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Abstract—In laser welding, harsh environmental condi-
tions such as arc light interference, spatter, and strong
background noise pose significant challenges to accu-
rate process monitoring and measurement. Traditional
single-modality sensing methods are often inadequate for
a comprehensive characterization of welding states and
remain highly vulnerable to noise contamination. To over-
come the limitations, a dynamic multimodal attention-based
weighting (DMAW) network is proposed, which integrates visual and acoustic information to achieve more com-
prehensive welding state characterization. First, modality-specific feature extractors are trained using unsupervised
knowledge distillation (KD) to learn welding-relevant semantic representations. Next, the extracted features are passed
through a cross-attention module to enable intermodal interaction and suppress noise. Finally, a dynamic reliability-
weighted fusion is proposed that adaptively adjusts modality contributions, thereby reducing measurement uncertainty
and enhancing robustness under varying conditions. Experimental validation on a dedicated laser welding platform
demonstrates that the proposed framework achieves superior accuracy and resilience in welding state monitoring,
highlighting its potential as a reliable solution for intelligent industrial welding systems.

Index Terms— Cross-attention, dynamic balance, laser welding, multimodal measurement, unsupervised feature
learning.

I. INTRODUCTION

TRADITIONAL welding state detection methods, based
on machine learning techniques, often suffer from limited

adaptability and accuracy. With the advancement of deep
learning technologies, numerous studies have explored meth-

ods such as convolutional neural networks (CNNs) [7], [8],
[9], [10], unsupervised methods [11], [12], [13], [14], and
attention-based models [4], [13], [15] to improve the perfor-
mance of welding state detection. Compared with traditional
techniques, deep learning methods show more robustness in
different scenarios by virtue of their strong adaptive ability.
CNN-based methods have been widely employed for visual
feature extraction in welding state detection. Ren et al. [7]
introduced a time–frequency spectrogram-based CNN for clas-
sifying welding states in arc welding, while Feng et al. [8]
proposed an ensemble CNN detection model to improve
classification accuracy. Similarly, Ma et al. [16] developed a
YOLO-based model for weld seam feature point extraction.
The above methods leverage CNNs’ ability to automati-
cally learn local spatial features. However, CNNs in welding
detection may struggle to capture complex global patterns
and dynamic temporal features, while also being prone to
overfitting due to the scarcity of samples and the diversity
of welding conditions, affecting the model’s generalization
ability.

Besides CNNs, attention models have become a key com-
ponent in the development of deep learning models [15],
with existing research demonstrating the potential in the field
of welding detection. Zhao et al. [4] proposed an auditory
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attention model that integrates attention mechanisms with
LSTM networks for penetration state recognition in gas tung-
sten arc welding, significantly improving detection accuracy.
In addition, Caron et al. [13] explored the application of
attention architectures in visual detection algorithms, revealing
that attention-based models outperform traditional CNNs in
capturing global features during welding processes. Therefore,
attention mechanisms offer substantial potential to enhance the
accuracy and robustness of welding state detection in complex
industrial settings.

Meanwhile, self-supervised strategies, which do not rely on
large amounts of labeled data, enhance semantic extraction
capabilities by learning from the internal structure of the
samples [17]. The characteristic is particularly valuable in
welding state detection and has attracted significant attention
from researchers in the field. Wan et al. [12] proposed an
unsupervised feature mapping model for anomaly detection,
which proves especially effective in detecting welding defects
when labeled data is scarce. Similarly, Cui et al. [14] employed
a Transformer-based encoder trained on defect-free images
to improve representation learning. The advances highlight
the potential of self-supervised methods to overcome data
limitations, enabling detection algorithms to have greater
adaptability in varying environments.

However, the dependence on unimodal inputs makes the
above methods vulnerable to domain shifts when applied to
different industrial conditions [18]. Single-modal deep learn-
ing methods can achieve high accuracy in environments with
regular data quality distribution. Due to environmental effects
such as noise interference or smoke occlusion, effective fea-
tures are easy to be completely masked in some time periods,
and the performance of single-modal methods will deteriorate.
The limited robustness of single-modal methods highlights
the need for multimodal learning [19], where integrating
complementary information enhances detection reliability and
generalization capabilities in complex scenarios [5].

