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Abstract

Gas tungsten arc welding (GTAW) is a popular technology for joining metallic parts with a high 

stability and quality. However, many GTAW-related processes are conducted manually. Manual 

welding is time-consuming, and the weld quality strongly depends on the skill of the welder. 

Although  various  automatic  GTAW  methods  and  systems  have  been  developed,  it remains

challenging to control the weld quality because of the difficulties in predicting the weld quality,

such as the penetration depth and backside bead geometry, during welding. Hence, this paper 

proposes an accurate and effective method for estimating the penetration depth through weld 

pool monitoring using a convolutional neural network (CNN) trained on weld pool images. The

weld pool images contained several objects, each influencing the prediction accuracy. The CNN 

architecture and the structure of the fully connected layers (FCLs) also affected the prediction 

accuracy. To optimize the performance of the estimation model, the effects of each object in the 
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weld pool image and the structure of the CNN architecture were analyzed and evaluated. The

structure  of the  FCLs  that outputted a  quantitative  penetration  depth  was  optimized and 

evaluated through hyperparameter tuning. With the proposed method, the optimized model could 

quantitatively predict the penetration depth; the mean absolute error was 0.0516 mm, with an R2

value of 0.998. An accurate prediction of the penetration depth can be applied to real-time weld 

quality control to ensure a sound weld back bead.

Keywords

Weld  pool  monitoring,  Deep  learning,  Weld  penetration estimation, Convolutional  neural 

network, Hyperparameter tuning
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1. Introduction

Gas tungsten arc welding (GTAW) is a popular welding technology for joining metal parts.

Owing to its stability and high quality, GTAW has played an important role in applications such 

as shipbuilding, pipes, and pressure vessels. It is typically used for thick-plate piping to ensure 

sound welding quality, and welding is performed manually by highly skilled welders. In recent 

decades, problems, such as shortage of welders, aging, and time inefficiency, associated with 

manual welding have necessitated the automation of the GTAW process [1]. Therefore, GTAW 

processes have been replaced by automatic welding equipment.

For  a  completely robust automation  of  the welding process rather  than a partial  welding 

automation method involving operator intervention, the welding quality must be monitored and 

ensured during the welding process. In large-diameter pipes and long-term welding cases, the 

welding environment varies continuously during the welding process. To obtain a good welding 

quality in a varying welding  environment, the  welding  parameters must  be  adaptatively 

controlled based on the feedback of the current welding quality.

In some studies, methods for monitoring and analyzing the welding parameters, such as the

welding  current,  voltage, and  heat  input, using  various  sensors have  been  proposed [2–5]. 

Although these methods can respond to constantly varying welding environments, it is difficult 

to  reflect  the  actual  welding  state because the  measurement  made  is indirect. The  acquired 

welding information is converted from raw sensor data, which can cause calibration errors. In 

addition, because data processing is associated with human subjective error, it is difficult to 

determine whether the actual welding conditions are fully reflected.

The welding process has complex and nonlinear characteristics; thus, it is difficult to optimize 

the prediction model for welding quality. Machine learning methods, such as support vector 

machines (SVMs) [6, 7] and artificial neural networks (ANNs) [8-11], can compensate for the 

nonlinear characteristics of welding quality predictions, resulting in a high accuracy. However, 
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these methods require the acquisition of information from sensors, which inevitably requires

complex setups, and there are many restrictions on their use in actual welding processes.

In general manual welding, skilled welders have a knack for predicting the penetration and 

backside  bead states by  observing  the top-side weld pool. Hence, weld pool  image-based

methods  for  predicting the  penetration depth or  bead geometry have  been  proposed;  these

methods only require cameras. Based on weld pool monitoring methods using charge-coupled 

devices (CCDs) and complementary  metal-oxide semiconductors (CMOS), methods  for 

extracting the shape information of the weld pool have been proposed through image processing

[12-15]. Image processing-based methods are more direct than prediction methods based on

obtaining welding information indirectly. However, these methods are sensitive to changes in the 

welding environment. Recently, with the development of graphic processing units (GPUs) and 

deep learning architectures, deep learning approaches, such as CNNs, have been used to predict

the weld quality based on weld pool monitoring.

