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Abstract

With the increasing penetration of renewable energy sources and power-electronic de-
vices, modern power systems exhibit pronounced wideband oscillation characteristics with
large frequency spans, strong modal coupling, and significant time-varying behaviors.
Accurate identification and classification of wideband oscillation patterns have therefore
become critical challenges for ensuring the secure and stable operation of “dual-high”
power systems. Existing methods based on signal processing or single-modality deep-
learning models often fail to fully exploit the complementary information embedded in
heterogeneous data representations, resulting in limited performance when dealing with
complex oscillation patterns.To address these challenges, this paper proposes a multimodal
attention-based fusion network for wideband oscillation classification. A dual-branch
deep-learning architecture is developed to process Gramian Angular Difference Field im-
ages and raw time-series signals in parallel, enabling collaborative extraction of global
structural features and local temporal dynamics. An improved Inception module is em-
ployed in the image branch to enhance multi-scale spatial feature representation, while
a gated recurrent unit network is utilized in the time-series branch to model dynamic
evolution characteristics. Furthermore, an attention-based fusion mechanism is introduced
to adaptively learn the relative importance of different modalities and perform dynamic
feature aggregation. Extensive experiments are conducted using a dataset constructed from
mathematical models and engineering-oriented simulations. Comparative studies and abla-
tion studies demonstrate that the proposed method significantly outperforms conventional
signal-processing-based approaches and single-modality deep-learning models in terms of
classification accuracy, robustness, and generalization capability. The results confirm the
effectiveness of multimodal feature fusion and attention mechanisms for accurate wide-
band oscillation classification, providing a promising solution for advanced power system
monitoring and analysis.

Keywords: wideband oscillation; multimodal feature fusion; attention mechanism; gramian
angular difference field; deep learning

1. Introduction
With the rapid development of “dual-high” power systems, characterized by a high

penetration of renewable energy sources and power electronic devices, the dynamic charac-
teristics of traditional power systems are undergoing significant changes [1,2]. The large-
scale integration of renewable energy and the widespread deployment of power electronic
equipment have introduced new oscillatory behaviors in power systems. These behaviors
exhibit multiple time scales, strong nonlinearity, and wideband frequency distributions.
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Traditional power systems, which were once dominated by synchronous generators, are
now being reshaped by power electronic devices with fast response times but low inertia.
As a result, wideband oscillations have become more prominent, posing a critical challenge
to the secure and stable operation of modern power systems [3,4].

Wideband oscillations typically span a broad frequency range, encompassing low-
frequency, subsynchronous, and supersynchronous bands, as well as medium- and high-
frequency regions. They often exhibit complex behaviors such as multimodal coupling
and time-varying propagation. These characteristics significantly increase the difficulty of
accurately identifying and classifying oscillations in real-time [5,6].

Conventional methods for wideband oscillation analysis primarily rely on signal pro-
cessing techniques and shallow machine-learning models [7–9]. Typical approaches include
extracting frequency-domain or time–frequency features using methods such as the Fast
Fourier Transform (FFT), Wavelet Transform (WT), and Matrix Pencil (MP). These features
are then used for pattern recognition with classifiers like Random Forest (RF), Support
Vector Machine (SVM), and k-Nearest Neighbor (kNN) [10,11]. Although these methods
improve analysis efficiency to some extent, they have notable limitations. First, handcrafted
feature design based on prior knowledge struggles to fully capture the nonlinear and non-
stationary nature of wideband oscillation signals. Second, shallow models have limited
representation capabilities, making them insufficient for modeling the complex oscillation
patterns with strong coupling and multimodal characteristics. As a result, these methods
often lead to suboptimal classification accuracy and generalization performance. Moreover,
most existing techniques are designed for specific oscillation scenarios or frequency bands,
limiting their adaptability to the rapidly evolving and uncertain oscillation patterns in
dual-high power systems [12,13].

In recent years, deep learning has shown great potential in power system oscillation
analysis due to its ability to automatically learn features and create hierarchical representa-
tions [14,15]. End-to-end oscillation detection and classification methods based on convo-
lutional neural networks (CNNs), recurrent neural networks (RNNs), and their variants
have offered new insights into wideband oscillation identification [16,17]. However, most
existing studies focus on single-modality data analysis, such as modeling one-dimensional
time-series signals or recognizing two-dimensional images generated from Gramian An-
gular Fields (GAF) [18,19]. These approaches fail to fully leverage the complementary
information from heterogeneous data modalities, limiting their ability to distinguish com-
plex oscillation patterns. Specifically, one-dimensional CNN-based models struggle to
capture correlations across multiple time scales, while two-dimensional CNN-based mod-
els, although able to leverage global structural information, may overlook fine-grained
temporal dynamics inherent in the original signals [20,21]. Therefore, effectively integrat-
ing time-series and image features has become a critical issue in improving wideband
oscillation classification performance.