Multimodal fusion strategies are commonly categorized into
early and late fusion [6], [20], [21], [22], [23], [24], [25],
[26]. Early fusion integrates raw data from different modalities
before feature extraction [20], [21], while late fusion processes
each modality independently and combines the results later [6],
[22], [23]. In welding state detection, due to the high-intensity
industrial noise and laser contamination, late fusion, where
features are extracted first before fusion, is typically more
suitable. However, existing generic multimodal fusion methods
primarily assume that both modalities provide high-quality
information during fusion, aiming to enhance overall accuracy.
In contrast, the quality of modalities in welding processes
is dynamic; at certain moments, one modality may be con-
taminated by noise, resulting in lower confidence, and in
such cases, the model needs to rely on the other modality
for support. It requires the fusion network to dynamically
adjust the weights of the modalities, assigning a higher
weight to the more reliable modality. Therefore, a fusion
network needs to be designed to adaptively adjust the weights
based on the fluctuating quality of each modality, ensuring
robustness in environments where the quality of modalities
alternates.

Fig. 1. Schematic of laser welding platform.

In this article, a dynamically balanced multimodal fusion
welding state detection method is proposed, which aims to
make full use of image and audio modalities to improve
the detection performance. For modality feature extraction,
an unsupervised learning-based model is employed, where
welding sample pairs are fine-tuned to enhance the semantic
representation of welding states. To address noise interference
across different modalities during the welding process, a cross-
attention module is designed. Through nonlinear mapping
and cross-attention-based feature alignment, the model sup-
presses noise while extracting discriminative welding-related
features with higher reliability. Additionally, to address the
issue of imbalanced quality between modalities at different
times, a dynamic weight-balancing network has been designed.
It ensures that robustness is maintained in the model even
when one modality exhibits low quality.

Moreover, existing publicly available datasets for welding
state recognition are predominantly single-modal, mainly con-
sisting of color or grayscale welding images or audio segments
of welding states. However, multimodal models require a
sufficient number of aligned image–audio pairs for effective
training. As shown in Fig. 1, an integrated image–audio data
acquisition platform was developed to support the experimen-
tal validation of the proposed framework. The dataset will be
made publicly available in the future, enabling the broader
research community to explore and advance multimodal weld-
ing state detection. To summarize, our contributions are as
follows.

1) A novel welding state detection method is proposed,
combining image and audio modalities to enhance the
model’s accuracy and robustness.

2) An unsupervised ViT extractor is developed to capture
contour, texture, and local details from welding images
and audio.

3) To address the noise issues in harsh environments, a mul-
timodal attention module with self- and cross-attention
is designed to align complementary cues under noise.

4) To tackle the issue of data quality imbalance, a dynamic
weight adjustment model is proposed, balancing the
contribution of data from modalities with varying
quality.
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II. METHOD

In this study, a welding state detection method is proposed,
combining image and audio feature information to enhance
both accuracy and robustness during the detection process.
As shown in Fig. 2, the method consists of three crucial
stages: 1) feature extraction from welding modalities through
an unsupervised encoder; 2) feature refinement via a multi-
modal attention mechanism; and 3) dynamic weighting for the
computation of classification confidence.

A. Self-Distilled Extractor
We adopt ViT-Small as the backbone encoder for multi-

modal welding data. Compared with larger variants, ViT-Small
provides sufficient capacity to capture semantic features while
maintaining a low memory footprint, which is essential in
welding scenarios where long video sequences with thousands
of frames must be processed under strict GPU memory con-
straints.

Unlike conventional ViT-Small models trained in a super-
vised manner with annotated data, our encoder is adapted
through an unsupervised self-distillation strategy. Similar
self-distillation approaches have been shown to learn powerful
representations in generic vision tasks [13], [27], [28]. In the
welding domain, manual annotation is extremely difficult
due to intense arc light, smoke, and spatter, which obscure
object boundaries and contaminate acoustic signals. Therefore,
instead of relying on labels, the encoder learns by enforcing
consistency across different augmented views of the same
sample.

As shown in Fig. 3, both teacher and student networks
share the ViT-Small architecture. The student parameters θ

are updated by backpropagation, while the teacher parameters
φ are updated as an exponential moving average (EMA) of
the student

φ← m φ + (1− m) θ (1)

where m is a momentum coefficient. Although the teacher has
no external supervision, the EMA update acts as a temporal
filter, producing outputs that are more stable than the student’s
instantaneous predictions [13]. The stability, rather than abso-
lute correctness, is sufficient to serve as a learning target under
noisy welding conditions.

