
Journal of Manufacturing Processes 115 (2024) 431–440

Available online 20 February 2024
1526-6125/© 2024 The Society of Manufacturing Engineers. Published by Elsevier Ltd. All rights reserved.

Online penetration prediction based on multimodal continuous signals 
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A B S T R A C T   

Online penetration monitoring for complex butt welding is challenging due to steel plate's groove instability and 
welding heat deformation. In this paper, automatic cold metal transfer (CMT) welding is used to join two 
complex bevelled austenitic stainless steel with SS304 as the base metal. This work reports a hybrid approach 
combining deep learning, computer vision, and sound signal processing to monitor groove welding penetration 
under full penetration in real time. Sequence signals such as video and sound can complimentarily characterize 
the melt pool state. In this paper, the proposed Multimodal continuous signals Characteristic Reinforcement 
Network (MCRNet) utilizes 3D convolution and multiscale convolution with channel attention to considerably 
improve the performance of lightweight networks. At the same time, a new fusion method with similarity loss is 
proposed to cope with the input of visual and acoustic signals. That improves the effect by at least 18 % 
compared with the single-modal signal input. The experimental results show that the Mean Square Error (MSE) of 
MCRNet improved the performance by 44 % compared with the mainstream deep learning framework. Mean
while, the inference speed under multimodal input reaches 57 frames per second (FPS). MCRNet finally achieves 
online penetration accurate prediction of the melt pool.   

1. Introduction 

Welding technology is the most common way of joining metals. 
Traditionally, welding quality inspection is usually carried out after 
welding. Especially for butt welds, the penetration quality dramatically 
affects the joined metal's rigidity at both ends [1]. In industrial pro
duction, the penetration quality of butt welds is precarious due to un
stable manual welding and the quality of steel plate processing [2]. The 
penetration quality is invisible from the front side of the steel plate 
during or even after welding. The plate needs to be analyzed from the 
backside or cut open to estimate the penetration quality [3]. With the 
development of intelligent welding, manual welding has gradually been 
replaced by robotic welding. While robotic welding offers more stable 
and consistent results, it does come with particular challenges. Namely, 
welding must be performed using predetermined parameters and a fixed 
path and cannot be adjusted in real time based on human experience and 
intuition [4]. Additionally, any defects in the welding process can lead 
to costly and sometimes irreparable damage, further exacerbating the 
challenges associated with robotic welding [5]. 

Several methods have been proposed to detect errors that may occur 

during the welding process automatically. These sensors include 
acoustic [6,7], current [8,9], temperature [10,11], and spectral sensors 
[12], which have been used to monitor basic welding conditions. In one 
of these examples, neural networks analyzed signals from acoustic and 
current sensors to classify the penetration state [9]. These efforts indeed 
cope with simple tasks in the welding process, but most only extract 
shallow features. The deeper features of the data are not exploited, and 
there is no confidence in handling complex tasks. 

Vision-based sensing technologies can provide richer information. 
This provides the potential to identify different welding states in com
plex processes or workpiece conditions, providing timely correction 
solutions. Contemporary work exists using both traditional machine 
vision [13–15] and deep learning [16–18] approaches to characterize 
the welding states. Deep learning approaches have better robustness and 
generalization in classification tasks of penetration state than traditional 
machine learning approaches, especially in complex environments. In 
particular, Convolutional Neural Network (CNN) such as ResNet and 
DenseNet offer opportunities for melt pool online monitoring tasks, as 
convolution is highly efficient for image feature extraction, especially 
sensitive to image pixel position [19,20]. Thus, they are trained to 
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classify or segment melt pool images [21,22]. Currently, most vision 
tasks for butt welding focus on the variation of steel plate shape [23,24]. 
Little research has been done on varying groove angles in butt welding, 
but the change of penetration state caused by the angle in groove 
welding is more significant than that caused by steel plate shape. 

Meanwhile, the above works extract features from one single melt 
pool image. It should be noted that welding is a continuous physical 
process, and it takes time for heat diffusion and solidification of the melt 
pool [25]. In an actual welding experiment, it will be found that the end 
of the weld still shows the red colour caused by high temperature when 
the welding is completed. The shape of the surface is still unformed, not 
to mention the hotter interior. The instantaneous image is insufficient to 
reflect the current penetration state [26,27]. Sequence signals such as 
video and sound can complimentarily characterize the melt pool state. 
Therefore, it is necessary to determine the penetration state from suc
cessive frames of melt pool images. How to handle multi-frame infor
mation extraction is the first challenge. 