Cheng et al. proposed a method for predicting the penetration state by performing model 

training on the shape of a laser stripe irradiated on a weld pool surface using a CNN [16]. 

Keshimiri et al. applied a deep neural network (DNN) to estimate the weld bead geometry. Using

a CNN-based deep learning architecture, Li and Cheng et al. predicted the weld penetration state 

and bead width from dot-patterned laser reflection images of a weld pool [17, 18]. Nomura 

proposed a prediction model for the burn-through and weld penetration depth in gas metal arc 

welding (GMAW) using a deep learning model [19]. Image segmentation methods [20, 21] have 

been applied to accurately extract weld pool geometry from images. Cai [22] extracted the key 

hole and weld pool geometry information associated with laser welding. Yu [23] recognized the 

weld pool geometry in GTAW using the U-Net architecture. These approaches can compensate 

for the restrictive characteristics of image processing-based methods. A deep learning-based 

prediction  model can  directly obtain  target  information  without  user  intervention or 

preprocessing of the input data, exhibiting a higher prediction accuracy than conventional weld 
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quality estimation models.

However, a quantitative prediction of the welding quality parameters, such as the penetration 

depth,  is  essential  for an accurate  control  of the penetration, particularly full  and  partial 

penetrations in root-pass welding, using the predicted welding quality as feedback. Therefore, in 

this study, we developed a deep learning model that can measure the quantitative penetration 

depth with a high accuracy using a CNN trained on weld pool images. Optimization through 

training of the deep learning model was performed to improve the CNN model, including the 

optimization of the weld pool images as input data and of the deep learning architecture through 

hyperparameter tuning.

Fig. 1 shows a weld pool image used for weld pool monitoring. The captured image contains

not only the weld pool but also several objects that can affect the prediction accuracy, such as the 

arc  light,  arc  light  reflected  shielding  gas,  weld  bead,  and  welding  torch. In  addition,  the

structure of the deep learning architecture can affect the adequacy of the model training and the 

accuracy of target detection by the deep learning model. To improve the penetration prediction

accuracy, it was necessary to derive an optimized image for penetration prediction by analyzing 

and  evaluating  the  effect  of  each  object  in  the weld pool  image. The performance  of  the 

prediction model was compared and evaluated in terms of the input image and CNN architecture, 

and the most optimized weld pool image shape and deep learning architecture were determined

for a quantitative penetration prediction.

The objective of this study was to construct an efficient and highly accurate prediction model 

capable of quantitatively measuring the penetration depth using only weld pool images. The 

proposed method uses only one camera to capture the front-side weld pool images in real time.

In this study, VGG-16 [24], ResNet [25], DenseNet [26], and EfficientNet [27] architectures 

were used to build the penetration prediction model. The CNN architectures were trained on a 

dataset containing weld pool  images  and  corresponding  penetration  depths under various 

welding conditions. The trained CNN models could quantitatively predict the penetration depth 
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using weld pool  images acquired  by  the  camera. Finally,  the  performance  of  the proposed 

method was verified  through a quantitative  comparison  between  the  actual  and  predicted 

penetration depths.

Fig. 1. Weld pool image captured by a weld pool monitoring setup

2. Weld pool monitoring setup

Fig. 2 shows a schematic of the weld pool monitoring setup. The monitoring module was 

connected to a welding torch, and weld pool images were acquired. The monitoring module 

contained a CMOS camera, optical lens, and a casing to prevent contaminants, such as fumes 

and  spatters, from affecting  the weld.  During welding,  the  welding  torch  moved  along  the 

welding direction (x-axis). Table 1 lists the monitoring parameters. 