During training, each welding image or audio spectrogram
is augmented into multiple views. Global views G capture
holistic seam geometry and arc distribution, while local views
L emphasize subtle details such as molten pool ripples, spatter
particles, or smoke trails. Passing a view x through the encoder
and projection head h(·) yields

zs
= h(Eθ (x)) , zt

= h
(
Eφ (x)

)
(2)

where zs and zt denote the student and teacher representations,
respectively. Then, the representations are converted into pre-
dictive distributions using temperature-scaled Softmax with a
centering vector c that prevents collapse by compensating for
overly dominant signals such as bright arcs or strong acoustic
frequencies

ps (x) = softmax
(

zs

τs

)
, pt (x) = softmax

(
zt
−c
τt

)
. (3)

For welding images, the loss aligns student predictions from
local crops Lim with teacher predictions from global crops Gim

Lim = −
1

|Gim | |Lim |

∑
x ′∈Gim

∑
x∈Lim

K∑
k=1

pt
k
(
x ′
)

log ps
k (x) . (4)

Here, Gim encodes the seam trajectory and electrode region,
while Lim isolates local phenomena such as porosity, spatter
bursts, or molten pool boundaries.

Similarly, for welding audio spectrograms, global crops Gau

preserve long-term arc stability, while local crops Lau focus
on transient events such as droplet transfer or spatter crackling.
The corresponding loss is

Lau = −
1

|Gau | |Lau |

∑
x ′∈Gau

∑
x∈Lau

K∑
k=1

pt
k
(
x ′
)

log ps
k (x) . (5)

The training paradigm is feasible despite the absence of
labels because it leverages a bootstrapping mechanism [13],
[28]. The teacher, being an EMA of the student, provides
temporally stabilized targets, while the cross-view consistency
loss forces the student to reconcile local noisy details with
global welding semantics. In practice, training is deemed suc-
cessful once the learned representations form discriminative
clusters corresponding to different welding states, as validated
by downstream recognition tasks.

After the unsupervised self-distillation training converges,
both the image-based and audio-based ViT-Small encoders are
frozen and no longer updated. Each encoder is domain-adapted
to its modality through the pretraining process and subse-
quently serves as a fixed feature extractor tailored to welding
data. For a given welding image I or audio spectrogram S, the
frozen encoders directly output the feature matrices v and a.
The representations are then forwarded to downstream fusion
modules without further fine-tuning of the backbone. Formally,
the frozen extractors are written as follows:

v = E frozen
θ im (I ) , a = E frozen

θau (S) (6)

where E frozen
θ im and E frozen

θau denote the ViT-Small encoders for
the image and audio modalities, respectively. Freezing the
encoders ensures that welding-specific knowledge captured
during the unsupervised self-distillation stage is preserved,
while reducing computational overhead and stabilizing down-
stream training.

B. Attention Model
Following the feature extraction stage, the representations

from video and audio are refined and aligned using stacked
self-attention and cross-attention layers. The design is par-
ticularly beneficial for welding, where visual frames may
be degraded by arc flare or smoke, and audio spectrograms
may be corrupted by background noise. By allowing each
modality to leverage complementary cues from the other,
robust multimodal embeddings are obtained. As shown in
Fig. 4, for a modality m ∈ {im, au}, given its input sequence
Xm , we define the query, key, and value projections as follows:

Qm
= Xm W m

q , Km
= Xm W m

k , Vm
= Xm W m

v . (7)
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Fig. 2. Working principles of the proposed multimodal fusion framework. We encode multimodal inputs using a ViT-based encoder, refine them
through attention mechanisms, and leverage a dynamic weight adjustment model to ensure robust, accurate welding state detection.

Fig. 3. Unsupervised ViT training with student–teacher self-distillation,
where local and global welding views are aligned through EMA and
view-consistent learning.

Fig. 4. Architecture of the attention modules. (a) Intramodal attention
block for modeling dependencies within a single modality. (b) Cross-
attention block for aligning image and audio features through multihead
attention.