To address these challenges, this paper proposes a wideband oscillation classification
method based on multimodal feature fusion and attention mechanisms. We construct
a dual-channel deep-learning architecture to extract deep features from both image and
time-series modalities in parallel. On one hand, inspired by the idea of mapping one-
dimensional oscillation signals into two-dimensional images, we use the Gramian Angular
Difference Field (GADF) to encode oscillation time series. This approach preserves temporal
dependencies while enhancing the discriminability between oscillation modes. On the
other hand, a gated recurrent unit (GRU) network is used to model raw time-series signals,
capturing dynamic evolution patterns and local temporal characteristics. Additionally,
an attention-based fusion module is introduced to adaptively learn the importance weights
of different modality features. This enables complementary enhancement and redundancy
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suppression across modalities, significantly improving the recognition capability and
classification accuracy for complex wideband oscillation patterns.

The main contributions of this paper are summarized as follows:

1. To address the wide frequency span, strong modal coupling, and pronounced time-
varying characteristics of wideband oscillations in “dual-high” power systems, a dual-
modality feature-fusion classification framework is proposed. This framework sys-
tematically integrates time-series signals and image representations for wideband
oscillation classification, enabling unified modeling of multi-frequency and multi-
pattern oscillatory features.

2. A parallel dual-branch deep-learning network is developed to process GADF im-
ages and raw time-series signals simultaneously. By exploiting the complemen-
tary strengths of the image modality in capturing global structures and frequency-
distribution patterns and the time-series modality in characterizing local dynamics
and temporal evolution, the proposed network achieves collaborative extraction of
multi-dimensional and multi-scale features of wideband oscillations.

3. In the image branch, a structurally optimized Inception module is introduced, in which
multi-scale convolutional kernels (1 × 1, 3 × 3, 5 × 5, and a 7 × 7 receptive field)
are employed to enhance the modeling of multi-scale spatial patterns and long-term
trend information. Moreover, an attention-driven fusion mechanism is designed to
adaptively adjust the modality-wise feature weights for different oscillation patterns,
thereby improving the representation capability for complex oscillation forms and
enhancing the interpretability of model decisions.

The remainder of this paper is organized as follows. Section 2 introduces the mathemat-
ical modeling of wideband oscillations and the GADF-based signal-to-image representation.
Section 3 details the proposed multimodal attention-based fusion network, including the
overall architecture, the image feature extraction module, the time-series feature extraction
module, and the attention-based fusion mechanism. Section 4 presents the experimental
settings and comprehensive comparative results, including ablation studies and valida-
tion using measured data. Finally, Section 5 concludes the paper and discusses future
research directions.

2. Mathematical Modeling and Image Representation of Wideband
Oscillation Signals
2.1. Mathematical Model of Wideband Oscillations

Single-mode oscillations in power systems usually refer to quasi-periodic signal com-
ponents that appear in an electrical state variable (such as voltage, current, or power) and
vary over time at a specific frequency (deviating from the system fundamental frequency).
Their dynamic characteristics mainly depend on system damping: when the damping
is positive, the oscillation amplitude exhibits a divergent trend; when the damping is
negative, the oscillation amplitude exhibits a decaying trend. Therefore, the corresponding
time-domain signal can be represented as:

x(t) = Aeσt cos(2π f t + φ) (1)

where A, σ, f , and φ denote the amplitude, damping coefficient, frequency, and initial
phase of the wideband oscillation signal, respectively.

With the rapid development of “dual-high” power systems—characterized by a high
penetration of renewable energy and a high proportion of power-electronic devices—the
system dynamic response exhibits pronounced multi-time-scale behavior. When distur-
bances occur, devices and control loops with different time constants may excite oscillatory
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modes across different frequency ranges. These modes do not exist independently; rather,
nonlinear interactions among them may induce new oscillation patterns, leading to the
coexistence of oscillatory components with multiple frequencies and diverse characteristics
in the grid. Consequently, wideband oscillations are essentially complex dynamic processes
featuring multi-frequency and multi-modal coupling, whose spectral contents may span a
broad range, covering low-frequency oscillations (0.2–2.5 Hz), subsynchronous oscillations
(2.5–49.5 Hz), supersynchronous oscillations (50.5–100 Hz), and extending to medium- and
high-frequency oscillations (100–2500 Hz).