With complex grooves, the forces on the melt pool and droplets 
change as the welding environment changes, greatly affecting the 
penetration depth. Furthermore, there is access limitation by the groove, 
and data cannot be obtained directly from the backside, which increases 
the difficulty of sensing the welding process [28]. Raw information 
containing semantic information is needed to characterize and predict 
penetration indirectly. Additional sound information is introduced as 
another modal information supplement. Information from different 
modalities can represent the same melt pool state from different di
rections and can be used as complementary information. Based on the 
limited current work on audio-visual based tasks, a notable represen
tative work is a method proposed by Wu et al., which uses hybrid deep 
learning to integrate image and sound for penetration classification 
[29]. This work is pioneering, but not applicable to subsequent online 
control due to issues related to data acquisition speed and shortcomings 
in the classification task. Many studies have already begun to explore 
online control with the use of visual modalities [30–32]. Online control 
represents a future trend, and a fundamental aspect of online control is 
obtaining accurate weld seam regression values, as opposed to mere 
classification. An advanced neural network is needed to fuse the video 
and sound information of the melt pool. For the butt welding used in this 
paper, the backside melt width after cooling was used as a quantitative 
representation of the penetration state. Simultaneously, to prevent the 
occurrence of under and over penetration defects, our research focuses 
on the precise regression of the backside melt width under the condition 
of full penetration. By doing so can unfavorable trends be identified 
before defects occur. 

This work reports a fast and scalable CNN that fuses sequence data 
from video and sound modalities for regression of penetration of the 
melt pool. The method has been applied to variable groove welding 
penetration detection with outstanding results. The paper is organized 
as follows: Section 2 analyses the penetration state while demonstrating 
why video and audio information is needed; Section 3 gives an overview 
of the experimental setup and data generation; Section 4 details the 
MCRNet framework. Section 5 describes the results and discussion of the 
validation and ablation experiments. Finally, conclusions are drawn in 
Section 6. 

2. Penetration analysis 

CMT welding is a highly effective process where the melting and 
transfer of the welding wire take place in a precise, step-by-step manner. 
That significantly reduces spatter and oxidation compared to traditional 
Gas Metal Arc Welding (GMAW) welding while minimizing part 
distortion and annealing for superior welding speed and quality. One of 
the unique benefits of CMT is its special process that allows for a base 
and peak moment during welding, which enables greater control and 
precision throughout the entire process. During the base moment, the 
arc is deliberately stopped, allowing for a crystal-clear image of the melt 

pool to be captured using passive vision. 
Heat input can somewhat determine the degree of penetration. 

However, the same heat input can lead to different penetration states for 
different groove angles, as shown in Fig. 1. Weld penetration is a crucial 
indicator of the mechanical robustness of a weld, making it an essential 
parameter for evaluating the quality of this method. Depending on the 
extent of this process, the weld can be classified into three categories: 
under-penetration, full-penetration, and over-penetration. Observing 
the backside penetration state is difficult in actual production, but 
skilled workers can directly determine the penetration state with their 
expert eyes and expertise. In the CMT classification experiments, raw 
visual and audio information could easily distinguish the difference 
between different penetration states. 

Through the comparison of the three states, some intriguing findings 
have emerged by analyzing images of the melt pool formation. 

(1) For a groove angle of 60◦, the limited heat input is insufficient to 
penetrate the groove fully, and the melt pool will overflow onto the 
surface of the groove. Due to the surface tension, the melt pool develops 
into a protruding convex shape. Furthermore, the width of the pool is 
broader while the length appears comparatively shorter, resulting in 
under-penetration. 

(2) In contrast, for a groove angle of 120◦, the surface of the melt 
pool tends to be lower than the surface of the groove and forms a 
soothing concave shape. Accordingly, the width of the melt pool is 
narrower while the length appears longer, leading to over-penetration. 

(3) Based on the observations and classification characteristics of the 
melt pool images, there is an indirect relationship between the 
morphology of the melt pool under different groove angles and its cor
responding penetration state. Fig. 1 shows that the backside melt width 
is 0 mm for under-penetration and the backside melt width limit at 6 mm 
for over-penetration. When the backside melt width is 0–6 mm, molten 
droplets seep from the back side, forming a stable weld internally [33]. 

Meanwhile, the acoustic features during welding under complex 
groove conditions are one of the important melt pool characterizations. 
In practical experiments, the human ear discerns different welding states 
distinctly. When there is under-penetration, the arc sound is harsh with 
crackling noises. When there is full-penetration, the sound is relatively 
soft and stable. When there is over-penetration, the sound is lower with 
splattering noises. Based on the Nyquist sampling theorem, to accurately 
recover the original signal from a sampled signal without distortion, the 
sampling frequency should be greater than twice the highest frequency 
of the signal. The audible frequency range of the human ear is typically 
considered to be 20–20,000 Hz. Therefore, this study sets the sampling 
frequency of the audio signal to 51,200 Hz. The complete weld is 
transformed into a spectrogram through operations such as Fourier 
Transform. As the groove size increases, the welding state transitions 
from incomplete penetration to overpenetration. This transition is re
flected in the spectrogram by a gradual decrease in the intensity of low- 
frequency sound signals, which is apparent from Fig. 2. 