Self-attention is first applied within each modality to capture
long-range intramodal dependencies

φm
= softmax

(
Qm (Km)⊤

√
dk

)
Vm . (8)

In welding, the step enables the visual encoder to model
global weld pool morphology, while the audio encoder empha-
sizes consistent harmonic patterns corresponding to stable
arc burning. Cross-attention is then introduced to enable one

modality to borrow complementary cues from the other. When
video attends to audio, the update is given by the following
equation:

φim←au
= softmax

(
Qim (Kau)⊤

√
dk

)
Vau (9)

where Kau establishes alignment and Vau injects semantic
information from audio into video. This is especially useful
when the camera is saturated by arc light: the video queries
still carry temporal context, which align with stable arc sound
patterns in the audio keys, and the values provide corrective
features that compensate for missing visual details.

Symmetrically, when audio attends to video

φau←im
= softmax

(
Qau (Kim)⊤
√

dk

)
Vim (10)

the audio features incorporate spatial seam context from video,
which allows the model to avoid misinterpreting transient
mechanical noise or spatter crackling as abnormal welding
states, since the injected video values provide reliable geo-
metric cues.

By alternating self-attention and cross-attention layers, the
network progressively enhances both intramodal consistency
and intermodal complementarity. In each cross-attention block,
one modality is treated as the query that attends to the
key–value representations of the other, enabling mutual guid-
ance between visual and acoustic feature streams during
feature refinement. The bidirectional interaction aligns tem-
porally correlated cues across modalities, thereby reinforcing
complementary information and improving feature robustness.
The final embeddings φim←au and φau←im thus capture global
weld pool evolution and transient acoustic events simulta-
neously, leading to accurate and noise-resilient weld state
recognition.

C. Fusion Method
Both visual and auditory features are highly susceptible to

variability caused by environmental interferences. To over-
come these challenges, an adaptive fusion model is proposed,
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Fig. 5. Architecture of the proposed imbalance-aware multimodal fusion
module.

as shown in Fig. 5, which dynamically adjusts the contri-
butions of the image and audio modalities based on their
reliability in a given welding scenario. Initially, each modality
is trained independently to ensure that both the audio and
visual streams possess predictive capabilities. During train-
ing, feature representations from both modalities are jointly
optimized, where the back-propagated gradients are adaptively
scaled according to each modality’s confidence to enhance
intermodal consistency. During inference, the adaptive weight-
ing module automatically adjusts each modality’s contribution
based on its reliability, ensuring robust prediction under vary-
ing sensing conditions. Let φai

∈ RTa×d and φvi
∈ RTv×d

represent the high-level features extracted from the audio
and visual modalities. Each modality’s prediction is computed
independently via the respective classification head fcls(·)

ŷai = f au
cls

(
φai
)

, ŷvi = f im
cls

(
φvi
)

. (11)

To enable the network to dynamically prioritize the more
informative modality based on the current welding conditions,
a dynamic weighting module is introduced. First, the module
performs a pooling operation M(·) to aggregate the global
context of each modality. Then, a two-layer perceptron is
employed to project the concatenated pooled features into a
higher-dimensional space, allowing the model to capture more
complex relationships between the modalities. The output is
subsequently passed through a series of nonlinear activations
to further capture the intricate interactions between the modal-
ities. Finally, category-specific weights are estimated through
the following learnable projection:

weight = softmax
(
W2 · ReLU

(
W1 ·

[
M
(
φai
)

M
(
φvi
)]
+ b1

)
+ b2

)
(12)

where W1 and W2 are trainable weight matrices, b1 and b2
represent the bias vectors, and ReLU(·) introduces a nonlin-
earity that helps capture more complex patterns in the feature
interactions. The Softmax operation is then applied to the
final output to ensure that the weights are normalized across
categories. The multilayered approach improves the model’s
ability to dynamically adjust modality contributions based on
the current task context.

The fused prediction is computed using a category-wise
Hadamard product between the weights and the modality

predictions

ŷi =
[
weight 1− weight

] [ŷai
ŷvi

]
. (13)

To enforce effective learning at both the modality and fusion
levels, a composite loss function is defined that supervises the
predictions of the audio, visual, and fused outputs

Ltotal = λ1 · LC E
(
ŷai , yi

)
+ λ2 · LC E

(
ŷvi , yi

)
+ λ3 · LC E

(
ŷi , yi

)
(14)

where LC E (·, ·) denotes the standard cross-entropy loss, yi is
the ground truth label, and λ1, λ2, and λ3 are hyperparameters
controlling the relative importance of each term.