Fig. 2 shows some of the images captured by the weld pool monitoring setup. Weld pool 

images  were  captured  under  various  welding  conditions including  the  voltage,  current,  and 

welding speed. The weld pool images were acquired during the welding experiments. Arc plasma 

and molten pool shapes could be clearly observed in the images. The weld pool images obtained 

through  the  monitoring  system  were  correlated  with  the  corresponding  penetration  depth  to 

configure a dataset that could be used to learn the CNN model for weld pool image-based 
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penetration prediction. The weld pool images  obtained through the  monitoring system were 

associated with the corresponding penetration depths to construct a dataset that was used to train 

a CNN model for penetration prediction.

Fig. 2 Weld pool monitoring setup for acquiring weld pool image dataset in gas tungsten arc 

welding (GTAW)

Table 1 Parameters for weld pool monitoring
Item Content

Exposure time 10 μs

Aperture F16

Resolution (H× V) 1280× 1024 (1.3 Mpix)

Pixel size (H) 1.315 μm

Pixel size (V) 1.275 μm

Frame rate (fps) 24
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3. Estimation model for penetration prediction

Fig.  3  shows  the  modeling  and  optimization process for  the  weld  pool  image-based 

penetration  prediction developed in  this  study.  The  prediction  accuracy  of  the  proposed 

estimation model was affected by the shape of the input image, CNN architecture, and structure 

of the fully connected layers (FCLs). In this section, the effect of each characteristic on the 

prediction accuracy was analyzed, and the weld pool image-based penetration prediction model 

was optimized.

Fig. 3 Overall modeling process for weld pool image-based weld penetration prediction: For the 

modeling,  three  optimizations are performed: input  image,  feature  extraction  using a deep 

learning approach, and fully connected structure. 
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3.1 Dataset configuration of weld pool images

As shown in Fig. 3(a), the raw weld pool image contains not only a weld pool but also various 

other objects including the welding arc, shielding gas, weld bead, and welding torch. These 

objects can affect the convolution filter parameters trained during the learning process of the 

CNN model and affect the prediction of the target. The weld pool shape is closely related to the 

penetration depth [28]; however, the relationship between the other objects in the weld pool 

image and the penetration depth remains unclear. Therefore, in this study, various datasets were 

configured on the basis of the objects, and the most optimized image for penetration prediction 

was derived by comparing the performances of the CNN models on each dataset (Figs. 3(b)–(d)).

The dataset, according to the object in the weld pool image, contained four types of images: a 

raw image, a weld pool image, an arc light image, and an image with only the weld pool and arc 

light. As shown in Fig. 3(b), for the welding torch and welding beads, the objects are filtered by 

setting a region of interest (ROI) in the raw images. The ROI image contained three main objects: 

weld pool, arc light, and shielding gas. Multiple datasets were constructed based on these three 

objects. 

Fig. 3(c) shows an image containing only the weld pool. Fig. 3(d) shows an image containing 

only the arc light. The images captured using the monitoring setup, described in Section 2, were 

taken tilted at an angle of approximately 45°, and the weld pool was obscured by the arc light 

object along the length of the arc light. Therefore, the weld pool has a concave upper part. Fig. 

3(e) shows an image containing only the arc light and weld pool, without the shielding gas object.

The segmented arc light and weld pool in the images, shown in Figs. 3(c) and (e), were 

generated  as  arc  light  and  weld  pool  objects  extracted through  the  segmentation  method 

proposed in a previous study [29]. Fig. 4 shows an overview of the extraction process of the arc 

light and weld pool objects using the semantic segmentation model and dataset configuration 

proposed in a previous study. 

1

1

6

10

14

16

23

36

45

67

88



The segmentation  method  was  implemented  using  a  CNN-based  semantic  segmentation 

architecture with a residual network structure [25], which was trained to segment the arc light 

and weld pool from the raw image. Conventional object-detection methods that use CNNs detect 

a target object in the form of a bounding box. In this method, the exact shape of the target object 

cannot be extracted because the positional information of the target object pixels is lost in the 

convolutional and flattening layers of the FCLs. The semantic segmentation model classifies 

labels into pixel units and does not include FCLs. Therefore, the loss of location information is 

minimized, and the exact shape of the target can be extracted. 

