
channel-wise weight vector e € R%uw ;

e=0(Wz:6(Wjp-s+bj)+bg) 4)

where §(-) denotes the ReLLU activation function, and o (-) represents the
sigmoid gating function.

The original information flow is preserved via residual connection.

flfuxe =eQ hfuse + hfuse (5)

3.3 Domain-Invariant Feature Extraction Network

The domain-invariant feature extraction network G is the core of the fault
diagnosis model proposed in this paper. This paper adopts a multi-layer fully
connected network as its basic structure, and embeds distribution alignment
constraints and Dropout regularization into the basic structure.

Let the input refined feature be hp, € R%use, The feature extraction
network contains L fully connected layers:

20 = Wiz + b)), 1=1,2,....L (6)

where z2(0) = hy,,,,2) =2 € R%, and ¢(-) adopts the LeakyReLU activa-
tion function with a negative slope of 0.2 to retain partial negative informa-
tion. After each layer, Batch Normalization and Dropout regularization are
sequentially applied, with dropout ratio set to pgyp, randomly deactivating
a portion of neurons during training to enhance the model’s generalization
robustness and prevent overfitting to source-domain-specific noise patterns.
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To explicitly minimize the distribution discrepancy between source and
target domains in the feature space, this paper introduces multi-kernel max-
imum mean discrepancy (MK-MMD) as a feature regularization term. The
empirical estimate of MMD is:

2

MMD (D, Dy) = (7

R (A
m;¢(zi)—m;¢(zg‘)

Since a single kernel function has limited capacity to characterize
distribution discrepancies, this paper constructs MK-MMD using multiple
bandwidth combinations of Gaussian kernel functions:

H

K
Znk(Ds, Dy) = > MMDZ(Ds, Dy) ®)
k=1

where K is the number of kernel functions, and each kernel bandwidth
takes the value 215, with & being the mean Euclidean distance between
samples. The multi-kernel combination enables MMD to capture distribution
discrepancies at different scales, providing stronger distribution adaptation
capability compared to single-kernel MMD.

3.4 Adversarial Domain Alignment via Gradient Reversal Layer

The domain discriminator G4 adopts a three-layer fully connected network
structure, with LeakyReLU activation and Dropout regularization applied
after each layer, and a binary classification sigmoid unit in the output
layer. The optimization objective of G4 is to maximize domain classification
accuracy:

1 - 1 -
Ly = _ni Z log Gd(Gf(hfguse,i)) - TTt Z log fO(l - Gd(Gf(h;use,j)))
5 =1 j=1

)
To realize adversarial training between the feature extractor and the
domain discriminator, a Gradient Reversal Layer (GRL) is inserted between
Gy and G4. The GRL behaves as an identity mapping during forward
propagation, while multiplying the gradient by a negative factor —\ during
backpropagation:
05y 0%y
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where A > 0 is the gradient reversal coefficient. The GRL enables simulta-
neous updating of GGy and G4 through a single backpropagation pass without
requiring alternating training, significantly improving training efficiency. The
adversarial training constitutes a minimax game: ming , maxg, Z;. When
the game reaches equilibrium, the features z extracted by Gy will be
indistinguishable by G in terms of domain origin.

To further enhance the adversarial training effect, this paper introduces
a dynamic adversarial factor scheduling strategy. In the early training stage,
when the domain discriminator is relatively weak, A takes a small value so
that G; prioritizes learning classification-discriminative features; during the
mid-to-late training stage, A is gradually increased to strengthen the domain
confusion constraint. The scheduling formula for A is:

2
" 1+ exp(n/2)(—n - p)

where p € [0, 1] is the proportion of the current training epoch to the total
number of epochs, and 1 controls the scheduling rate.

Ap) -1 11

3.5 Conditional Domain Alignment and Class-Balanced
Diagnostic Classification

3.5.1 Conditional domain alignment

Since target domain samples lack ground-truth labels, their class-conditional
distributions cannot be directly computed. This paper adopts a pseudo-
labeling strategy to achieve conditional domain alignment: first, the current
model predicts labels for target domain samples, and those with confidence
exceeding threshold 7 are assigned pseudo-labels §*. Subsequently, class-
conditional MK-MMD between source domain positive samples and target
domain pseudo-labeled positive samples is computed for each class c:

cC K
Lok = Y Y MMDZ(DS, DY) (12)
c=1 k=1
where D¢ = {z7 | y7 = c} is the set of source domain features with