In the analysis above, preliminary differentiation of different pene
tration states could be achieved through human visual and auditory 
monitoring. However, this analysis remains limited to qualitative 

Fig. 1. Backside view of weld with melt pool image classification experiments: 
under-penetration, full-penetration, and over-penetration. 
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analysis, and quantitative analysis still requires the assistance of algo
rithms. Despite the regular classification tasks expertly identifying the 
boundaries of the three states, it falls short in addressing the intricacies 
of intelligent welding as defects have already taken place. It's necessary 
to anticipate potential defects and make the necessary adjustments to 
the parameters. With a broad range of backside melt widths at full- 
penetration, this allows the other two states to be predicted in advance. 

3. Experimental setup and data generation 

This system is designed with a vision module and sound module for a 
complementary approach, which is shown in Fig. 3. The vision module 
consists of an industrial camera and a filter. The sound module consists 
of a microphone and a data acquisition card. The two modules are 
positioned symmetrically relative to the torch to guarantee non- 
interference. The camera and microphone are mounted on the robot 
arm and move synchronously with the welding torch. Specifically, the 
camera is Basler 1920-155um with an 850 high-pass filter, the micro
phone is MPA201, and the data acquisition card is ADLink USB2405. To 
reduce the bending of the steel plate in the experiments due to its small 
size compared to the actual industrial production, custom-made clamps 
were made to hold the steel plates in place stably. 

A frame rate of 70 Hz was chosen for capturing the melt pool image 
with a size of 500 × 700, which is approximately the same period as the 
CMT. To mitigate the jittering issue caused by the follow-up equipment 
during welding, a random crop of 0–50 pixels was applied horizontally 
and vertically to the original image. Additionally, pixels were added in 
the opposite direction to maintain the integrity of the melt pool area. A 
two-step process was implemented to address the challenges posed by 

variable light intensities in complex welding environments. First, a 
sharpening operation to the image was applied, followed by a random 
brightness enhancement ranging from − 10 % to 10 %. The hue satura
tion of the image was also randomly adjusted using the same method. 
Fig. 4 illustrates the preprocessing steps applied to the melt pool image. 

The acquisition frequency is set to 51,200 Hz for acquiring sound 
signals. The frequency is set so high to retain as much information as 
possible in both high and low dimensions while ensuring that the sub
sequent Short Time Fourier Transform (STFT) requires twice the amount 
of data. Frequency analysis of sound is commonly used in various tasks. 
Frequency domain signals contain rich feature information, while sound 
spectrograms can express richer time-varying characteristics of fre
quency domain signals. Fourier transform can convert complex time and 
space signals to the frequency domain. However, its frequency domain 
characteristics are time-varying for some unstable signals, such as 
welding sound signals. At this point, the STFT is more suitable for 
obtaining the main frequency characteristics of the sound on the partial 
time period [34]. The STFT treats the non-smooth process as a super
position of a series of short-time smooth signals, and the shortness can be 
achieved by adding windows to the time. The equation for the STFT is as 
follows. 

STFT(f , k) =
∑N− 1

n=0
s(n)

[
W(n − k)e− j2πfn/N ]

(1) 

For the discrete signal s, the window function W is used to do the 
Fourier transform by sliding along the direction of s(n). For the sound 
signal acquired by our system, the window length is set to 128, the step 
size is set to 32 and STFT is used to generate several 64*64 sound 
spectrograms according to the welding time. The preprocessing process 
of the sound signal is shown in Fig. 5. 

The Wiiboox Reeyee 5 M 3D scanner can accurately capture the 
backside melt width. Once the backside 3D point cloud data is obtained, 
the weld edges are carefully marked by hand. To determine the melt 
width, the distance between the identified boundaries is calculated 
based on the direction of the weld. This data is then used to fit a distance- 
melt width curve. 

4. Network framework 

This section describes the essential components of MCRNet. The 
backbone is the soul of a network, and its design determines the model's 
performance, number of participants, and inference speed. Due to the 
abrupt increase in the amount of data, the design of neural networks 
should achieve a balance between depth and efficiency. Based on our 
preliminary research on the mainstream backbone networks, the current 
networks with better results, such as ResNet, DenseNet, Transformer, 
ConvNeXt, etc., all have a certain depth in the structure of the network 
[19,20,35,36]. That is because each layer of the neural network corre
sponds to extracting different levels of a feature. The deeper the network 

Fig. 2. Acoustic spectrum of welding with gradual groove angle.  