The raw weld pool images were inputted to the semantic segmentation model and outputted as 

three labeled images: arc light, weld pool, and background, as shown in Fig. 4. The binary-

labeled  map  generated  through  the  segmentation  model  was  mapped  to  the  raw  image  and 

segmented,  as  shown  in  Figs.  3€, (d),  a€(e).  The  segmented  images  were  used  for  dataset 

configuration to train the quantitative penetration prediction model.

Fig. 4 Semantic segmentation model for extracting weld pool and arc light object from a raw 

weld pool image. The segmentation model uses a residual network architecture as the feature 

extractor. Output-labeled images are mapped to a raw image, and a dataset is configured through 
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the mapped images.

3.2 Construction of a deep learning model for penetration prediction

The configured weld pool image datasets, described in Section 3.1, were inputted to a deep 

learning model composed of a feature extractor based on the CNN architecture and FCLs. The 

CNN  architecture extracted image  features  from  the  input  image.  The  FCLs in the  CNN 

architecture flattened the extracted image features through a flattening layer and recreated them 

in the form of a 1D array. The 1D array was finally outputted as a quantitative penetration depth.

The extracted image features depend on the characteristics of the CNN architecture, which can 

affect  the  prediction  output. To verify  the  universality  and  practicality  of  weld  pool  image 

datasets configured based on the image objects, it is necessary to compare the performances of 

various  CNN  architectures.  Therefore,  as  listed  in  Table  2,  VGG-16  [24],  ResNet50  [25], 

DenseNet  [26],  and  EfficientNet  [27],  which  are  widely  used  CNN  architectures  with a 

satisfactory image recognition performance, were selected to compare the performances of the 

prediction models based on the characteristics of the CNN architecture. The proposed CNN 

architecture  was  used  to  construct image  feature  extraction  layers, and  the  architecture  was 

evaluated for penetration prediction accuracy.

Table 2 CNN architectures for feature extraction from a weld pool image

Year CNN Developed by Number of   training 
parameters

2014 VGG-16 Simonyan, Zisserman 134.7 million

2015 ResNet-50 Kaiming He 23.9 million

2017 DenseNet-121 Gao Huang et al. 7.2 million

2019 EfficientNet-B4 Mingxing Tan and Quoc 
V. Le 19 million

The prediction accuracy of the deep-learning model was also significantly affected by the 

hyperparameters. Unlike weights or biases, the hyperparameters in the deep learning model do 

not  change  through  model  training.  The  hyperparameters  were  set  before  training, and  the 
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learning quality was determined according to the set hyperparameters. To optimize the FCLs and 

target prediction accuracy, the model performance should be verified according to the various 

hyperparameters.

The prediction accuracy of the deep learning model was significantly affected by the structural 

characteristics  of the  FCLs. In  particular,  the  structure  of  the  hidden  layers significantly 

influenced the target accuracy of the object function. Table 3 lists the structural details of the 

FCLs. FCLs are backpropagation neural networks (BPNNs) having three layers: input, hidden,

and output layers. The number of nodes in the input and output layers is fixed and correspond to 

the number of input and output features. In the FCLs, the depth of the hidden layer and the 

number of nodes in each hidden layer are the hyperparameters.

The hyperparameter tuning in this study involved the optimization of the depth of the hidden 

layer and the number of nodes in each hidden layer. Typically, the deeper the hidden layer, the 

higher the accuracy; however, the number of parameters to be trained will increase significantly. 

In addition, more hidden layers increase the learning time, processing time, and occurrence of 

underfitting  or  overfitting.  Therefore,  the  depth  of  the  hidden  layer  must  be  optimized by 

considering all these factors. The depth range of the hidden layer for the optimization was 2 to 3, 

and greater depths were not used because of the difficulty in optimizing the model given the 

large number of the parameters.