To accurately characterize these complexities, the mathematical model of wideband
oscillations should be able to represent the superposition of multiple oscillatory components.
An effective approach is to linearly combine several coexisting single-mode oscillatory
components with different frequencies, thereby constructing a general mathematical model
for wideband oscillation signals, which can be expressed as follows:

x(t) =
N

∑
k=1

Akeσkt cos(2π fkt + φk) (2)

The multi-frequency nature of wideband oscillation signals makes them complex in
both the time and frequency domains. In power systems, oscillatory signals may con-
tain multiple frequency components, especially under the influence of high-penetration
renewable energy and power electronic devices. Therefore, deep-learning models need to
capture both the time-domain and frequency-domain features of the signals simultaneously,
enabling effective extraction of the multi-frequency information within these signals.

2.2. Signal Image Representation via Gramian Angular Field

The Gramian Angular Field (GAF) is a technique that transforms one-dimensional
time-series data into two-dimensional images. Its primary goal is to preserve, as much as
possible, both the temporal dependencies and the numerical characteristics of the original
sequence in the generated image. Specifically, temporal dependencies are encoded by
the relative spatial arrangement of pixels, whereas numerical information is represented
by pixel intensity (or color). The GAF construction typically involves three key steps:
time-series normalization, polar-coordinate encoding, and Gramian matrix generation.

Given a discrete time series of length n, X = {x1, x2, . . . , xn}, the amplitudes are first
normalized to [0, 1] to satisfy the domain requirements of subsequent inverse trigonometric
mappings. In this work, min–max normalization is employed:

x̃i =
xi − min(X)

max(X)− min(X)
(3)

where, x̃i denotes the normalized value. This normalization step mitigates absolute ampli-
tude variations, enabling signals with different scales to be transformed under a unified
reference while retaining the relative waveform shape information.

Subsequently, the normalized sequence X̃ = {x̃1, x̃2, . . . , x̃n} is mapped into a polar
coordinate system, where numerical values and temporal ordering are encoded as the angle
and radius, respectively.

Angular encoding (numerical information): The normalized value x̃i is mapped to a
polar angle ϕi via the inverse cosine function:

ϕi = arccos(x̃i), x̃i ∈ [0, 1], ϕi ∈
[
0,

π

2

]
(4)
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This transformation is strictly monotonic, establishing a one-to-one correspondence
between signal amplitude and angular representation, where larger amplitudes correspond
to smaller angles.

Radial encoding (temporal information): To preserve temporal ordering, the time
index i is linearly normalized and assigned as the radius:

ri =
i
n

(5)

In practical GAF implementations, the radial component is often fixed to a constant
value to simplify computation and emphasize the numerical structure encoded by angular
relationships. Accordingly, each point (i, xi) in the original sequence is mapped into the
polar coordinate space as (ri, ϕi).

Based on the set of polar-coordinate points {(ri, ϕi)}n
i=1, a Gramian matrix of size n× n

is constructed by computing trigonometric summations or differences between all point
pairs, resulting in the final two-dimensional GAF image. The (i, j)-th element characterizes
the numerical relationship between time instants ti and tj.

The Gramian Angular Summation Field (GASF) is defined as:

GASFij = cos(ϕi + ϕj) (6)

By applying trigonometric identities, the GASF can be equivalently expressed as:

GASFij = x̃i x̃j −
√

1 − x̃2
i

√
1 − x̃2

j (7)

This expression can be interpreted as an inner product in an expanded feature space,
which combines the multiplicative interaction term of the normalized values and a modula-
tion term derived from second-order statistics, thereby emphasizing the global correlation
characteristics and energy distribution of the signal.

The Gramian Angular Difference Field (GADF) encodes the sine of the angular differ-
ence between two points as

GADFij = sin(ϕi − ϕj) (8)

Accordingly, an equivalent expression can be derived as

GADFij =
√

1 − x̃2
i x̃j − x̃i

√
1 − x̃2

j (9)

Compared to the summation and cosine forms, the angular difference form emphasizes
the relative variations between sample points and the phase difference information reflected
by them. The resulting GASF or GADF matrix can be viewed as a single-channel grayscale
image, where the row and column indices correspond to the original time axis, and the
pixel values encode the numerical relationship between the corresponding time points.
This method of fusing the global structure and local dynamics of the time series into a single
image effectively captures the temporal characteristics of the signal. Although both GASF
and GADF use angular information to encode time-series data, they differ significantly
in their sensitivity to phase changes. GASF emphasizes the global correlation and energy
distribution of the signal by computing the cosine of the sum of the angles, making it
more suitable for capturing overall trends and smoothness. In contrast, GADF focuses
on the relative variations between samples and phase change information by computing
the sine of the angular difference, making it more sensitive to rapid transitions, waveform
edges, and phase changes. GADF images not only retain the time-series information of the
signal but also encode the frequency characteristics of the signal through phase differences.
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Specifically, by calculating the phase difference between each pair of time points, GADF
images reveal the frequency components and periodic variations of the signal, allowing
deep-learning models to effectively extract multi-frequency features from GADF images.

