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Abstract

Objectives: This study enhances resistance spot welding (RSW) quality
inspection by proposing an automated method to predict weld quality,
minimizing reliance on manual evaluation. Methods: A Hybrid CNN-LSTM with
Attention Network (HCLAN) was developed, leveraging heat trace (HT) images
of the weld surface for quality forecasting. Experiments used advanced high-
strength steel (AHSS, 980 MPa) and uncoated cold-rolled (CR) steel, measuring
tensile shear strength (TSS), weld fracture mode, nugget diameter, and
ejection occurrence. Findings: The HCLAN model achieved a nugget diameter
prediction error of 2.8% and TSS prediction error of 2.3%. For weld fracture
mode and expulsion detection, it achieved 100% classification accuracy.
Novelty: The integration of CNN, LSTM, and attention mechanisms in HCLAN
demonstrates a novel approach to automating weld quality assessment. This
method significantly reduces inspection errors and enhances efficiency in
industrial welding processes.

Keywords: Resistance spot welding; Tensile shear strength; Nugget size;
Surface appearance image; Weld quality; CNN-LSTM

1 Introduction

Resistance spot welding (RSW) is one of the most widely adopted joining techniques for
sheet metal components, particularly in the automotive industry, due to its exceptional
strength-ductility combinations and cost efficiency. Advanced high-strength steels
(AHSSs) are extensively used in structural components of modern automobiles, where
RSW plays a critical role. This welding method is also versatile, finding applications
in diverse industries such as automotive manufacturing, electrical equipment, rail cars,
precision instruments, and aerospace!~”). Its benefits include high efficiency, ease of
use, low operational costs, and minimal noise. However, achieving consistent welding
quality in practical applications remains a significant challenge. Even with standardized
process parameters, several complex and interacting factors, such as material properties,
equipment conditions, and process variations, lead to fluctuations in weld quality. These
inconsistencies can compromise structural integrity and performance, highlighting the
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critical need for effective quality evaluation methods.

Various techniques have been explored to assess and control weld quality, including destructive and nondestructive testing.
Destructive testing methods, such as tensile shear and peel tests, are widely used due to their reliability in identifying weld defects
such as ejection and undersized welds ®). However, these methods are limited in their practicality for large-scale production due
to their high costs, inefficiency, and inability to diagnose faults in real time . On the other hand, nondestructive testing (NDT)
methods, which leverage diverse process features, have shown promise in addressing these limitations by offering efficient and
real-time quality assessment. Despite their potential, the efficacy of NDT methods is not universally established across varying
manufacturing conditions, leaving a research gap in optimizing and validating these techniques. This study aims to address
these gaps by proposing an innovative approach to improve the evaluation and control of weld quality in RSW. Specifically, the
proposed method combines advanced nondestructive testing techniques with data-driven insights to overcome the limitations
of existing practices. The advantages of the proposed method, such as improved real-time fault detection, cost-effectiveness,
and scalability for industrial applications, will be demonstrated and compared against existing approaches. Through systematic
experimentation and validation, this research seeks to establish a robust framework for enhancing weld quality assurance,
ultimately contributing to the advancement of RSW processes in industrial settings.

Numerous studies have been done on the subject of nugget size and appearance since they are major factors in determining
the mechanical assets of an RSW welding spot. Ao et al.'”) measured the remaining pressure of the RSW joint using
a unique X-ray diffraction technique. The compressing pressure and the electrode force are the primary factors causing
deformation, according to Liu et al’s'") investigation of the RSW distortion parameters using finite element analysis. Liquid
metal embrittlement (LME) in RSW was investigated by Ma et al.!?) in order to determine the variables influencing weld
fracture. In order to investigate the connection among dynamic resistance and welding quality, Zhao et al. 1®) collected features
from the active RSW signals and developed a scientific model. The findings indicated that the current is the most important
element. In order to overcome the issue of composite products poor welding performance. Burca et al’s ') investigation looked
at how process variables affected RSW indentation depth. It is evident that signals and process factors were primarily used
in nugget quality research studies to quantify the mechanical characteristics of RSW. Nevertheless, the appropriate research
on appearance quality cannot be conducted effectively using RSW appearance image data. Because an RSW welding spot’s
appearance quality primarily reflects issues with the welding process, there isn't a lot of research on the subject because of
its characteristics, which include high randomness, irregularities, and appearance categories. Since faulty appearances are
frequently associated with welding locations with poor mechanical qualities, some nugget defects can be identified early on
using appearance detection. However, at the moment, the body-in-white’s RSW appearance quality is primarily determined by
manual examination. As a result, there is an urgent need for an effective automated recognition approach to enable real-time
inspection and feedback.