class ¢, and D = {2} | §% = c} is the set of target domain features with
pseudo-label c. Conditional domain alignment enables the model to attend
to cross-domain consistency of intra-class distributions while eliminating
global domain shift, further improving the cross-domain transfer accuracy

of diagnostic classification boundaries.
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In addition, pseudo-labels are not fixed after initialization. In this study,
conditional alignment is disabled during the first 10 epochs, and target-
domain pseudo-labels are then regenerated once at the end of each epoch
using the current classifier. The confidence threshold is scheduled as follows:
7(e) = 0.95 for e < 10, 7(e) = 0.95 — 0.10(e — 10)/70 for 10 < e < 80,
and 7(e) = 0.85 for e > 80. Target samples below the threshold are excluded
from conditional MK-MMD, and pseudo-labels are not used as supervised
labels. This dynamic update avoids noisy early-stage pseudo-labels while
increasing target-domain class coverage in the later training stage.

3.5.2 Class-balanced defect diagnosis classification

The defect diagnosis classifier G, takes the domain-invariant feature z <
R? as input and employs a two-layer fully connected network followed by a
softmax output layer. The standard cross-entropy loss is:

1 ns C
Lo =1 2 ; Liys=q log; fopi,c (13)
where p; . = G (23). is the predicted probability that the -th sample belongs
to class c.

Defect samples under high-penetration scenarios exhibit pronounced
long-tailed distribution characteristics. Standard cross-entropy loss treats all
classes equally, causing the model to be biased toward majority classes
with larger sample sizes while neglecting minority defect classes that have
significant engineering impact on grid safety. This paper introduces Focal
Loss for correction:

ns C
Lt = _rjs Z > Ay = pic) log;[ folpie (14)
i=1 c=1
where v > 0 is the focusing parameter. When a sample belongs to an easily
classified majority class, p; . approaches 1, and (1 — p; )" tends toward 0,
substantially suppressing its loss contribution; when a sample belongs to a
hard-to-classify minority class, p; . is small, and the modulating factor retains

a larger loss weight.

3.6 Joint Loss Function and Optimization Strategy

Integrating the optimization objectives of all aforementioned modules, the
joint loss function of the proposed model is:

Lot = LI+ o Lyt B Lok + Br Lo+ 103 (15)
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Hyperparameters «, (31, and 32 control the weights of the domain adver-
sarial loss, marginal distribution alignment, and conditional distribution
alignment, respectively, while -, is the L2 regularization coefficient.

Input: Source domain labeled data {hg, ,,y; };=*;, target domain unlabeled data
{hﬁlxe,j :;'Lil

Output: Trained G, Gy

1: Randomly initialize parameters 0y, 0,, 04 of G5, Gy, Gq

: for epoch = 1 to E do

: Forward propagation:

: RSER refinement: flﬁm, B;use

: G feature extraction: z°, z*

: Compute classification loss .,%"""‘1 (Equation (14))

: Compute domain adversarial loss . (Equation (9))

: Compute MK-MMD loss .Z,,, . (Equation (8))

9: Update target pseudo-labels at the end of each epoch; retain samples satisfying max
p(y | x_t) > 7(e), and compute conditional MK-MMD (Equation (12))

10: Compute joint loss Zsa (Equation (15))

11: Backpropagate to update 8¢, 6, 65 (domain adversarial gradients reversed via GRL)
12: Update the dynamic adversarial factor A(e) and pseudo-label threshold 7(e)

13: end for

14: Return G5, Gy

031N L AW

4 Experimental Validation and Result Analysis

4.1 Dataset Construction and Experimental Setup

4.1.1 Multi-scenario datasets

To verify the effectiveness of the diagnosis model proposed in this paper,
a source domain dataset and a target domain dataset with two different
penetration levels are constructed to simulate the cross-domain diagnosis
requirements in practical engineering scenarios.

Source domain dataset D : Collected from equipment defect records of
a 110 kV/220 kV conventional substation from 2019 to 2023, where the
distributed generation access capacity accounts for less than 5% of the
total load and operating conditions are relatively stable. The data include
infrared images, visible light images, and corresponding defect text records
totaling 4,127 groups, covering nine major equipment types including circuit
breakers, disconnectors, current transformers, voltage transformers, surge
arresters, bushings, and reactors. Defect categories include poor contact
heating, insulation degradation, surface leakage, magnetic circuit abnormal
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heating, mechanical deformation, and foreign object intrusion, plus a normal
status category, totaling seven classes. All samples were annotated by domain
experts, with defect severity ratings conforming to the DL/T664-2016 stan-
dard [1]. The source domain dataset was partitioned into training, validation,
and test sets with an 8:1:1 ratio.