Fig. 3. Overview of the welding process and equipment.  
Fig. 4. Preprocessing of the melt pool image. (a) Original melt pool image. (b) 
Augmented image. (c) Steps of preprocessing. 
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is, the more information can be extracted from different levels. How
ever, a deeper network results in a longer inference time, which is un
friendly for online monitoring. Therefore, there is a need to balance time 
and accuracy with limited resources, giving a higher priority to 
accuracy. 

Regarding this, MCRNet ensures efficient melt pool feature extrac
tion within a limited depth. It combines 3D convolution, multiscale 2D 
convolution, and channel attention to reinforce the extraction and 
screening of continuous signal features. The fusion module combines 
features from different modalities. The idea of our network is to enhance 
the extraction of features with continuous correlated signals, such as 
video sequences and sound sequences. The structure of MCRNet is 
shown in Fig. 6. In the network framework, the input variables include 
video sequences and spectrograms, which are used to characterize the 
melt pool state. The video sequence input size is 3 × 256 × 256, and the 
spectrogram input size is 1 × 128 × 128. The output variable is the 
backside weld width, representing the penetration state. 

4.1. 3Dcov block 

For multi-frame images, three consecutive frames are integrated into 
separate channels, resulting in a network input of dimensions 3 × 256 ×
256. The adoption of 3D convolution is motivated by their capacity to 
capture spatiotemporal information from consecutive video frames. The 
preference for three-dimensional convolutions over their two- 
dimensional counterparts is rooted in their ability to seamlessly 

combine spatial and temporal data, thereby enhancing the model's un
derstanding of temporal sequences. 

An additional benefit of employing three-dimensional convolutions 
lies in the maintenance of feature consistency. In multi-frame images, it 
is common for adjacent frames to share similar features. The use of 
three-dimensional convolutions leverages this feature consistency, 
reducing model complexity, improving computational efficiency, and 
mitigating overfitting risks. 

Consequently, this convolutional approach contributes to enhancing 
the model's performance, enabling it to better grasp the temporal re
lationships and dynamic variations within the data. To facilitate the 
direct extraction of multi-frame image information, 3D convolution is 
introduced at the initial stage of video data processing. 

4.2. MFS module 

The Multi-Feature Screening (MFS) Module consists of a Multi- 
Feature Extraction (MFE) block and a Squeeze-and-Excitation (SE) 
block. The MFE block occupies a central and indispensable role within 
our network's framework. It encompasses five distinct branches, each 
dedicated to the extraction of diverse features. These branch outputs are 
subsequently harmonized to culminate in the ultimate network output. 
To enrich our model's capacity for capturing intricate spatial details 
along both the horizontal and vertical axes, asymmetric convolutions of 
dimensions 1 × 3 and 3 × 1 are introduced. The inclusion of these 
convolutions amplifies the diversity of extracted features. Moreover, 1 

Fig. 5. Preprocessing of the sound signal. (a) Original sound signal. (b) Sound spectrogram. (c) Steps of preprocessing.  

Fig. 6. MCRNet framework.  
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× 1 convolutions have been thoughtfully integrated to bolster the net
work's non-linear processing capabilities. 

To fortify the network against overfitting, residual connections and a 
proven regularization strategy are needed. In the absence of considering 
the activation function and batch normalization layer, the relationship 
between the network's input and output can be succinctly expressed as 
follows: 

yi = F3×3(xi, {Wi})+F1×3(xi, {Wi})+F3×1(xi, {Wi})+F1×1(xi, {Wi})+ xi

(2) 

F(x) encapsulates the network's learned transformations, where 
F(xi, {Wi}) denotes the different convolutions on xi with the corre
sponding weights Wi. This architectural configuration ensures a more 
robust and generalizable network performance while preserving the 
integrity of the input information. According to reparameterization 
[37], these multiscale convolution parameters are superimposed in the 
inference stage after transforming them into 3 × 3. 

SE block consists mainly of a global pooling layer and a Fully Con
nected (FC) layer. It adds channel attention mechanism on the basis of 
the above feature extraction and adds a weight to each feature channel 
to realize the screening of core features. 

4.3. Fusion module 

Our approach is centred on transforming multimodal data into a 
feature map of matching dimensions by utilizing linear and Batch 
Normalization (BN) layers. This transformation leverages the inherent 
characteristics of the image data as it traverses the backbone network. 
Rather than pursuing a straightforward concatenation of the data for 
fusion, our approach embraces a more intricate and thoughtful strategy. 
In our method, the 1D vectors corresponding to the two distinct features 
are converted into 2D representations through the application of vector 
multiplication. This 2D transformation facilitates a more intimate and 
cohesive interplay between the features. Intriguingly, our experimen
tation reveals that employing a shallow network to process these 
amalgamated features proves more productive than direct fusion. 
Furthermore, other research indicates that employing two successive 
linear layers yields results on par with a self-attention module [38], 
emphasizing the proficiency of our chosen strategy. 