One effective nondestructive verifying technique for quality checks has been visual examination. A vision method, which
essentially comprises of cameras and a computer with specialized image-processing application, can automate this procedure.
Ye et al. ') created a vision scheme that uses a neural network that has been trained to abstract fifteen attributes from welding
photos and identify weld flaws. In order to classify the spot welding, a pre-trained model was used by Yang et al. 19 to extract
properties from weld spot pictures. Artificial neural networks (ANN) were the image processing technique employed by Bacioiu
et al.(!”) to assess tungsten inactive gas joining using a high active range camera. In order to create a smart diffusion monitoring
system for gas tungsten arc welding, Chen et al. 1® combined the supervised machine learning approach with the visual feature
abstraction technique, and Nomura et al. ') used a deep learning methodology to predict the weld depth. A novel online flaw
detection method for aluminum mixture in machinelike arc fusing, based on the Convolutional Neural Network (CNN) model,
was presented by Zhang et al. ®*). Wang et al. @) used a CNN model to predict the back-side bead width from top-side pictures,
demonstrating the application of deep learning in the industrial setting through a case study of welding quality prediction.
CNN-based techniques investigate the nugget surface’s spatial properties for quality prediction, but they do not completely take
use of the temporal variations. LSTM is able to capture temporal dependencies and patterns over several frames/images shown
in Table 1. Therefore, this proposed work used HCLAN for quality prediction of RSW.

Table 1. Summary of Key Approaches and Limitations in Welding Research

Author Methodology Focus Limitation
Ao et al.(T0 Cosa method based on Debye-ring  Measured residual stress distribution Limited to measuring residual
X-ray diffraction in RSW stainless steel O0Cr18Ni9 stress distribution; doesn’t address
nuggets. process optimization or quality

improvement directly.

Continued on next page
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Table 1 continued

Liu et al. (1D

Ma et al. (12)

Zhao et al.(13)

Burca et al. 19

Ye et al. (1%

Yang et al. 19)

Bacioiu et al. 17)

Chen et al. 18

Nomura et al. (19

Zhang et al. ??

Wang et al. @V

Direct finite element analysis with
reverse geometric modeling

Combined experimental and com-
putational approach with artificial
pre-cracks

Stepwise regression with dynamic
resistance signals

Geometrical analysis of weld
nuggets
Neural  network-based  vision

inspection

Transfer learning with GoogLeNet
and MLP

HDR camera with ANN for TIG
welding defect assessment

Pattern-based feature extraction
with supervised ML (Random
Forests)
CNN for quality prediction in
GMAW

Deep learning (CNN) for robotic
arc welding

Tutorial on deep learning in manu-
facturing

Investigated residual deformations in
continuous spot welding and the influ-
ence of factors like clamping pressure
and welding sequence.

Studied LME cracks and their effects
on tensile-shear strength in zinc-
coated UHSS welds.

Developed a model to predict welding
quality based on dynamic resistance
features.

Analyzed the effect of welding
parameters on nugget geometry in
Nimonic80A alloy.

Classified welding defects in electronic
components using image features with
a neural network.

Classified spot-welding products using
solder joint images with high accuracy.

Proposed a system for detecting TIG
welding defects using HDR imaging
and ANN.

Monitored welding penetration in
pulsed GTAW using visual features.

Predicted penetration depth and burn-
through in GMAW using surface mon-
itoring images.

On-line detection of weld penetration
defects with CNN-based weld image
analysis.

Overview and case study of deep learn-
ing applications in welding, emphasiz-
ing CNN and RNN.