In contrast, Markov Transition Field (MTF) and Recurrence Plot (RP), while offering
some form of time-series signal representation, present certain limitations when processing
wideband oscillation signals. MTF captures system dynamics by analyzing state transition
probabilities, revealing long-term behavior and transition patterns of the system. How-
ever, when applied to complex wideband oscillations characterized by multi-frequency
components, strong nonlinearity, and time-varying characteristics, MTF may fail to capture
subtle phase variations and frequency components, ultimately affecting pattern recognition
accuracy. On the other hand, RP analyzes periodic features by revealing the recurrence of
time-series signals. While it is effective at capturing periodic and quasi-periodic characteris-
tics, RP produces complex images that are challenging to interpret directly for classification
tasks, especially when dealing with multi-frequency coupling and rapid changes in nonlin-
ear signals. This complexity makes feature extraction and classification more difficult.

Therefore, GADF images not only preserve the time-series information of the signal
but also reveal frequency components through phase differences, making them more ef-
fective at capturing the multi-frequency characteristics and local dynamics of wideband
oscillations. Given that the features for oscillation mode classification are closely related
to phase differences and waveform morphology, GADF was selected as the image repre-
sentation method for subsequent analysis, significantly improving classification accuracy
and robustness.

3. Multimodal Attention-Based Fusion Network
3.1. Overall Architecture

To address the multi-scale, non-stationary characteristics of wideband oscillation sig-
nals and the complex spatiotemporal coupling in power system operational data, this paper
proposes a multimodal attention-based fusion network for wideband oscillation classifi-
cation that is capable of adapting to the multi-frequency nature of the signals. The model
adopts a dual-branch parallel architecture, where the GADF images generated by the
Gramian Angular Difference Field (GADF) transformation and the raw time-series signals
are processed independently for feature extraction. This architecture allows the model to
capture both the time-domain and frequency-domain characteristics of the signals, enabling
effective extraction of multi-frequency information. The features are then dynamically
and adaptively aggregated through an attention-based fusion mechanism to enhance the
model’s ability to represent complex oscillatory patterns. The overall structure is illustrated
in Figure 1, with detailed parameters presented in Table 1.

The model primarily consists of the following three core modules:

1. Image Feature Extraction Module: Built on an improved Inception network, this
module processes GADF images. By using parallel multi-scale convolutional kernels,
it extracts texture, structure, and spatial distribution features from the images, effec-
tively capturing the different frequency components of the oscillation signals in the
2D representation.

2. Time-Series Feature Extraction Module: Using a Gated Recurrent Unit (GRU) network,
this module performs progressive sequential modeling of the raw one-dimensional
oscillation signals, effectively capturing the local dynamics (such as high-frequency
oscillations) and long-range dependencies (such as low-frequency oscillations) of the
signals, thereby characterizing the time-domain evolution of the oscillation signals.

3. Attention Fusion Module: A dynamic feature fusion strategy based on attention
mechanisms is designed, where learnable importance weights are assigned to features
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from different modalities. This strengthens the complementary information across
modalities while suppressing redundant features, thereby significantly enhancing the
model’s ability to represent and classify complex oscillation patterns.
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Figure 1. Structure of the multimodal attention-based fusion network for wideband oscilla-
tion classification.

Table 1. Detailed Architecture of the Multimodal Attention-Based Fusion Network.

Module Layer Output Dimensions

Image Pathway Inception Block 1 500 × 500 × 128
Pooling Layer 1 250 × 250 × 128

Inception Block 2 250 × 250 × 256
Pooling Layer 2 125 × 125 × 256

Inception Block 3 125 × 125 × 512
Global Pooling 512

Fully Connected 512
Signal Pathway GRU 1 128

GRU 2 256
GRU 3 512

Fully Connected 512
Fusion Module Attention Fusion 512

Feature Enhancement 512
Fully Connected 256

Classification Head Fully Connected 128
Output Layer 6

3.2. Image Feature Extraction

The Inception architecture, originally proposed by Google [22], is designed to enhance
the multi-scale feature extraction capability of deep convolutional neural networks. Unlike
conventional CNNs, Inception employs parallel convolutional kernels of different sizes to
simultaneously capture features at multiple spatial scales.