Moreover, in the training process of multimodal models,
high-quality modalities usually generate higher confidence
in the training process, indicating that the model predicts
the modality more accurately, and then is more inclined to
assign more weight to high-quality modalities while ignoring
low-quality modalities. To overcome the problem, a dynamic
weight adjustment algorithm is proposed, which actively
increases the weight of low-quality modes during training to
ensure that low-quality modes receive sufficient attention and
perform appropriate parameter updates

ytrain
=

[
pa

pv

] [
Wa Wv

] [ŷai
ŷvi

]
(15)

where p is the weight value of adaptive adjustment in the
training process, which dynamically adjusts according to the
confidence level of the two types of modes in the training
process. It is calculated using the following method:

conm
i =

M∑
j=1

1 j=yi · softmax
(

f m
cls
(
φmi

(
θm, xm

i
)))

j . (16)

conm is defined as the total confidence of a specific class
predicted by image or audio modality during one training
cycle. Based on the different confidence of the two modalities,
the imbalance ratio of the modality quality in each training
round can be defined as αm

t

αv
t =

∑
i∈clst

cona
i∑

i∈clst
conv

i
. (17)

The ratio for the audio modality is αa
t = 1/αv

t . By con-
tinuously monitoring the contributions of different modalities,
the imbalance can be observed during the training process,
and then the gradient descent information can be adaptively
adjusted to improve it

pm
t = β · σ

(
αm

t
)
=

β

1+ e−αm
t

θm
t+1 = θm

t − pm
t · ηg̃

(
θm

t
)
.

(18)

The gradient descent is employed as the primary opti-
mization algorithm, where g̃(θm

t ) represents the gradient
corresponding to the modality and pm

t is an additional param-
eter used to adjust the backpropagated gradient. The parameter
is computed from the imbalance factor of the modality, and its
adjustment range is controlled by the sigmoid function σ(x),
constrained within (0, 1).
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TABLE I
WELDING EXPERIMENTAL PARAMETERS

III. DATASET AND EXPERIMENT

A. Experimental Setup
The experimental setup of the welding platform is illus-

trated in Fig. 1, which consists of three main modules: the
welding unit, the data acquisition system, and the monitoring
system. The welding unit integrates a FANUC robot, a pulsed
MIG power source, a WF007A wire feeder, a water-cooling
system, and 99.99% pure argon as the shielding gas. The data
acquisition module employs an XIRIS camera and an MPA231
microphone, with analog signals digitized by a DAQ card
and filtered using an MC3322 signal conditioner. Image data
are recorded at 37 frames/s, and audio signals are sampled at
44.1 kHz. The microphone is mounted 35 cm from the torch
at a 40◦ angle, while the XIRIS camera is positioned 30◦

from the side and 30 cm from the weld pool to minimize
interference.

Q1100 high-strength steel is used as the base material.
To evaluate the influence of welding parameters on multi-
modal sensing performance, four typical welding states were
designed by varying laser power, welding speed, and material
thickness. The representative parameter settings are summa-
rized in Table I. Multiple trials were conducted under different
parameter combinations to ensure statistical reliability and data
diversity.

B. Dataset
A total of 13 000 synchronized image–audio samples were

collected at 37 frames/s and 44.1 kHz. As shown in Table II,
the dataset is nearly balanced, with each class providing
approximately 3200 images and 84–93 s of audio. The video
data were recorded at 37 frames/s, and every 20 consecutive
frames were grouped together and combined with the corre-
sponding audio segment from the same time period to form
a complete sample pair. To classify the welding states, the
dataset was divided into four categories based on the geometric
characteristics of the weld seam: incomplete penetration, com-
plete penetration, humping, and burn through. As illustrated
in Fig. 6, both image and audio samples were visualized for
each welding state. The top portion of the figure displays
images capturing the molten pool from a side view, which
helps reduce interference from smoke and other visual noise
while clearly presenting the pool geometry. In the state of
incomplete penetration, the molten pool fusion is not obvious,
typically showing the widest transverse width. The humping
condition produces a depression on the weld surface, whereas
the burn through condition leads to a penetration defect at the
weld bottom.