The hidden layer nodes increase the nonlinearity of the model due to the increase in the 

number  of  parameters, allowing the  BPNNs  model  to  achieve a higher  accuracy.  However, 

because numerous nodes can cause problems, such as overfitting (e.g., hidden layer depth), the 

model training needs to be optimized within an appropriate node range.

A total of 288 cases were optimized on the basis of the depth of the hidden layer and the 

number of nodes; these were too many to be trained and evaluated for performance verification.

Therefore, it was necessary to obtain an optimal solution for the estimated function by sampling 
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some of the cases from the total number. We derived an optimal solution for the objective

function  using a Bayesian  optimization  algorithm  [30].  Bayesian  optimization  is  a  global 

optimization method that determines a global maximum or minimum point for a given function. 

Compared with grid and random search algorithms, it is easier and more efficient to search for 

optimized hyperparameters because the Bayesian algorithm derives the optimal solution based 

on previous trials. 

The Bayesian optimization algorithm derives a surrogate model that represents the relationship 

between the generalization performance and an initial set of hyperparameters. The surrogate 

model  represents  the  area in  which  the  objective  function  can  be  located  as  a  probability 

distribution, which is a Gaussian process regression. Through the optimization process, new 

hyperparameters  other  than  the  initial  points  were  searched  in  the  distribution  until  the 

termination  condition  was  satisfied.  An  acquisition  function  was  used  in  this  process.  The 

acquisition function recommends a new hyperparameter to be searched through probabilistic 

calculations.  New  hyperparameter  candidates  are typically searched  near  the  searched 

hyperparameters (exploitation); however, biased optimization results may be obtained depending 

on the hyperparameter positions of the first few trials. Therefore, biased results are prevented by 

exploring the hyperparameters in a stochastically uncertain area in the distribution. The Bayesian 

optimization  algorithm  determines  the  optimal  hyperparameters by  appropriately  balancing 

exploitation and exploration.

70



Table 3 Structural details of FCLs for hyperparameter tuning

Two 
hidden 
layers

Input Flattening 
layer

Hidden 
layer 1

Hidden 
layer 2 Output Cases Total 

cases

Output of 
feature 

extractor

[1× 1× D]

[1× D]

1024
512
256
128
64
32
16
8

64
32
16
8

1 32

288

Three 
hidden 
layers

Input Flattening 
layer

Hidden 
layer 1

Hidden 
layer 2

Hidden 
layer 3 Output Cases

Output of 
feature 

extractor

[1× 1× D]

[1× D]

1024
512
256
128
64
32
16
8

1024
512
256
128
64
32
16
8

64
32
16
8

1 256

* D: Number of feature maps after the last convolutional filter in CNN

4. Experimental system and scheme

The quantitative penetration depth prediction model using weld pool images was validated and 

optimized using the optimization process described in Section 3. This section presents the details 

of the dataset construction for the training and optimization of the deep learning model. The

metrics for evaluating the performance of the trained model are also described.

4.1 Weld pool image acquisition and dataset preparation

Table 4 lists the experimental conditions for acquiring the weld pool images. The weld pool 

experiments were conducted under an automatic welding setup, as shown in Fig. 2. The voltage 

was set to a fixed value. To obtain various weld pool images, the weld current and speed were set 

as the variable parameters, and GTAW was performed on the bead-on-plate. A welding machine 

(Fronius TIG3000) was used for the welding experiments.