Target domain dataset: Collected from a 110 kV distribution network area
in 2023-2024, where distributed photovoltaic and distributed wind power
access capacity exceeds 35% of the load, and equipment operation exhibits
typical characteristics of bidirectional power flow and frequent voltage fluc-
tuations. The dataset contains 2,486 groups of infrared/visible images and
defect text records for the same nine equipment types. The target domain also
encompasses seven defect/status labels, but its class distribution exhibits pro-
nounced long-tailed characteristics, with minority defect types (e.g., inverter
interface overheating, control circuit disconnection induced by voltage sags)
being scarce. For experimental use, the target domain was divided into an
unlabeled adaptation set of 2,286 groups and an equipment/event-disjoint
labeled test set of 200 groups. The labels of the adaptation set were not used
as supervised training signals and were only predicted online as pseudo-labels
for conditional alignment.

To eliminate potential data leakage, all partitions were performed at the
equipment-event level rather than at the individual image or text-record level.
Samples from the same equipment ID under the same fault event, adjacent
infrared/visible frames captured during one inspection, and duplicate defect
descriptions were assigned to the same subset. The unlabeled target-domain
adaptation set and the labeled target-domain test set have no overlap in
equipment ID, fault-event ID or inspection time window. The 200 labeled
target samples were used only for final testing and were not involved in
pseudo-label generation, model selection or hyperparameter tuning. Table 2
provides detailed statistics of the datasets.

4.1.2 Data preprocessing and feature encoding

Image data: Infrared images were enhanced by CLAHE and concatenated
with visible light images along the channel dimension into dual-modal ten-
sors, uniformly scaled to 640 x 640 resolution. Text data: Based on a domain
thesaurus, HMM segmentation was performed, and the RoOBERTa pre-trained
model encoded the sequences into 768-dimensional semantic vectors, which
were then processed by GAT graph encoding to produce 512-dimensional
text features.
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Table 2 Multi-scenario dataset statistics

Attribute Source Domain D Target Domain D,

Scenario characteristics Low penetration, stable High penetration, bidirectional
conditions flow, frequent fluctuations

Total samples 4127 2486

Training set 3301 2286

Validation set 413 -

Test set 413 200

Number of defect classes 7 7

Data modalities Infrared + Visible + Text Infrared + Visible + Text

4.1.3 Evaluation metrics
This paper adopts the following metrics to evaluate model performance:

(1) Accuracy: Proportion of correctly classified samples among the total
samples.

(2) Macro Average F; Score (Macro Fi): Average of Fj scores across
all defect classes, measuring comprehensive performance under class
imbalance.

(3) Weighted Average F; Score (Weighted F1): Weighted average F) score
according to the proportion of each class.

(4) Transfer Accuracy: Diagnostic accuracy of the model on the target
domain test set, directly reflecting cross-domain generalization capabil-
ity.

(5) Domain Confusion: Binary classification accuracy of the domain dis-
criminator on the target domain; values closer to 0.5 indicate better
domain confusion.

4.2 Cross-Domain Diagnostic Performance Comparison

Table 3 presents the diagnostic performance comparison between the pro-
posed method and various baselines on the target domain test set.

To make the numerical results more intuitive, Figure 2 visualizes the
accuracy, macro F1 and weighted F1 of different algorithms, while Figure 3
shows the variation of domain confusion. The visualization highlights that
the proposed method not only improves the overall diagnostic scores but also
drives the domain discriminator accuracy closer to the ideal confusion value
of 0.5.
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Table 3 Cross-domain diagnostic performance comparison
Weighted Domain

Method Accuracy (%) Macro Fi (%) Fy (%) Confusion
RoBERTa-GAT 68.24 54.17 67.83 -
RT-DETRv3 72.56 61.32 72.19 -
Multi-Modal Baseline 76.89 67.45 76.52 0.823
DANN 80.33 73.28 80.06 0.641
DAN 79.15 71.42 78.97 0.728
CDAN+E 82.47 75.93 82.19 0.597
Ours 88.63 84.55 88.37 0.528

Performance comparison on the target-domain test set

Bl Accuracy [E3 Macro F1 [EE Weighted F1

Q 2 N = RS 3 55
G W RN o o S ow
W e \Ao\‘éie\‘\“e b oo

Figure 2 Target-domain diagnostic score comparison.