In the proposed framework, the image branch adopts the Inception architecture to pro-
cess GADF image representations. Specifically, 1 × 1 convolutions are used for local texture
extraction and channel dimensionality reduction, 3 × 3 convolutions capture medium-
scale spatial patterns, and 5 × 5 convolutions extract broader global texture features. This
multi-scale parallel design enables comprehensive characterization of oscillation patterns
encoded in GADF images.

Given the multi-scale, nonlinear, and complex texture characteristics of GADF-
transformed wideband oscillation images, further structural optimization is introduced.
A 7 × 7 convolutional kernel is incorporated into the Inception architecture to expand
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the spatial receptive field, thereby enhancing the model’s ability to capture low-frequency
oscillation modes and long-term trend features, as illustrated in Figure 2.
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Figure 2. Structure of the improved Inception module.

3.3. Time-Series Feature Extraction

The Gated Recurrent Unit (GRU) is a recurrent neural network architecture designed
for modeling sequential data [23]. Introduced by Cho et al., the GRU can be seen as
a simplified variant of Long Short-Term Memory (LSTM) networks, aimed at reducing
computational complexity while maintaining the ability to capture long-term dependencies.
Compared to LSTM, GRU has fewer parameters, which makes it more efficient in terms of
both memory and computation. This allows it to be a favorable choice when computational
efficiency is a priority, without compromising performance. As shown in Figure 3, the GRU
architecture is used in our model to efficiently handle sequential data while retaining the
key advantages of recurrent architectures.
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Figure 3. Structure of the GRU-based time-series feature extraction module.

GRU employs gating mechanisms to regulate information flow and alleviate vanishing-
gradient issues. Specifically, it consists of an update gate and a reset gate. Given the input
xt and the previous hidden state ht−1, the two gates are defined as

zt = σ(Wzxt + Uzht−1 + bz), (10)

rt = σ(Wrxt + Urht−1 + br), (11)

where zt and rt denote the update and reset gates, respectively; Wz, Uz, bz and Wr, Ur, br are
trainable parameters; and σ(·) is the sigmoid activation function.
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The reset gate modulates the contribution of historical information when forming the
candidate hidden state:

h̃t = tanh
(
Whxt + Uh

(
rt ⊙ ht−1

)
+ bh

)
, (12)

where h̃t denotes the candidate hidden state, tanh(·) is the hyperbolic tangent function,
and ⊙ represents element-wise multiplication.

Finally, the hidden state is updated via an adaptive interpolation controlled by the
update gate:

ht = (1 − zt)⊙ ht−1 + zt ⊙ h̃t. (13)

A larger zt assigns more weight to the newly computed state h̃t, whereas a smaller zt

preserves more information from ht−1.

3.4. Attention-Based Fusion Module

The attention-based fusion module is designed to dynamically assess the relative
contributions of image features Fimg and time-series features Fseq to the classification
task through a learnable attention mechanism. To facilitate effective cross-modality in-
teraction, both modality-specific features are first projected into a shared latent space via
linear transformations:

F′
img = WimgFimg + bimg, F′

seq = WseqFseq + bseq. (14)

Here, Wimg and Wseq denote the projection matrices, while bimg and bseq are the correspond-
ing bias vectors.

The aligned features are subsequently concatenated and fed into a nonlinear mapping
to compute intermediate attention activations:

A = tanh
(

Wa
[
F′

img, F′
seq

]
+ ba

)
. (15)

The final attention weights are obtained via softmax normalization:

α = softmax(Wα A + bα) = [αimg, αseq]
T . (16)

Finally, the fused feature representation is computed as a weighted combination of the
projected features:

Ff used = αimgF′
img + αseqF′

seq. (17)

4. Experimental Design and Results
4.1. Dataset Construction

To evaluate the performance of the proposed multimodal fusion-based classification
method, all experimental datasets were generated on a unified high-performance com-
puting platform. The platform is equipped with a 12th-generation Intel Core i7-12700K
processor and an NVIDIA GeForce RTX 3090 GPU, which was utilized for GPU acceleration
during model training, significantly reducing computation time. The total training time
for the model was 1121.02 s (approximately 18.7 min), demonstrating the efficiency of the
training process and its suitability for practical deployment. The software environment
includes Python 3.10, MATLAB/Simulink 2022b, and the TensorFlow 2.9 deep-learning
framework, ensuring the stability and efficiency of the experiments.