1

1

1 1

1

1

2

17

33

79

87



Table 4 Experimental conditions for welding

Item Content

Welding type GTAW

Workpiece material SUS304 (100× 300)

Workpiece thickness 3 mm

Shielding gas Argon 100%

Gas flow rate 15 l/min

Electrode tip angle 45°

Weld current 80–180 A

Voltage 12.8 V (fixed)

Welding speed 8–16 cm/min

Travel angle 0°

The input image and penetration depth, which were the target values, were acquired, as shown 

in Fig. 5. To obtain the input image and penetration depth, n random points were designated in 

the  welded  section,  excluding  the  welding  start  point ds and  endpoint de.  The  image  data 

acquisition (Fig. 5(a)) and designated points (Fig. 5(b)) were matched using the welding speed 

and distance. The welded specimen was cut at designated points dn, and the penetration depth pn

at the cross section was measured using an optical microscope, as shown in Fig. 5(c). After 

welding, a boundary appeared between the welded metal and the base metal. The penetration 

depth in the case of partial welding was measured as the vertical distance from the base metal 

surface to the vertical end of the boundary line. During full penetration, a backside bead formed 

on the rear side of the welded specimen. The full penetration depth was measured as the vertical 

distance from the base metal surface to the backside bead end. A total of 468 weld pool images 

and corresponding penetration  depths  were  acquired  during the  welding  experiments.  The 

prepared datasets were separated at a ratio of 75:25 and used as the training and test datasets. 

Table 5 summarizes the details of the dataset configuration. 

As described in Section 3.1, four image datasets were constructed, as shown in Figs. 3(c)–(e), 
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to analyze the effect of objects on the weld pool image. The segmented image datasets were 

configured using the segmentation method proposed in a previous study [29].

Fig. 5 Data acquisition for training dataset configuration: (a) weld pool monitoring image taken 

at time tn, (b) front side of the welded specimen. ds and ds are the start and end points of the 

welding, respectively, and dn is the distance from ds to the designated point to measure the

penetration depth, (c) weld specimen cross-section at dn. The penetration depth is measured 

through an optical microscope, and the penetration depth is the perpendicular distance between 

the specimen surface and the molten metal boundary ends.
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Table 5 Dataset configuration
Item Content

Input image size 224× 224× 3

Image format Color (RGB)

Image dataset type

�Raw image
�Weld pool
�Arc light
�Weld pool + 

arc light
Number of datasets 468
Number of training 
datasets 351 (75.0%)

Number of test datasets 117 (25.0%)

4.2 Model Training and Optimization

Three optimization factors were described in Section 3 for optimizing the penetration depth 

prediction model: the weld pool image dataset, CNN architecture, and hyperparameter tuning. 

Sixteen major cases were constructed based on four datasets containing weld pool objects and 

four  CNN  architectures,  and  416  minor  cases  were  constructed  based  on  the  hidden  layer 

parameters of the FCLs. The total number of optimization cases was 6,656, which was too high 

for training and validation. Therefore, a Bayesian optimization algorithm was used for the minor 

cases, and with this method, the optimized FCL structure for each of the major cases was applied. 

Table 6 presents the Bayesian optimization parameters.

In this study, except for the hidden layer parameters of the FCLs in the prediction model, the 

other hyperparameters, such as the batch size, epochs, learning rate, loss function, and optimizer, 

were  fixed,  as listed  in Table  7. The  batch  size  was  set to a  mini-batch size of 32,  which 

increased the regularization  and  minimized the overfitting,  although  learning  tendencies 

fluctuated more and became more unstable than that in the case of higher batch sizes. Wu et al. 

[31] studied the performance of deep learning models for various batch sizes. They showed that 

learning with a batch size of 32 or more generally produced a similar performance; however, the 
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errors tended to increase with a smaller batch size. To minimize the error in the target prediction 

and conduct appropriate iterations considering the number of training datasets, the deep learning 

model was trained by selecting a batch size of 32. The epoch was set to be the same for all the 

cases for  quantitative  and  accurate  comparisons.  To  minimize  frequent  fluctuations  during 

learning and supplement training stability, the epoch was set to 450.

The loss function applied was the mean squared error (MSE) function, which is most suitable 

for continuous outputs. The optimizer was the Adam algorithm [32], which was used to minimize 

fluctuations due to the small batch size; it has a lower dependency on the learning rate than the 

stochastic gradient descent (SGD) algorithm. The hyperparameters of the Adam algorithm are 

exponential moving averages �1 and �2, which were fixed at 0.9 and 0.999, respectively, for 

the highest performance [32].