Nonlinear interactions among
parameters reduce the impact
of individual optimizations, and
results might not generalize to
different geometries.

Focused on pre-crack characteris-
tics but lacks real-world verifica-
tion on natural LME cracks.
Limited to static conditions and
does not incorporate real-time
adjustments or other welding
types.

Focused only on geometric fac-
tors, neglecting other quality or
mechanical properties.

Limited generalizability across dif-
ferent types of welding and prod-
ucts.

General performance across differ-
ent products and varying condi-
tions remains challenging.

Limited to TIG welding and does
not address other defect types or
welding techniques.

Vulnerable to visual disturbances
like spattering and arc intensity
changes.

Requires specific sample shapes
and conditions; generalization to
other setups is uncertain.
Robustness tested under augmen-
tation, but environmental instabil-
ity could still pose challenges.
Introductory in nature; lacks
deeper exploration of practical
industrial implementation.

2 Methodology

The material utilized were CR steel sheets with an elongation of 15% and a tensile strength of 980 MPa. The material hasa 1.2
mm thickness. According to ISO 10447:2015 requirements, the test specimen was created. The specimen utilized measured 100
mm in length and 55 mm in width, with a 30 mm overlap, as illustrated in Figure 1. Table 2 displays the material’s chemical
makeup and mechanical characteristics.

<

100 mm

<

30 mm I

100 mm

1.2 mm |

55 mm

Fig 1. Geometry of welding specimen
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Table 2. Chemical and mechanical properties of CR steel

Steel Chemical composition (wt.%) Mechanical properties
Uncoated C Si Elongation Yield Strength  Ultimate Ten-  Elongation (%)  Yield
cold-rolled (%) (Mpa) sile Strength Strength
(Mpa) (Mpa)
0.20 1.59 2.40 Bal. 980 15 500

Out of 10 welded specimens, five were utilized for TSS measurement and the remaining five for nugget diameter
measurement. Three levels of weld current (WC) are 6, 8, and 10 kA were set. Additionally, three degrees of weld time (WT)
are 10, 15 and 20 ms were specified. A fixed electrode force of 0.5 Mpa was used.

A theoretical model of the weld’s surface appear is shown in Figure 2. The illumination was focused at 30° angle from vertical
and was placed 2 meters away from the weld surface. The light had a white color and 1600 lumens of light are present. The
vertical distance measured between the camera and the weld surface was 120 mm. The captured image had 128 x 128 pixels.
The captured image was originally in color, but for this investigation, it was transformed to grayscale and utilized as input data
for a quality prediction video. Every pixel in the converted grayscale image had its data values adjusted to fall between 0 and 1,
with 0 serving as the minimum and 1 as the maximum values.

Y
§
-
7
/A
S
30°
= 2m

120 mm

Fig 2. Condition of image data capture

2.1 HCLAN for Forecast Weld Quality

This proposed work introduced a novel “Hybrid CNN-LSTM with Attention Network” to efficiently predict the quality of
the RSW. For quality prediction, this work utilized binary convolutional layers having 16 and 32 filters, respectively. The
convolutional layers have a kernel size of 1 and an activation function of ELU. Next, this work built up two stacked LSTM
layers with a dropout of 0.2 for another LSTM-layer and 24 neurons for each layer. It is important to note that every LSTM-
layer uses ELU as the activation function. A dropout layer with a dropout rate of 0.2 is added after the stacked LSTM layers.
Overfitting of the model is prevented by the dropout layer. All of the collected features eventually pass through the attention
layer. The two convolution layers’ filters for the quality prediction are 32 and 64, correspondingly.

2.1.1 Convolution Neural Network
The one-dimensional convolutional-layer] receives the given data after passing across the input-layer. The kernel only advances
in the path of time in this instance. The Convolution-layer1 receives the input Y = {y;, y,, ...y }; hence, we have

L=ELU(VOY +b) 1)

where b stands for the bias vector, V' is a weight array, © indicates the convolution operation, and L is the result of the Ith filter.
ELU is the activation function. The outputs of the convolution process are obtained by the first Convolution-layer1 by repeating
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it, and they are subsequently fed into the second Convolution-layer2.