From Table 3:

(1) RoBERTa-GAT and RT-DETRvV3, lacking domain adaptation capabil-
ity, achieved diagnostic accuracy below 73% on the target domain,
indicating severely constrained model generalization.

(2) The multi-modal baseline (only feature fusion, no domain adaptation)
achieved 76.89% accuracy, verifying the superiority of multi-modal
information fusion over single modality, yet its target domain perfor-
mance remained significantly lower than the proposed method.

(3) After introducing domain adaptation, DANN, DAN, and CDAN+E
all exhibited marked improvements in cross-domain diagnostic perfor-
mance, with CDAN+E achieving the best baseline accuracy of 82.47%.

(4) The proposed method achieved 88.63% accuracy, significantly surpass-
ing all baselines and outperforming the best baseline CDAN+E by
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Variation of domain confusion across adaptation methods
0.85 4 0.823

---- Ideal confusion = 0.5

0.80 +

0.75 A

0.70 4

0.65 1

0.60

0.55 +

Domain discriminator accuracy

0.50 A

T T
Multi-Modal DANN DAN CDAN+E Ours
Baseline

Figure 3 Domain confusion variation.

Table 4 Class-wise diagnostic performance on the target-domain test set

Class Support  Precision (%) Recall (%) F1 (%)
Normal status 75 92.21 94.97 93.57
Poor contact heating 42 90.48 91.13 90.80
Insulation degradation 30 86.67 87.74 87.20
Surface leakage 20 80.00 79.01 79.50
Magnetic circuit abnormal heating 13 76.47 76.92 76.70
Mechanical deformation 12 78.57 85.29 81.80
Foreign object intrusion 8 87.50 77.65 82.28
Macro average - 84.56 84.67 84.55
Weighted average 200 87.76 89.04 88.37

6.16 percentage points. Macro F} reached 84.55%, maintaining strong
comprehensive diagnostic capability under class imbalance. Domain
confusion was 0.528, approaching the ideal value of 0.5, indicating that
the features extracted by Gy possess strong domain invariance.

To further examine the diagnosis effect for rare fault categories, Table 4
reports the class-wise precision, recall and F1 score on the independent
200-sample target-domain test set. The rare classes, including surface leak-
age, magnetic circuit abnormal heating, mechanical deformation and foreign
object intrusion, still obtain acceptable F1 scores, indicating that Focal Loss
reduces the bias toward normal and high-frequency heating samples. The
comparison with the w/o Focal variant in Table 5 further shows that removing
Focal Loss mainly decreases macro F1 rather than overall accuracy.
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Table S Ablation study results

Transfer Domain
Model Variant ~ Accuracy (%) Macro Fy (%) Accuracy (%) Confusion
Ours 88.63 84.55 88.63 0.528
w/o RSER 86.41 81.72 86.41 0.551
w/o MKMMD 85.12 80.09 85.12 0.589
w/o GRL 84.76 79.64 84.76 0.673
w/o Cond 86.83 82.31 86.83 0.542
w/o Focal 87.05 79.86 87.05 0.531
w/o Dynamic 87.92 83.64 87.92 0.536

4.3 Ablation Study

To verify the independent contribution of each module, specific compo-
nents were removed from the complete model under identical experimental
configurations. Ablation variants are defined as follows:

* Ours w/o RSER: Removal of the residual squeeze-and-excitation unit;
hy,s directly uses hyg.

* Ours w/o MK-MMD: Removal of marginal MK-MMD con-
straint %,z

* Ours w/o GRL: Removal of gradient reversal layer and domain
adversarial loss ..

e Ours w/o Cond: Removal of conditional MK-MMD constraint .Z._ i

* Ours w/o Focal: Substitution of Focal Loss with standard cross-entropy.

* Qurs w/o Dynamic: Fixed adversarial factor A = 0.1 without dynamic
scheduling.

Table 5 reports the ablation study results.