Dataset construction, building, and training of the deep learning models were performed using 

the Keras library (v.2.4.3) with Python 3.6.5 [33], a library based on Python for modeling various 

deep learning architectures. 

Table 6 Parameters of the Bayesian optimization
Item Content

Initial points 10

Batch size 32

Maximum trials 25

Epochs per trial 50

Beta 2.6

Objective function Mean-squared error

Table 7 Training parameters
Parameter Value

Learning rate 0.001

Epoch 450

Batch size 32

Optimizer
Adam
�1 = 0.9
�2 = 0.999

1 1

1
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Loss function Mean-squared error

4.3 Evaluation of trained model

The trained and optimized models were evaluated using the mean absolute error (MAE) and 

R2. In terms of the quantitative and continuous values of the model prediction, the error between 

the target and predicted values was suitable as a performance metric. R2, which is the coefficient 

of determination, describes how well the proposed model fits the target, and the closer the R2

value is to one, the higher the performance of the model for the target. The two performance 

metrics can be expressed as in Eqs. (1) and (2), respectively, where n denotes the amount of test 

data, Yi is the actual value, ��� is the predicted value, and �� is the average of the actual values. 

The trained models were quantitatively compared using the MAE and R2, and the performance 

was evaluated on the test dataset.

��� =
1
�

∑ |�� − ���|�
�= 1 .                                                (1)

�2 =
1
� ∑ ( �� − ���) 2�

�= 1
1
�∑ (�� − ��) 2�

�= 1
. (2)

To evaluate the performance in more detail, the cumulative frequency of the error between the 

actual and predicted values was used as the performance metric. The errors varied but were 

distributed within a certain range. When the error distribution on the test dataset had a high 

frequency within a narrow error range, the performance of the trained model was considered 

high. Conversely, when the frequency was high within a wide error range, the performance of the 

trained model was considered low. In this study, the cumulative frequency c0.05 of the errors with 

a magnitude less than 0.05 mm and a frequency f0.15 of errors with a magnitude greater than 0.15 

mm were used as the performance indicators.
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5. Results and discussion

5.1 Bayesian optimization results

Table 8 presents the Bayesian optimization results. Fig. 6 shows the total weight parameters of 

each optimized model. Each optimization was performed thrice to compensate for the bias in the 

optimization results, and the network structure with the highest number of duplicates among the 

three  trials  was  selected  as  the  optimal  structure.  If  none  of  the  three  cases  overlapped, 

optimization was performed twice more to find the most frequent optimization structure.

The bar graphs in Fig. 6 show the total number of weight parameters in the FCLs for each 

image dataset and CNN architecture. The top of the bar shows the number of neurons in the 

hidden layer of the FCLs obtained through optimization. Except for the weld pool image dataset, 

they were optimized to a largely similar structure. Fewer parameters were required to perform 

training on the weld pool images, because the number of pixels with a valid intensity was 

reduced due to the absence of shielding gas and arc light objects. The welding arc image dataset 

had a decrease in the number of valid pixels. However, the number of parameters was relatively 

high compared with that of the melt-pool image; this was believed to be because arc light objects 

under different welding conditions do not have visually valid differences, unlike weld pools. This 

means that a relatively higher number of weighting parameters is required compared with the 

weld pool dataset to emphasize the subtle visual differences.

The results of the three-layer case were similar to those of the two-layer case. On the welding 

arc  image  dataset,  the  number  of  neurons  in  the first  hidden  layer  increased  significantly 

compared with that in the two-layer case. Because a few pixels in the cropped image had valid 

intensities and the images by welding condition were not visually different, the structure was 

optimized to compensate for these issues. 