A wideband oscillation dataset comprising 3000 samples was constructed in this study.
Each sample consists of a one-dimensional time-domain signal and its corresponding two-
dimensional image obtained via Gramian Angular Difference Field (GADF) transformation,
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which provides a solid data foundation for subsequent bimodal feature extraction and
fusion. The dataset is composed of two subsets:

• Model-based simulation data (1800 samples): Based on the wideband oscillation
mathematical model established in Section 2.1, simulation data were generated in
batch mode using Python. The sampling frequency was set to 1000 Hz with a signal
duration of 0.5 s, resulting in 500 sampling points per sample. By randomly varying
the oscillation amplitude, damping coefficient, frequency, and initial phase, six repre-
sentative oscillation modes were synthesized, with 600 samples generated for each
class, thereby ensuring sufficient diversity and coverage of oscillation characteristics.

• Engineering-oriented simulation data (1200 samples): The engineering simulation data
used in this study were generated from an improved IEEE 39-bus system model built
in MATLAB/Simulink. The schematic diagram of the system is shown in Figure 4.
Based on the standard system, wind farms composed of multiple doubly fed induction
generators (DFIGs) are connected at buses 3, 4, 16, 17, and 18, respectively. By ad-
justing the control parameters of the wind turbine converters or introducing external
disturbances, various oscillation scenarios encountered in practical power systems
are reproduced. This subset provides wideband oscillation signals that more closely
reflect real-world operating conditions.

G G
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3

30 37

25 26

18 17
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28 29
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2116
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5
9
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333432318

43
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44 42

Figure 4. Schematic diagram of the modified IEEE 39-bus system with wind farm connections.

All 3000 wideband oscillation samples were labeled according to their corresponding
oscillation categories to form the final dataset. Each oscillation category contains an equal
number of samples, ensuring balance across the categories in the dataset. The definitions
of labels for different oscillation types are summarized in Table 2.
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Table 2. Label Definitions of Different Oscillation Types.

Wideband Oscillation Type Label

Low-frequency 1
Subsynchronous 2

Supersynchronous 3
Subsynchronous–Supersynchronous 4

Medium- and high-frequency 5
Subsynchronous–Supersynchronous–Medium- and high-frequency 6

4.2. Experimental Settings

To enhance the stability of the model training process, the original time-series signals
are preprocessed using the Min-Max normalization method, scaling the data to a range
between 0 and 1. The standardized signals are directly input into the time-series feature
extraction channel, while also being converted into GADF images, which are then input
into the image feature extraction channel. In the GADF image generation process, the time-
series length is 500, and the generated image size is 500 × 500 pixels. No overlapping
window processing is applied in the experiment, with each signal directly generating its
corresponding GADF image.

Regarding dataset partitioning, the sample set A was divided into training, validation,
and test subsets with a ratio of 7:1:2, yielding 2100, 300, and 600 samples, respectively, which
correspond to 70%, 10%, and 20% of the total dataset. Importantly, the class distribution
is consistent across the training, validation, and test subsets. Each category contains
350 samples in the training set, 50 samples in the validation set, and 100 samples in the test
set, ensuring a balanced distribution across the categories. To ensure the reproducibility of
experimental results, all data splits were generated using a fixed random seed.

To comprehensively evaluate the classification performance of different oscillation-
source localization models on the test set, four commonly used evaluation metrics were
adopted, including Accuracy (Acc), Precision (Pre), Recall (Rec), and F1-score (F1). These
metrics enable a multi-dimensional assessment of model performance in terms of overall
correctness, positive-class identification capability, and the balance between precision and
recall. Formally, the four metrics are defined as follows:

Acc =
TP + TN

TP + TN + FP + FN
(18)

Pre =
TP

TP + FP
(19)

Rec =
TP

TP + FN
(20)

F1 = 2 × Pre × Rec
Pre + Rec

(21)

where TP and TN denote the numbers of true positive and true negative samples, respec-
tively; FP denotes the number of negative samples incorrectly classified as positive; and
FN denotes the number of positive samples incorrectly classified as negative.