2.1.2 LSTM layers

The outcomes of the convolutional layers are received by the LTSM-layer. Three gates are present: an input gate, a forget gate
and output gate. There is also a cell state. The disappearing gradient issue and the explosion gradient issue that an RNN faces
are resolved by the LSTM due to its distinct cell state and three gates. The input gate picks what type of data is kept in the cell
state after the forget gate chooses which information to discard in the first phase. The following are the equations:

gy = 0(Vy[hy 1.9, +by) (2)
Jt :0(‘/}'[ht717y;]+bj) (3)
C,= ELU(VC-[ht71ay;]+bc) (4)

where 3, indicates the layer’s input at time t, V, represents the weight array of the consistent gate, h, ; indicates the hidden
state of t — 1, b, indicates the bias of tierce gates, j, is the input gate, and C, is a candidate value. Additionally, g, marks the
forget gate. The input gate j, and C, can be utilized to determine how the cell state is treated at time t. Subsequently, j, is

necessary to update the current cell state C';, as it may choose to input data from C, and forget information from C,_; . Lastly,
the present output is obtained by the output gate out ,,,; -

Co=9,%C_1 +7, %C, (5)
OUtput = G(Vout'[ht—lvgt] + bout) (6)
hy = out,,,; * ELU(ét) ™)

2.1.3 Attention-Layer

Next, the weighted LSTM layers have extracted the long-term dependencies from the features, and the attention layer will use
their output as its input. The additional attention layer automatically learns the significance of each concealed state. A weighted
summation is a straightforward interpretation of the attention mechanism. The softmax function is then used to make sure
that the total of all weights equals one after first determining how important the input attributes are. To obtain the output,
the weights and the input features are increased in accordance with one another before being added together. The following
equations are pertinent:

m__cxp(ef”)
¢ Ziil €Z‘p(€t) ( )
ey =wlo(Ve. [hy_1,9;| +Uchyibe) 9)
pP=Y"alh, (10)

Wherew,,b, € RT,V, € RT**,and U, € R*** are attributes that essential to be learned; k is the number of neurons; a™ is
the attention weights of the m*" input at time t ; €™ denotes the status of the h,; and P, is the output of attention layer gained
by a weighted summary of all hidden states.

The CNN layers are first used to obtain the local features after the data has been fed into the model. Second, the first LSTM
layer logs long-term dependencies between variables after receiving the CNN layers’ outputs. Thirdly, all hidden states from
each LSTM layer are fed into the attention layer, which has the ability to assess the relative importance of these hidden layer
states. The result is ultimately determined by a weighted total.

https://www.indjst.org/ 4812
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Fig 3. Hybrid CNN-LSTM with Attention layer

3 Results and discussion

3.1 Preparation of training data

In summary, the entire range of welding circumstances, as well as camera and illumination variations, yields a data set of 1080
images, which is still quite small for convolutional neural network training. In this work, the data augmentation technique
was used to modify the spot-welding photos. The image was first rotated clockwise for 90, 180, and 270 degrees after being
horizontally flipped. From one original photograph, a total of eight images were produced. By using this method, there are 8640
more photos in the collection. Figure 4 illustrates several examples of the visuals produced by flipping and rotating photos.

Origin | Rotate 90" | Rotate 180° | Rotate 270°

Hor. Flip + Hor. Flip + Hor. Flip + Horizontal

Rot.270° Rot.180° Rot.90° Flip

Fig 4. Data augmentation with the horizontal flip and rotation
Neural network learning is the process of using the training dataset to determine the ideal weight and bias values. In order

to determine the attributes (bias and weights values) with the lowest error values among the calculated and actual outcomes,
repeated learning was carried out utilizing the error calculation, as indicated by Equation (11).

1
CE:§Z(xa—ta)2 (11)
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3.2 Outcome of Welding Tests for Surface Heat Trace

The HT images of the weld surface below various welding settings are shown in Figure 5. It has been discovered that the heat
markings on the specimen’s surface increase with the amount of time and current the welds have. A rise in the TSS and nugget

diameter is shown by the dilatation of the heat trace.