Recognizing the common objective shared by video and sound fea
tures, both characterizing the identical penetration state, a loss function 
is designed to encourage similarity between these two modalities. This 
constraint incentivizes the alignment of expressions between the two 
sets of features, fostering a more harmonious representation of the un
derlying data. The structural layout of our fusion module is visually 
depicted in Fig. 7, illustrating the architecture's design and 
functionality. 

4.4. Similarity loss 

In our quest to foster a meaningful association among the video, 
sound, and penetration data modalities, a similarity loss function is 
introduced. Despite the inherent disparities between video and sound 
data, they possess the potential to complement each other, particularly 
given their shared capacity to express the same penetration state. Thus, 
it becomes paramount that the features derived from the video and 
sound within the same group exhibit the utmost similarity. By opti
mizing the resemblance between these two modalities, our overarching 
aim is to enhance the accuracy of target value predictions and, 
concomitantly, elevate the overall system's performance. To achieve 
this, our model is augmented with the loss term denoted as LV&S, which 
evaluates the cosine similarity between the two feature sets. 

The cosine similarity is computed as follows: 

similarity = cos(θ) =
V⋅S

‖V‖‖S‖
=

∑n
i=1Vi × Si

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(Vi)
2

√

×

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(Si)
2

√ (3)  

Here, Vi is the feature map obtained from the melt pool video, and Si is 
the feature map obtained from the sound spectrograms. The loss term 
LV&S is defined as: 

LV&S = 1 −
cos− 1(similarity)

π (4) 

The direction of the feature vectors conveys the decision tendencies 
of their respective classes, with closely aligned vector angles indicating 
harmonious decisions. Euclidean distance is not used in this part because 
the information of different modalities has different degrees of influence 
on the decision. The difference between multimodal is reflected in the 
length of the vectors. In order not to miss this part of the information, a 
relative difference like cosine similarity is therefore used as the metric. 

For the regression task, MSE is employed to enforce constraint, 
expressed as: 

LMSE =
1
n

∑n

i=1
[yi − ŷi]

2 (5)  

where yi is the network prediction result, and ŷi is the true value. The 
total loss function can be expressed as follows: 

LRelative = λ1LV&S + λ2LMSE (6) 

Here, λ1 and λ2 are hyper-parameters that balance the two parts of 
the loss. LRelative is the final loss function. The process of hyperparameter 
tuning yielded the values for λ1 and λ2, which were established as 10 and 
1, respectively. These parameter settings are finely tuned to optimize the 
model's performance in the context of the MCRNet architecture. 

5. Results and discussion 

This paper focused on using 304 stainless steel as the base material, 
with austenitic stainless steel (Cr19Ni9) used for the welding wire. The 
welding power source was the Fronius CMT advanced 4000R. As a 
Directed Energy Deposition (DED) process, wire arc additive 
manufacturing (WAAM) has become an increasingly popular and viable 
alternative method for producing large metal parts, showcasing its 
impressive capabilities and versatility. 

Data were collected from 20 welds in a full-penetration state in the 
first stage. A total of 27,342 sets of video, sound, and backside melt 
width data were gathered to train the model. The melt pool images, 
sound spectrograms, and backside melt width are manually aligned 
based on the arc start and rest times concerning their respective posi
tions. Our observations indicate that each set of melt pool images and 
sound spectrograms theoretically correspond to the penetration position 

Fig. 7. Fusion module structure.  
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at the exact time they were recorded. The total welding distance for a 
single weld is 12 cm. The first and last 1 cm of each weld's data is dis
carded to eliminate instability during the arc start and rest stages. 

A rigorous validation strategy was employed to ensure the robustness 
and generalizability of the model. Data from the collected welds were 
intentionally perturbed to simulate real-world variabilities and com
plexities. Subsequently, a stratified sampling approach was adopted, 
allocating 90 % of the data to the training set and reserving 10 % for the 
test set. This distribution was meticulously designed to prevent any 
overlap between the training and test sets, thereby ensuring the validity 
and reliability of the model's performance evaluation. 

Subsequently, the trained MCRNet was applied to monitor online 
data from three additional welds and served as a validation set. These 
welds were also included in ablation studies and comparative experi
ments to assess the model's effectiveness further. The details of the 
training and experimental dataset are outlined in Table 1. 

The groove angle variation range is 60◦-120◦ (Fig. 8). Note that our 
data acquisition is continuous during online monitoring, so it is possible 
to go back and retrieve the first few frames of images. The data rela
tionship is shown in Fig. 9, which takes the weld cross-section at the 
torch's position during welding to illustrate the data. Each video input 
consists of the target image at the given time, along with the two pre
ceding frames. The sound input includes a 64 × 64 spectrogram from 
2144 sound sequences recorded within the previous period of approxi
mately 2–3 CMT pulse periods. The integration prediction process is all 
based on the current torch position, and there is an overlap of data used 
in the backtracking process. That reflects the fact that penetration is a 
cumulative process. 