4.3. Results and Analysis
4.3.1. Performance Evaluation of the Proposed Method

In this study, the training set was used to train the proposed multimodal attention-
based fusion network model. The optimization algorithm selected was the Adaptive
Moment Estimation (Adam), with a maximum number of training epochs set to 100, a batch
size of 64, and an initial learning rate of 0.001. During training, early stopping with a
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patience of 10 was applied to monitor the validation loss, along with a learning rate decay
mechanism (ReduceLROnPlateau). Specifically, when the validation loss does not improve
for 5 consecutive epochs, the learning rate is halved. The loss function used was sparse
categorical cross-entropy, with ReLU activation functions employed for the convolutional
and fully connected layers, while the final output layer used the Softmax function to
generate normalized classification probabilities. After sufficient training, the accuracy and
loss convergence curves on the training and validation sets are shown in Figure 5.

Figure 5. Loss and accuracy curves of the proposed model during the training process.

Figure 5 illustrates the loss function and classification accuracy curves as the training
epochs progress. From the loss function curve, it is evident that both the training loss and
validation loss decrease rapidly with the increase in training epochs, stabilizing after ap-
proximately 25 epochs. This indicates that the proposed model exhibits a fast convergence
rate and good training stability. Meanwhile, both the training accuracy and validation
accuracy rise synchronously, ultimately stabilizing at approximately 99.87% and 99.33%,
respectively. The small difference between the two suggests that the model does not suf-
fer from significant overfitting and demonstrates good generalization ability. Moreover,
the validation accuracy remains stable in the later stages of training, further confirming the
effectiveness and stability of the training process.

After sufficient training, the model’s classification performance and discriminative
ability were further evaluated on the test set using a confusion matrix. The confusion
matrix provides an intuitive view of the model’s correct and incorrect classifications across
various oscillation categories, effectively revealing the confusion patterns between different
categories and the model’s decision boundaries. In addition to the confusion matrix,
precision, recall, and F1 score metrics were calculated for each class. These metrics offer
a more detailed reflection of the model’s classification performance across the categories.
The corresponding values are presented in Table 3, providing a comprehensive evaluation
of the model’s performance across all oscillation categories.
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Table 3. Performance of Each Class in Terms of Precision, Recall, and F1 Score.

Metric Class 1 Class 2 Class 3 Class 4 Class 5 Class 6

Pre (%) 100 100 97 99 100 100
Rec (%) 100 100 100 98 99 99
F1 (%) 100 100 99 98 99 99

Figure 6 shows the confusion matrix of the proposed model on the test set. The results
indicate that the overall classification accuracy of the model reaches 99.33%, demonstrating
the excellent oscillation pattern recognition capability of the proposed method. The diago-
nal elements of the confusion matrix are generally high, while the off-diagonal elements
are relatively low, suggesting that the model can effectively distinguish between different
oscillation types. Specifically, all categories maintain high classification accuracy, with the
classification accuracy for single-mode oscillations, such as low-frequency oscillations,
subsynchronous oscillations, and supersynchronous oscillations, being 100%. The classifi-
cation accuracy for mixed-mode oscillations, such as subsynchronous–supersynchronous
mixed oscillations, is also maintained at over 98.5%. Only a few samples were misclassified,
mainly occurring between oscillation modes with close frequency bands, such as slight
confusion between subsynchronous oscillations and subsynchronous–supersynchronous
mixed oscillations. This phenomenon is consistent with the physical characteristics of
wideband oscillations, providing indirect evidence for the rationality of the model’s classi-
fication decisions.

Figure 6. Confusion matrix of the proposed multimodal attention-based fusion network on the
test set.

Based on the experimental results presented in Figures 5 and 6, the proposed mul-
timodal attention-based fusion network demonstrates the following advantages in the
wideband oscillation classification task: First, through the dual-modality feature fusion
mechanism, the model effectively leverages both the global structural features of the GADF
images and the local dynamic features of the raw time-series signals, achieving a high
classification accuracy of 99.33%. Second, the attention fusion module enables the model to
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adaptively adjust the weights of features from different modalities, enhancing its ability
to represent complex oscillation patterns. Lastly, the training curves indicate the model’s
excellent convergence and generalization performance, providing a reliable foundation for
practical engineering applications.

4.3.2. Comparative Experiment Analysis

To further evaluate the advancement of the proposed multimodal attention-based
fusion network, comparative experiments were conducted against four mainstream deep-
learning methods based on single-modality inputs. The selected baseline models cover
both time-series and image data processing paradigms and represent classical as well as
state-of-the-art architectures in their respective domains.

Specifically, four representative single-modality methods were considered for compar-
ison, including three time-series processing networks—1D Convolutional Neural Network
(1D-CNN), Long Short-Term Memory network (LSTM), and Transformer—as well as
one image-based processing network, ResNet-50.