TABLE II
DISTRIBUTION OF VISUAL AND ACOUSTIC DATA ACROSS FOUR

WELDING STATES

To achieve millimeter-level precision in data labeling, post-
welding images were recorded for each process. A ruler was
employed to measure the length of each segment correspond-
ing to a specific welding state. To avoid inaccuracies caused
by transitions between states, we excluded the 0.5 s before and
after each state transition from the dataset. To ensure accurate
synchronization and labeling of audio data, a unified sensor
control script was developed, allowing for the synchronization
of audio and image data via timestamp alignment. The labeling
of the audio data was then carried out based on the labeled
timestamps from the image data.

The data processing and experiments are performed on
a workstation equipped with an NVIDIA1 GeForce RTX
4080 GPU (16 GB VRAM), running PyTorch 2.1.0 with
CUDA 12.4. The proposed dynamic multimodal
attention-based weighting (DMAW) model is trained
from scratch using the Adam optimizer (learning rate
2 × 10−5, weight decay 1 × 10−5), a batch size of 32, and
the cross-entropy loss as the objective function.

C. Classification
To validate the superiority of the proposed DMAW model

in terms of accuracy and robustness, we conducted compre-
hensive comparisons against recently proposed unimodal and
multimodal approaches. As summarized in Table III, DMAW
outperforms all baselines, including unimodal models [7], [8],
simple concatenation-based multimodal models [22], late-
fusion methods [20], and hybrid fusion frameworks [24].
Specifically, DMAW achieves the highest accuracy (96.1%),
precision (96.4%), recall (96.3%), and F1-score (96.8%),
demonstrating its strong feature extraction and fusion capa-
bility.

In multimodal settings, the complete DMAW architecture
that integrates both image and audio features further improves
overall performance. Experimental results show that DMAW
surpasses existing multimodal baselines owing to its adap-
tive attention-weighting mechanism, which efficiently captures
complementary information across modalities. Unlike prior
multimodal frameworks relying on simple concatenation or
tightly coupled fusion, which may either dilute discrimina-
tive cues or increase model complexity, DMAW dynamically
adjusts the weight of each modality based on the estimated
feature quality, allowing more reliable information to exert

1Registered trademark.
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Fig. 6. Multimodal comparison of four welding penetration states—complete penetration, incomplete penetration, humping, and burn
through—through backside morphology, SFFT spectrograms, and frontside molten-pool images. Distinct frequency features (low-enhanced, mid–
high-dominant, mid–high-attenuated, and high-enhanced) correspond to visible differences in weld formation and plasma behavior.

TABLE III
COMPARISON OF METHODS WITH DIFFERENT MODALITIES. THE BEST RESULT PER COLUMN IS IN BOLD. THE LAST FOUR COLUMNS REPORT

PER-CLASS ACCURACIES (%)

greater influence on the final decision. The design enhances
both accuracy and generalization, confirming the effectiveness
of the proposed approach.

As shown in Fig. 7, the detection accuracy of each category
is further analyzed, and the results show that the “burn-
through” category achieves the highest accuracy. The trend
aligns with the welding image characteristics observed, where
an increase in laser power results in shorter molten pool
tails and more pronounced burn-through depressions, making
the category easier to identify. Additionally, audio features
contribute to distinguishing welding states. In the “hump” con-
dition, changes in the audio signal, such as higher frequency
components, provide complementary information to the visual
cues. The synergy between the audio and visual modalities
enhances the model’s capacity to distinguish between differ-
ent welding states, resulting in higher precision. Moreover,

we analyzed the parameters and computational complexity of
the proposed network, as summarized in Table IV. In addi-
tion, inference experiments on an NVIDIA RTX 4080 GPU
achieved a latency of 26.2 ms, demonstrating that the model
satisfies the real-time requirements of industrial monitoring
applications.

D. Unsupervised Encoder
To better understand the role of the unsupervised ViT

encoder in welding state recognition, we visualize the attention
correlation maps between the classification token ([CLS])
and the patch tokens under different heads. This analysis pro-
vides insights into how different heads capture complementary
aspects of weld pool images across various welding states.