The MCRNet is implemented using the PyTorch framework and 
trained with a batch size of 32. To optimize the network's performance, 
the AdamW optimizer is employed, configured with a momentum 
parameter of 0.99 and a weight decay value of 0.01. A cosine annealing 
strategy is used, which is a significant improvement compared to the 
common gradient learning rate strategy. All models are trained on an 
NVIDIA TITAN RTX GPU and trained with 100 epochs. 

The predicted and actual melt widths of the three experimental welds 
were compared using Mean Absolute Error (MAE) and MSE as com
parators. Fig. 10 shows the error comparison between the actual and 
predicted values for the three verification welds in the full penetration 
process, which is divided into upper and lower parts. The upper section 
presents a direct comparison between predicted and actual backside 
weld width values, while the lower section displays the absolute error 
for each data set. The errors were calculated for the three beads: the 
MAE reached 0.2538 mm, and the MSE reached 0.1190 mm. An MSE of 
0.12 mm is roughly 2 % (0.12 mm divided by 6 mm) of the typical 
backside melt width. 

5.1. Ablation experiments 

In this research, ablation experiments were conducted to assess the 
effectiveness of certain improvements made to the network architecture. 
These improvements include the implementation of the 3Dcov block, the 
MFE (Multi-Feature Extraction) block, and the SE (Squeeze-and-Exci
tation) block. The purpose of these experiments was to determine the 
individual contributions of these components to the overall performance 
of the network. 

The process involved modifying or removing these specific blocks 
from the network and observing the changes in performance. This 
method allows for an empirical evaluation of each component's utility. 

The 3Dcov block is intended for improved spatiotemporal feature 
extraction, the MFE block for enhanced feature aggregation, and the SE 
block for efficient feature recalibration. The results of these experiments 
are presented in Table 2. 

Table 2 provides a critical insight into the functional significance of 
the well-designed modules within the MCRNet architecture. The results 
show that MCRNet can predict the backside melt width using either 
video or audio data independently. However, a significant enhancement 
in predictive accuracy was observed when the network utilized multi
modal information, integrating both video and audio data. This increase 
in accuracy with multimodal inputs aligns with the overarching design 
philosophy of MCRNet, which emphasizes the synergistic potential of 
multi-feature analysis. The integration of diverse data types allows for a 
more comprehensive understanding of the welding process, leading to 
more accurate predictions. 

A notable observation from the data is the pronounced impact 
resulting from the omission of the multi-feature screening module, 
which comprises the MFE and SE blocks. This module is identified as the 
cornerstone of the MCRNet, playing a pivotal role in its performance. In 
its absence, the network's operation is reduced to the capabilities of a 
standard 3 × 3 convolution, leading to a marked decrease in perfor
mance. Specifically, the MSE for multimodal input in such a scenario 
was observed to be inferior to that of a ResNet-34 model in subsequent 
experiments. Additionally, these experiments afforded the opportunity 
to evaluate the influence of different loss functions on the results, 
providing a comprehensive understanding of their impact on model 
performance. 

Furthermore, the MSE metric, compared to the MAE, is more indic
ative of the model's robustness. Consequently, MSE was primarily uti
lized for analysis in the subsequent experiments. 

The research also addressed the critical requirement of online 
monitoring, which imposes specific timing constraints on the model. In 
this context, the reparameterization mechanism within the MFE block 
assumes a significant role. It was found to expedite the inference time of 
MCRNet with multimodal inputs by 40 %, as evidenced in Table 3. This 
enhancement not only contributes to the efficiency of the model but also 
underscores the thoughtful and effective design of MCRNet. Such opti
mizations are instrumental in establishing the network's superiority in 
terms of both accuracy and real-time performance. 

5.2. Comparison experiments 

Experiments validate the rationale and superiority of the neural 
network proposed by comparing it with mainstream methods. As the 
novel approach suggested in this paper incorporates the fusion of video 
and sound on the melt pool time series, no existing work is available for 
direct comparison. In our comparison experiments, the performance of 
single images, video frames, and sound spectrograms was evaluated 
using state-of-the-art models, including ResNet, DenseNet, Swin Trans
former, and ConvNeXt. Additionally, the fusion results of both modal
ities were also compared. The results of these comparative experiments 
are documented in Table 4. For clarity, the input dimensions for the 
video, image, and sound data were standardized to 3 × 256 × 256, 1 ×

Table 1 
Dataset.  