4.4 Pseudo-label Confidence Threshold Analysis

Because conditional domain alignment depends on target-domain pseudo-
labels, fixed confidence thresholds and the proposed dynamic threshold
strategy were further compared under the same training configuration. The
target-domain labels were not used during training; the metrics in Table 6
were calculated only on the independent labeled target-domain test set.

As shown in Table 6, a low threshold increases pseudo-label coverage
but introduces noisy class-conditional alignment, while an excessively high
threshold reduces noise but leaves insufficient target samples for conditional
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Table 6 Influence of pseudo-label confidence threshold on target-domain performance
Pseudo-label

Strategy Threshold setting ~ Utilization (%)  Accuracy (%) Macro F1 (%)
Fixed threshold T=0.70 91.7 86.95 82.51
Fixed threshold 7 =0.80 84.3 87.82 83.68
Fixed threshold T=0.85 76.5 88.36 84.21
Fixed threshold 7=0.90 63.8 88.08 83.94
Fixed threshold T=20.95 42.6 86.97 82.66
Dynamic update 0.95 — 0.85 712 88.63 84.55

alignment, especially for rare classes. The dynamic strategy achieves the best
accuracy and macro F1 because it uses high-confidence pseudo-labels in the
early stage and gradually increases target-domain class coverage after the
feature space becomes more stable.

4.5 Mechanism Interpretation of Performance Improvement

The performance improvement of the proposed framework is not only caused
by stacking multiple modules, but also by the complementarity among mul-
timodal representation, feature refinement and domain alignment. Infrared
images directly describe the spatial distribution and intensity of abnormal
heating, visible-light images provide structural and appearance information
of equipment components, and text records contain semantic cues such as
defect location, operating state and inspection description. The adaptive
gating fusion and RSER unit therefore allow the model to emphasize thermal
abnormality channels when overheating features are dominant and to retain
textual semantic cues when image evidence is weak or ambiguous.

From the perspective of domain adaptation, MK-MMD reduces the
marginal distribution gap between low-penetration and high-penetration sce-
narios, while conditional MK-MMD further constrains samples belonging to
the same defect category to remain close across domains. The GRL-based
adversarial discriminator weakens source-domain-specific features that are
irrelevant to diagnosis, and the dynamic factor scheduler prevents excessive
early alignment before the classifier becomes stable. In this way, the learned
representation preserves defectdiscriminative information while reducing the
influence of scenario-dependent operating characteristics, which explains
the higher macro F1 and lower domainconfusion accuracy observed in the
experiments.
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5 Conclusion and Future Outlook

This paper focuses on the challenges of domain shift and model generaliza-
tion in power equipment defect diagnosis under high-penetration scenarios
of distributed generation, and proposes a cross-domain defect diagnosis
framework integrating multimodal data representation, domain adaptation
and feature alignment.

First, aiming at three types of heterogeneous data including infrared
images, visible light images and defect texts, a multi-source feature extrac-
tion scheme is designed, which adopts CLAHE enhancement, EfficientViT-
BiFormer for image encoding, ROBERTa-GAT for text encoding, and adap-
tive gating fusion.

Second, a hierarchical domain adaptation model is constructed, which
integrates the residual compression-excitation refinement unit, multi-kernel
maximum mean discrepancy for marginal distribution alignment, gradient
reversal layer based adversarial training, and conditional domain align-
ment. Meanwhile, Focal Loss and dynamic adversarial factor scheduling are
introduced to address the problems of long-tailed distribution and training
stability.

Finally, experimental validation is carried out based on two real-scenario
datasets: the lowpenetration source domain and the high-penetration target
domain. The experimental results show that the diagnosis accuracy of the
proposed method reaches 88.63% on the target domain, outperforming the
optimal domain adaptation baseline CDAN+E by 6.16 percentage points.
Ablation experiments verify the independent contribution of each domain
adaptation component. The method still maintains a diagnosis accuracy of
79.85% under the extreme condition with unlabeled target-domain adap-
tation, which further validates its robustness under class imbalance and
scarce target-domain labels. This work provides a feasible technical route
for improving the equipment state perception capability in the complex
distribution network environment of the new power system.

Future work will further expand the cross-regional and cross-voltage-
level equipment datasets, introduce physical operating variables such as
load current, ambient temperature, converter switching state and voltage
fluctuation indices, and verify the proposed method in online inspection and
early-warning applications. Moreover, the reliability of dynamic pseudo-label
updating under extreme class imbalance and unseen defect categories will be
investigated to improve engineering applicability.
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