Formally, for a given input sequence X ∈ R(N+1)×d

consisting of one classification token and N patch tokens, the
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TABLE IV
PARAMETERS AND FLOPS OF THE PROPOSED MULTIMODAL FUSION TRANSFORMER NETWORK

Fig. 7. Performance evaluation across four welding states: complete
penetration, incomplete penetration, humping, and burn-through.

query, key, and value projections for head h are defined as
follows:

Qh = X W h
q , Kh = X W h

k , Vh = X W h
v . (19)

The attention weight matrix is computed via scaled dot-
product attention

Ah = softmax

(
Qh K⊤h
√

dk

)
. (20)

We extract the correlation between the [CLS] token and all
other tokens by removing the row corresponding to [CLS],
yielding the relevance vector

rh = A[CLS], 1:N
h . (21)

For each head h, we reshape rh into a 2-D map aligned with the
spatial patch layout, thereby obtaining the attention heatmap.
The final averaged heatmap is obtained by thresholding and
averaging across heads

ravg =
1
H

H∑
h=1

I(rh > τ) · rh (22)

where H denotes the number of heads and τ is a visualization
threshold.

As shown in Fig. 8, different attention heads demonstrate
clear preferences in feature extraction. Head1 and Head2
mainly capture the global contour of the weld seam and
molten pool, providing a coarse but structurally consistent
representation of the welding region. Head3 and Head5 tend to
emphasize fine-grained texture features, such as surface ripples
or local variations in brightness and roughness. Head4 and
Head6 focus more on small and localized details, including
spatter regions and subtle irregularities. The diverse attention
patterns suggest that each head develops its own specialization,
contributing complementary perspectives on the same input.

When the results of multiple heads are aggregated, the
averaged heatmap effectively integrates global contours, tex-
ture features, and local details, which produces a more
comprehensive and stable representation of the weld pool.
The observations indicate that the unsupervised ViT encoder,
without reliance on labeled supervision, can naturally organize
its heads to specialize in different feature patterns. As a result,
the extracted representations exhibit stronger robustness and a
finer sensitivity to important details, which are essential for
reliable welding state characterization.

To assess the effectiveness of the proposed attention-based
architecture in multimodal feature extraction, an ablation
study was conducted by removing the attention mechanisms
from both modalities. To visualize the differences in feature
representations, t-distributed stochastic neighbor embedding
(t-SNE) was applied to the final-layer feature embeddings. t-
SNE is a nonlinear dimensionality reduction technique that
preserves the relative distances of high-dimensional data,
making it particularly useful for visualizing complex feature
distributions. As shown in Fig. 9(a), the embeddings without
attention exhibit noticeable overlap among classes, whereas
Fig. 9(b) shows compact and well-separated clusters after
attention is applied.

The t-SNE results offer valuable insights into the model’s
ability to separate different features, emphasizing the effective-
ness of the module in feature differentiation. For instance, the
“burn-through” defect, characterized by distinct visual cues,
forms a clearly isolated cluster in both Fig. 9(a) and (b).
In contrast, distinguishing between the “complete penetra-
tion” and “incomplete penetration” states is more challenging.
As shown in Fig. 9(a), removing the attention mechanism
leads to significant feature overlap, whereas Fig. 9(b) demon-
strates that incorporating attention enables each class to form
compact and well-separated clusters. On the other hand,
feature overlap suggests a reduced ability to distinguish
between classes, ultimately impairing the model’s detection
accuracy.

To quantitatively evaluate the effect of the attention mech-
anism on feature separation, we calculate the Silhouette score
for both conditions. The Silhouette score measures how closely
an object resembles its own cluster in relation to other clusters.
The score is computed as follows:

S (i) =
1
N

N∑
i=1

b (i)− a (i)
max (a (i) , b (i))

(23)
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Fig. 8. Visualization of feature maps from different heads and aggregation across welding states.

where a(i) represents the mean distance between point i and
all other points within the same cluster and b(i) denotes
the mean distance between point i and the closest cluster
it does not belong to. A higher Silhouette score reflects
better-separated clusters and, consequently, a more effective
model. Without the attention mechanism, the Silhouette score
is 0.47, reflecting weak clustering performance and signifi-
cant overlap between classes. However, when the attention
mechanism is applied, the Silhouette score increases to 0.52,
suggesting improved feature separation and more distinct
clusters.

In the context of welding state detection, the attention model
plays a crucial role in filtering modality-specific noise and
emphasizing features directly relevant to the task. Image data
may contain distracting background elements, while audio
data may include ambient noise unrelated to the welding
process. By selectively enhancing relevant features, such as
dynamic molten pool characteristics in images or acoustic
patterns indicative of welding conditions, the attention mech-
anism improves feature separability, as reflected in the t-SNE
visualization. The enhanced feature discrimination contributes
to more robust classification performance, demonstrating the
necessity of an attention model in multimodal learning.