As shown in Table 4, the best classification accuracy achieved by all single-modality
models does not exceed 95.5%, indicating that a single form of data representation is insuf-
ficient to fully capture the physical characteristics of wideband oscillations. Although time-
series models such as 1D-CNN, LSTM, and Transformer are effective in modeling the
temporal evolution of signals, they exhibit limited sensitivity to the global frequency struc-
tures. In contrast, image-based models can clearly represent frequency distributions and
structural patterns but tend to overlook transient details in the time domain. By incorpo-
rating an attention-based fusion mechanism, the proposed method is able to adaptively
integrate and enhance the complementary information from both modalities, thereby
enabling more accurate and robust representations of complex oscillation patterns.

Table 4. Performance Comparison of Different Methods on the Wideband Oscillation Classifica-
tion Task.

Method Input Modality Acc (%) Pre (%) Rec (%) F1 (%)

1D-CNN Time series 92.85 92.70 92.55 92.62
LSTM Time series 93.20 93.05 92.88 92.96

Transformer Time series 94.50 94.38 94.25 94.31
ResNet-50 GADF image 95.42 95.31 95.18 95.24

MAFN (Proposed) Time series + GADF 99.33 99.27 99.21 99.24

4.3.3. Ablation Study

To verify the effectiveness of the key components in the proposed multimodal
attention-based fusion network, four ablation settings were designed to compare the
performance of different feature extraction and fusion strategies. The quantitative results
of the ablation study are summarized in Table 5. The compared variants are summarized
as follows:

• Model A: GADF-Inception, which uses only GADF images as input.
• Model B: Signal-GRU, which uses only raw time-series oscillation signals as input.
• Model C: a dual-modality baseline that performs multimodal fusion via simple

feature concatenation.
• Model D: the proposed multimodal attention-based fusion network.
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Table 5. Performance Comparison Results of the Ablation Study.

Model Acc (%) Pre (%) Rec (%) F1 (%)

Model A 94.67 94.52 94.41 94.45
Model B 93.25 93.11 92.87 92.98
Model C 96.83 96.75 96.62 96.68

Model D (Proposed) 99.33 99.27 99.21 99.24

As shown in Table 5, Model A and Model B achieve accuracies of 94.67% and 93.25%,
respectively, indicating that although a single modality can capture certain oscillation
characteristics, it is insufficient to comprehensively represent the multi-dimensional nature
of wideband oscillations. GADF images encode the global structural information of oscilla-
tion signals but are less sensitive to instantaneous dynamical variations; in contrast, raw
time-series signals can precisely characterize temporal evolution but lack a macroscopic
view of overall patterns.

Compared with the single-modality baselines, the dual-modality model based on
simple feature concatenation (Model C) achieves a notable performance improvement,
with an accuracy of 96.83%, demonstrating the effectiveness of multimodal information
fusion. However, this fixed fusion strategy does not explicitly account for the varying
importance of different modalities across samples, which limits its capability in handling
complex oscillation patterns. By contrast, the proposed multimodal attention-based fusion
network (Model D) achieves an accuracy of 99.33%, significantly outperforming all other
comparison models. The attention mechanism enables the model to dynamically adjust the
fusion weights of image and time-series features according to the characteristics of different
oscillation patterns, thereby realizing adaptive feature selection and enhancement.

5. Conclusions
This paper investigates wideband oscillation classification in modern power systems

with a high penetration of renewable energy and power-electronic devices. By leveraging
complementary representations from GADF images and raw time-series signals, the pro-
posed approach enables more informative characterization of wideband oscillation patterns
that exhibit wide frequency spans, modal coupling, and time-varying behaviors.

Experimental results on datasets constructed from mathematical models and engineering-
oriented simulations demonstrate that the proposed approach achieves consistently supe-
rior performance compared with traditional signal-processing-based methods and represen-
tative single-modality deep-learning baselines. Comparative and ablation studies further
verify that multimodal fusion contributes substantially to the performance gains, and that
the attention mechanism improves robustness when dealing with complex mixed-mode
oscillation scenarios.

Future work will focus on validating the proposed method using real-world measured
data and deploying it into real-time monitoring pipelines for application in actual power
grid environments. Specifically, in large-scale power system applications, we will further
explore the method’s computational efficiency, scalability, and reliability to ensure that it
can effectively handle large data streams from various grid locations while maintaining
high efficiency and accuracy in real-time applications. Moreover, given the complexity and
vastness of real-time data in modern power systems, future research will also investigate
how to enhance the model’s real-time processing capabilities in large-scale datasets through
distributed computing and parallel processing mechanisms, in order to meet the demands
of practical power system applications.
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