Cold Rolled Time (Cycle) Current (kA)
k|
= .
‘_sﬁ,-,—;.g- : 15 10
20

Fig 5. Images of reference welding parts for every parameter

Table 3. Spot weld-ability results for every parameter

Welding condition

Measured outcome

Predicted outcome

Material Current Time Tensile  Nugget  Fracture Expulsion Tensile  Nugget Fracture Expulsion
(kA) (ms) shear size mode shear size mode

strength (mm) strength (mm)

(kN) (kN)
1 CR 6 10 53 2.6 0 0 53 2.6 0 0
2 CR 6 10 5.7 2.5 0 0 5.7 2.5 0 0
3 CR 6 10 5.4 2.5 0 0 5.4 2.5 0 0
4 CR 6 10 5.8 2.4 0 0 5.8 2.4 0 0
5 CR 6 10 55 2.5 0 0 5.5 2.5 0 0
6 CR 6 15 5.8 2.8 0 0 5.8 2.8 0 0
7 CR 6 15 6.1 2.6 0 0 6.1 2.6 0 0
8 CR 6 15 6.6 2.5 0 0 6.6 2.5 0 0
9 CR 6 15 6 2.5 0 0 6 2.5 0 0
10 CR 6 15 6 2.6 0 0 6 2.6 0 0
11 CR 8 20 6 2.9 0 0 6 2.9 0 0
12 CR 8 20 5.8 2.9 0 0 5.8 2.9 0 0
13 CR 8 20 6.4 3 0 0 6.4 3 0 0
14 CR 8 20 6.7 3 0 0 6.7 3 0 0
15 CR 8 20 6.6 3 0 0 6.6 3 0 0

Continued on next page

https://www.indjst.org/

4814


https://www.indjst.org/

Rajasekar & Guru Sami / Indian Journal of Science and Technology 2024;17(46):4808-4818

Table 3 continued

16 CR 8 10 12.1 4 0 0 12.1 4 0 0
17 CR 8 10 12.9 3.8 0 0 12.9 3.8 0 0
18 CR 8 10 12.3 3.7 0 0 12.3 3.7 0 0
19 CR 8 10 12.5 3.7 0 0 12.5 3.7 0 0
20 CR 8 10 12.8 4 0 0 12.8 4 0 0
21 CR 10 15 12.6 4 0 0 12.6 4 0 0
22 CR 10 15 12.8 4.1 0 0 12.8 4.1 0 0
23 CR 10 15 13 4.2 0 0 13 4.2 0 0
24 CR 10 15 12.9 4.3 0 0 12.9 4.3 0 0
25 CR 10 15 12.7 4 0 0 12.7 4 0 0
26 CR 10 20 12.5 4.2 0 0 12.5 4.2 0 0
27 CR 10 20 13.2 4.4 0 0 13.2 4.4 0 0
28 CR 10 20 13.1 44 0 0 13.1 4.4 0 0
29 CR 10 20 12.8 4.3 0 0 12.8 4.3 0 0
30 CR 10 20 12.5 4.4 0 0 12.5 4.4 0 0

3.3 Comparison of expected values based on welding conditions and welding quality outcomes

Table 3 displayed thereal measured values and the hybrid CNN-LSTM with AN projected value for the TSSs, fracture shapes,
nugget dimensions, and ejection appearance under every welding circumstances. The interfacial fracture was designated as 0 in
the fracture mode, and the button fracture as 1. Regardless of the welding period, the expulsion of the CR steel sheet happened
at a welding current of 10 kA. The nugget diameter increased to 4.4 mm, and the TSS displayed a maximum of 12.5 kN.

3.4 Learning using hybrid CNN-LSTM with AN

From Table 3, the TSSs utilized in the learning process had a 98.5% prediction accuracy and a 0.9895 coefficient of
determination. And also, the coeflicient of determination for the nugget diameters utilized in the learning method was 0.9787,
and the prediction accuracy was 97.8%. The value 0 in the fracture mode prediction denotes an interfacial fracture, while value
1 denotes a button fracture. In terms of the forecast of expulsion incidence, 0 denotes no expulsion occurrence and 1 denotes
an expulsion event. Consequently, under all welding settings, the forecast accuracy of the fracture shape and the expulsion rate
were 100%.