E. Dynamic Fusion
To quantify the performance impact of our adaptive fusion

mechanism, we compared it with several baseline fusion
methods, such as FiLM [32], Gate [31], and Gradient Control
[33], to analyze how each fusion method better integrates
information from different modalities and improves overall
model performance.

Most general multimodal fusion methods assume that both
modalities provide high-quality information and are designed
to enhance overall fusion accuracy, often assuming that the
quality of both modalities remains constant. However, in weld-
ing scenarios, the assumption does not hold. Welding-specific
challenges, such as noise interference, can cause one modal-
ity to be overwhelmed by noise, particularly the audio or

TABLE V
COMPARATIVE PERFORMANCE OF VARIOUS FUSION STRATEGIES FOR

THE PROPOSED DMAW FRAMEWORK ON WELDING

STATE RECOGNITION

visual streams, leading to a degradation in model accuracy.
As shown in Table V, the results underscore the advantages
of dynamically adjusting modality contributions. Unlike static
methods that treat all modalities equally, dynamic weight
fusion provides a flexible, adaptive approach that ensures the
model focuses on the most reliable modality, particularly in
complex environments such as welding state detection.

To further validate the effectiveness of the dynamic balanc-
ing (DB) training strategy, we conducted an ablation study
that tracks validation accuracy throughout training and com-
pares it with a baseline model trained without this strategy.
As illustrated in Fig. 10, the lighter curves depict the raw
validation accuracy recorded at each epoch, capturing the
instantaneous fluctuations of the model, whereas the darker
curves represent a 7-epoch moving average that highlights the
underlying convergence trend.

Notably, the DB method exhibits occasional decreases in
validation accuracy relative to the baseline at certain epochs.
These transient fluctuations are consistent with the strategy’s
ability to encourage exploration and mitigate the risk of
entrapment in shallow local optima. When the results are
examined using a 7-epoch moving average, the DB curve
consistently surpasses the baseline by approximately 0.4%–
0.8% and ultimately converges to a validation accuracy of
about 96%. The consistent improvement demonstrates that
the proposed DB strategy not only alleviates premature
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Fig. 9. t-SNE visualization of feature embeddings from the DMAW
framework. (a) Without attention modules, the feature clusters show
noticeable overlap. (b) With attention enabled, the clusters become
compact and well separated, highlighting improved interclass discrim-
inability.

Fig. 10. Influence of dynamic weight training strategies on the accuracy
of the validation set during the training process.

convergence to suboptimal solutions but also achieves a higher
overall level of performance.

Fig. 11. Sensitivity analysis of hyperparameters λ on validation accu-
racy.

Besides, to assess the impact of the hyperparameters λaudio,
λvisual, and λaudio-visual on model performance, we conducted
a control variable analysis. The initial values of all hyperpa-
rameters were set to 1. Each hyperparameter was then varied
from 0.1 to 1.0 in increments of 0.1, while keeping the other
two parameters fixed at 1.0. As shown in Fig. 11, the results
demonstrate the influence of each hyperparameter on valida-
tion accuracy, supporting the rationale for their final selection.
The result reveals that the impact of the λ hyperparameters on
validation accuracy is relatively minimal, with performance
fluctuations within a narrow range. Based on this analysis,
we selected the following λ values: λaudio = 0.1, λvisual = 0.9,
and λaudio-visual = 0.1.

IV. CONCLUSION

In this article, a dynamic multimodal fusion method is
proposed that integrates image and audio data from the
welding process to address challenges posed by complex
industrial environments in welding state detection. A key
challenge in multimodal fusion is noise interference across
modalities. To address the problem, a multimodal attention
model is introduced, which effectively extracts key features
and is validated through t-SNE visualization. Additionally,
to handle modality quality variations, a feature-based dynamic
weight adjustment algorithm is proposed that ensures opti-
mal feature learning and improved robustness. Comparative
experiments demonstrate that our multimodal fusion approach
achieves superior detection accuracy in both single-modal and
multimodal models, validating its effectiveness and reliabil-
ity for industrial welding state detection under challenging
conditions.
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