Type Training set Test set Validation set 

Images 24,606  2736  3768 
Sound 24,606  2736  3768  

Fig. 8. Schematic diagram of complex groove welding penetration.  
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256 × 256, and 1 × 128 × 128 respectively. All networks employed in 
these experiments were configured to use the Mean Squared Error (LMSE) 
loss function. The metrics compared include MSE, inference time, Par
ams, and FLOPs. 

5.2.1. Neural network model performance 
Our experiments compared the MSE and inference time of several 

mainstream networks on the validation set in Fig. 11. This investigation 
revealed notable disparities in MSE, particularly when processing solely 

video or image inputs. ResNet-34, Swin-T, and ConvNeXt-T demon
strated diminished proficiency in minimizing MSE. In contrast, 
DenseNet-121 exhibited relatively enhanced performance, albeit with a 
26 % shortfall in efficiency compared to our proposed MCRNet. 

The MCRNet architecture, distinctively incorporating a 3D extrac
tion module, excels in handling multi-frame images, especially within 

Fig. 9. Raw data of groove welding penetration.  

Fig. 10. Results of validation experiments.  

Table 2 
Ablation experiment results.a  

Network MAE (mm) MSE (mm) 

MCRNet 0.2538 0.1190 
MCRNet-Video only 0.2833 0.1555 
MCRNet-Sound only 0.2893 0.1796 
Without LV&S 0.2754 0.1314 
Without 3Dcov block 0.2876 0.1514 
Without MFE block 0.3565 0.2041 
Without SE block 0.2984 0.1833  

a In the table, bolded results indicate data obtained using the network model 
proposed in this paper. 

Table 3 
Ablation experiment results (time).a  

Network Time (ms) 

MCRNet  17.4 
MCRNet- without reparameterization  24.3  

a In the table, bolded results indicate data obtained using the network 
model proposed in this paper. 

Table 4 
Comparison experiment results.a  

Network Input source MSE 
(mm) 

Time 
(ms) 

Params 
(M) 

FLOPs(M) 

MCRNet Video +
Sound  

0.1190  17.4  99.27  6242.71 

MCRNet Video  0.1555  9.9  13.19  4439.43 
CNN-LSTM Video  0.2088  50.2  22.50  14,416.24 
ResNet-34 Video  0.2278  11.4  21.80  4804.73 
DenseNet- 

121 
Video  0.1970  20.2  43.82  3819.37 

Swin-T Video  0.2642  25.2  5.45  1261.19 
ConvNeXt-T Video  0.3626  9.5  27.80  5818.47 
ResNet-34 Image  0.2556  11.4  21.80  4701.97 
DenseNet- 

121 Image  0.1810  20.2  43.81  3716.61 

Swin-T Image  0.2695  25.2  5.45  1257.00 
ConvNeXt-T Image  0.3857  9.5  27.80  5805.89 
MCRNet Sound  0.1796  9.6  13.19  1053.48 
ResNet-34 Sound  0.1942  11.1  23.96  4530.78 
DenseNet- 

121 
Sound  0.1893  20.0  11.05  924.03 

Swin-T Sound  0.2025  23.8  5.45  314.18 
ConvNeXt-T Sound  0.2286  9.2  27.80  1451.47  

a In the table, bolded results indicate data obtained using the network model 
proposed in this paper. 
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sequence signal inputs. Notably, CNN-LSTM [26] is a baseline method 
for multi-frame video processing. Resnet-34 was used as the CNN part of 
CNN-LSTM, and it found that it did improve the results, but only to a 
limited extent. Instead, due to the Long Short-Term Memory (LSTM) 
algorithm looping multiple times based on the number of frames, the 
time consumption reached 50 ms, which is not the ideal time 
consumption. 

When considering sound input alone, the sound spectrogram, similar 
to a single image, yielded more stable results across the networks. 
However, MCRNet still demonstrated a minimum 5 % improvement due 
to its network design that considers sound continuity. 

Regarding inference time, MCRNet, ResNet-34, and ConvNeXt-T 
exhibited approximately half the processing time compared to 
DenseNet-121 and Swin-T. Notably, the inference time was independent 
of the input image channel. The inference time for multi-channel inputs 
is the same as that for single-channel inputs. This is also why CNN is 
more suitable than LSTM for online monitoring. 

5.2.2. Structural and computational complexity 
In the realm of computational efficiency and network architecture 

complexity, our research offers an in-depth comparison of Parameters 
(Params) and Floating Point Operations (FLOPs) across various neural 
network models. The Params metric quantitatively represents the total 
number of trainable parameters within a model, serving as an indicator 
of both the model's size and its inherent complexity. FLOPs, on the other 
hand, provide a measure for evaluating the computational complexity 
and efficiency of models. Typically, models with lower FLOPs are 
associated with reduced computational demands and heightened oper
ational efficiency. 