3.5 Validation of proposed predictive models

Four welding circumstances in total were chosen, and the confirmation testing was carried out 5 times under equal conditions.
With the exception of the welding settings used for the learning, welding current and welding time were chosen for these four
verification test conditions. The welding conditions involved 980 MPa-grade CR steel, with WC of 6 kA and 8 kA, WT of 10
ms and 15 ms, and an electrode force of 0.5 MPa. Table 4 displays the results that were measured and anticipated using the
proposed model that was created throughout the learning phase in each of the 10 verification situations. The largest inaccuracy
of the nuget diameter was 0.5 mm, and the highest prediction error for TSS was 1 kN. In every verification test, the fracture
shape and expulsion amount were accurately predicted.

Table 4. Confirmation test results

No. Welding condition Measured outcomes Predicted outcomes
°  Material Current  Time Tensile Nugget  Fracture  Expulsion Tensile = Nugget Fracture Expulsion
(kA) (ms) shear size mode shear size mode
strength (mm) strength  (mm)
(kN) (kN)
1 CR 6 10 53 2.6 0 0 5.7 2.3 0 0
2 CR 6 10 5.7 2.5 0 0 59 2.2 0 0
3 CR 6 10 54 2.5 0 0 4.2 2.8 0 0
4 CR 6 10 5.8 2.4 0 0 5.1 2.0 0 0
5 CR 6 10 5.5 2.5 0 0 4.7 2.5 0 0
6 CR 8 15 5.8 2.8 0 0 52 2.4 0 0
7 CR 8 15 6.1 2.6 0 0 5.8 2.7 0 0

Continued on next page
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Table 4 continued
8 CR 8 15 6.6 2.5 0 0 6.1 2.9 0 0
CR 8 15 6 2.5 0 0 5.8 2.2 0 0
10 CR 8 15 6 2.6 0 0 6 2.5 0 0

According to Table 4, the TSS accuracy was estimated to be 97.2%, and the coefficient of determination was 0.9378. The
forecast’s average precision for nugget diameter was 97.1%, with a coefficient of determination of 0.787. The projected outcomes
of the confirmation examinations showed that surface HT photos of the welds in RSW can be used to predict HCLAN quality
prediction with a high degree of accuracy.

(c) (d)

Fig 6. Inaccurate image-CR-6kA, 10ms, (b): Normal image-CR-6kA, 15ms, (c): Inaccurate image-CR-8kA, 10ms, (d): Normal image-
CR-8kA, 15ms

Figure 6 presents a surface HT image of welds with lesser prediction precision in confirmation testing. Figure 6 (a-d) shows
data with considerable discrepancies among observed and projected values. The measured value in Figure 6 (a, b) was 5.8 kN,
whereas the anticipated value with a 13.6% error rate was 5.1 kN. The observed value of TSS in Figure 6 (c, d) was 5.2 kN, even
though the expected value was 6.0 kN with an error of 6.5%. The image’s state may have been interpreted differently because
of variations in the light circumstances between the learning phase and the verification operation. This study attempted to use
surface heat trace images in RSW to estimate the quality of welds. It is feasible to estimate the resistance spot weld quality
in the manufacturing line by using this prediction technique. It also lowers the fault rate and makes it possible to check the
weld quality. Nevertheless, the conditions of heat transport, contamination of the electrodes, electrode slope, misalignment,
etc., affect the surface heat trace images. For the purpose of making an accurate prediction, it is crucial to take an image under
identical photographic conditions. Future research will address the prediction of weld quality in the event that the previously
indicated picture condition is poor or erroneous. Additionally, this study applies hybrid CNN-LSTM with AN to base material
and welding circumstances under particular parameters to forecast the weld quality. By improving the weight between nodes
through additional learning, which is believed that precise welding quality may be predicted in cases where the kind, thickness,
and welding conditions differ.

3.6 Comparative Analysis

In this study, the hybrid CNN-LSTM with Attention Network (HCLAN) model was compared to various existing methods for
resistance spot weld (RSW) quality prediction and defect detection. The results indicate that the HCLAN model excels in terms
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of accuracy and prediction capabilities for multiple weld quality parameters like tensile shear strength (TSS), nugget diameter,
fracture mode, and expulsion. In contrast to previous studies that used traditional methods (e.g., ultrasonic C-scan testing ??) )
or deep learning approaches like Faster R-CNN ?* and YOLOv3 ¥, our method offers a significant improvement in prediction
precision. While methods such as Faster R-CNN achieved over 90% detection accuracy, they were primarily focused on defect
detection, and not on predicting detailed quality attributes such as TSS and nugget size. Our model, leveraging hybrid CNN-
LSTM architecture with an attention mechanism, achieved near-perfect accuracy (100%) for weld fracture mode and expulsion
detection and offered high prediction accuracy for other metrics (e.g., TSS prediction with 98.5% accuracy).

3.7 Limitations and Biases

The study acknowledges some limitations in its methodology, primarily related to training data and environmental factors.
The relatively small dataset (1080 images) might lead to overfitting, and although data augmentation was used to address this
issue, the model’s performance might still degrade under conditions that deviate significantly from the training setup (e.g.,
varying lighting or misalignment of the camera). Another limitation is the reliance on visual input data, which, while powerful,
is still susceptible to quality variation in the weld images due to environmental influences. The biases in the data may arise if
certain welding conditions are underrepresented in the training data, potentially leading to reduced accuracy in rare or unseen
welding conditions. These limitations may slightly impact the validity and reliability of the predictions, particularly in industrial
environments where weld conditions are highly variable.

3.8 Theoretical Contributions

The research contributes to the theoretical frameworks of weld quality prediction and deep learning by integrating hybrid
CNN and LSTM networks with attention mechanisms. Previous works in this domain primarily utilized CNNs or LSTMs
independently or in simpler configurations. This paper’s novel approach of combining these with attention mechanisms
introduces a new theoretical insight into how attention can be effectively used to focus on key weld features in heat trace images,
leading to better predictive performance. This approach enhances the interpretability of the model, as attention mechanisms
allow the model to focus on important regions of the image that are most relevant to the welding quality. The theoretical
contribution also extends into the realm of multimodal welding data, where temporal (LSTM) and spatial (CNN) data are
combined to provide a richer understanding of the welding process.

3.9 Practical Implications

The practical implications of this research are significant for real-time industrial quality control in resistance spot welding.
The proposed method can be easily implemented in manufacturing environments where automation is critical, such as in the
automotive industry. The high accuracy and speed of the hybrid model (with a prediction error of only 2.8% for nugget diameter
and 2.3% for TSS) make it a viable candidate for real-time monitoring systems. This can potentially replace manual inspection
methods, reducing human error and increasing operational efficiency. Additionally, the predictive nature of the model allows
for early detection of potential weld issues such as expulsion or poor fracture modes, enabling timely corrective actions and
minimizing waste or defects in production.

4 Conclusion

This study developed an advanced automated methodology for predicting resistance spot weld quality using heat trace images,
leveraging a Hybrid CNN-LSTM with Attention Network (HCLAN). Key achievements include prediction errors of 2.8% for
nugget diameter and 2.3% for tensile shear strength, with a perfect accuracy rate of 100% for identifying weld fracture modes and
ejection occurrences. These results validate the model’s high effectiveness in interpreting weld surface patterns and forecasting
weld quality.

Novelty: The HCLAN framework uniquely integrates CNN and LSTM architectures with attention mechanisms, providing
an innovative and efficient tool for industrial applications. By automating weld quality inspection, this study addresses
limitations of conventional methods, reducing dependency on manual evaluation and minimizing errors.

Prospects: Future work could extend this approach to accommodate various materials and welding parameters, enabling
real-time monitoring and adaptive quality control in dynamic manufacturing environments.

Recommendations: Further research should explore scaling the method to inline weld inspection systems, assessing its
applicability in multi-material assemblies, and integrating it with Industry 4.0 frameworks to optimize welding operations.
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