Our empirical investigations revealed that the Params are predomi
nantly influenced by the complexity inherent to the linear layers of the 
network. A noteworthy observation was that the addition of an extra 
linear layer could potentially result in a doubling of the Params, while 
the corresponding impact on FLOPs remained marginal. This delineates 
a crucial aspect of network design, where layer complexity significantly 
alters the model's parameter count without substantially influencing its 
computational load. Conversely, the FLOPs metric is substantially 
affected by the size of the input images. It is imperative to note that, 
although FLOPs are a critical factor in assessing computational 
complexity, they do not exhibit a direct correlation with the inference 
time. However, they are instrumental in facilitating comparative as
sessments of performance across diverse network models. 

Referring to Table 4 in our study, when utilizing a single modality 
input, the MCRNet maintains a low Params profile, with FLOPs slightly 
inferior to those of the ResNet-34 model. This efficiency is attributed to 

our innovative multimodal feature extraction module, which horizon
tally processes information across different feature layers. This approach 
effectively reduces the overall depth of the network while simulta
neously enhancing data processing capabilities. 

In scenarios involving dual modality inputs, the integration of our 
fusion module results in a significant escalation in Params. However, 
this increase is meticulously counterbalanced by a well-regulated 
growth in FLOPs. The substantial rise in Params primarily stems from 
the computational demands of the numerous linear layers, which, 
despite their complexity, have a relatively modest impact on the overall 
computational load. In contrast, the front-end convolutional computa
tions, which form the more time-intensive segment of the network, are 
designed for optimal efficiency. 

In terms of overall complexity, our model exhibits a parallelism with 
mainstream deep learning models in size. The strategic incorporation of 
the reparameterization concept within our network architecture sub
stantially diminishes computational time, thereby enhancing the net
work's suitability for real-time monitoring applications. This design 
philosophy ensures that while the network remains robust and capable 
of handling complex data inputs, it does so with an efficiency that aligns 
with the operational demands of online monitoring systems. 

In summary, MCRNet is specifically designed to address the online 
detection of melt pools. Therefore, the network does not prioritize depth 
but focuses on extracting rich features within a limited depth. This 
approach allows for high prediction accuracy and low time consump
tion. With dual inputs, MCRNet achieves an inference time of 17.4 ms 
(equivalent to 57 FPS), which is sufficient for online monitoring. Addi
tionally, it demonstrates at least an 18 % improvement in MSE compared 
to a single input and at least a 44 % improvement when compared to 
other deep learning networks. 

6. Conclusion 

This paper introduces a novel network called MCRNet, which aims to 
enhance the characteristics of multimodal continuous signals for effec
tive online penetration prediction in robotic welding. The key contri
butions of this research can be summarized as follows.  

(1) A deep CNN network based on multimodal continuous signals is 
presented, and the model effectively combines video frames and 
sound signals to improve the accuracy of regression results. A 
fusion module is introduced, which reconstructs and integrates 
the information from both modalities, ensuring a seamless fusion. 
Additionally, the similarity loss function constrains the learned 
representations to enhance the multimodal features further. 

Fig. 11. MCRNet vs. other network of comparison experiments.  
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(2) This paper delves into a new feature extraction backbone 
designed to extract richer features within a limited depth. To 
accomplish this, a multi-feature screening module effectively 
captures informative features. By leveraging this module, 
MCRNet achieves high prediction accuracy while maintaining 
low time consumption. Additionally, a 3Dconv module enhances 
the feature extraction process for video sequences, further 
improving the network's performance.  

(3) The experimental results demonstrate that the proposed network 
exhibits exceptional efficiency and is well-suited for intelligent 
industrial assembly line production deployment. Our model 
achieves an MSE of 0.1190 mm on the validation set, showcasing 
its accuracy in real-time penetration prediction. Furthermore, the 
network operates at an inference speed of 57 frames per second 
(FPS), ensuring timely and accurate predictions in a production 
environment. 

This work demonstrates an example of multimodal information 
fusion using the tool of deep learning rationally and advances the level 
of penetration monitoring. Our approach is to use deep learning to guide 
automated applications to reduce errors that can be applied to various 
manufacturing processes. With enough data and expert knowledge, it 
can enable automatic corrections that outperform human operators. 

This can be extended to monitor various indicators of melt pool 
condition, while monitoring information can be extended to tempera
ture, stress, spectrum, 3D point cloud, etc. However, the inclusion of 
these multimodal information needs to be carefully considered. One 
aspect is the difficulty and stability of obtaining them, while another 
aspect is whether they can truly reflect the penetration state. In today's 
rapidly evolving hardware and software advancements, the inclusion of 
more relevant welding information and faster computational speeds can 
make intelligent welding a possibility. 
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