Each optimized FCL structure was trained on the basis of the training conditions listed in 

Table 7, and its performance was evaluated using MAE, R2, c0.05, and f0.15.
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Table 8 Optimized FCL structure based on the input image and CNN architecture

CNN architecture Raw Weld pool Arc light Weld pool 
and arc light

Two 
hidden 
layers

VGG-16 1024-8 32-8 64-8 512-16

ResNet-50 1024-32 32-8 128-8 512-16

DenseNet-121 256-8 32-8 256-8 256-16

EfficienetNet-B4 512-8 64-8 32-8 512-8

Three 
hidden 
layers

VGG-16 512-64-16 128-64-8 1024-32-8 1024-256-8

ResNet-50 512-256-32 64-32-8 1024-128-8 1024-32-8

DenseNet-121 1024-64-16 1024-64-8 1024-16-8 1024-16-8

EfficienetNet-B4 64-32-8 64-32-16 1024-32-8 1024-64-8

Fig. 6 Number of weight parameters by hyperparameter tuning using Bayesian optimization: (a) 

models  with  FCLs  including  two  hidden  layers,  (b)  models  with  FCLs  including  three  hidden 

layers

5.2 Training results

Fig. 7 presents the performance metrics MAE and R2 for the trained model. As shown in Fig. 7, 

the lower the MAE, the higher the R2 and performance. Fig. 8 shows the cumulative frequency 

graph of the error between the penetration depth of the test dataset and the value predicted by the 

trained model. In Fig. 8, a high cumulative frequency of errors with a magnitude of 0.05 mm or 



less, c0.05, indicates a high performance, while a high frequency of errors with a magnitude above 

0.15 mm, f0.15, indicates considerable errors in the measurement.

As shown in Figs. 7 and 8, the (a) two-layer and (b) three-layer cases have relatively and

extremely  low  performance when using  the  welding  arc  image  dataset  results,  which  had 

extremely high MAE and low R2 values. c0.05 of the two-layer cases on the arc light image 

dataset was only 0.343, which decreased to 0.229 for the three-layer cases trained with more 

weighting  parameters. The  length of the  arc  light  can  vary  depending  on  the  weld  current, 

particularly the voltage. However, the welding experiments used to obtain the dataset in this 

study were performed at a fixed voltage, which did not significantly affect the geometric features 

of the arc light. Even when the current was varied, its effect on the geometric features of the arc 

light was extremely low. 

A visual characteristic of an arc light is that it is a bright, nearly elliptical object with little 

change in its visual characteristics on varying the welding condition. However, the weld pool 

shape is highly variable depending on the welding conditions, and the amount of melting per unit 

of time varies significantly depending on the welding conditions; therefore, the change in its 

geometric features is prominent. The c0.05 values of the DenseNet-121-based model with the 

highest performance were 0.343 in the two-layer case and 0.229 in the three-layer case; these 

values were significantly lower than the highest c0.05 value obtained on the other image datasets.

It was not appropriate to predict the penetration using only arc-light images, and the results of 

the model trained on the arc-light image dataset were excluded when comparing and evaluating 

the performance of the trained models.

The  VGG-16-based  model  had a  relatively  low  performance  compared with the  other 

architectures, regardless of the image dataset. In Figs. 8(a) and (b), f0.15 is high compared with 

the other  architecture-based  models.  The  basic  model  of  the  VGG  network  presented  by 

Simonyan [24] is a large network compared with other architectural models used in this study, 

and the basic VGG network has three hidden layers with 4,096 neurons each. This implies that 
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the VGG-16-based  model  requires  many  parameters  for  accurate  predictions.  The  other 

architectures outperformed the VGG-16-based model with fewer FCL parameters. The VGG-16-

based model was also excluded from the evaluation of the prediction performance because of its 

low performance.

The training results of Case 2 obtained on the weld pool image dataset exhibited a relatively 

higher performance than those obtained on the arc light image dataset. In the graph of Case 2 

shown in Fig. 7, both the MAE and R2 values can be found within the visible range of the graph, 

unlike  the  results obtained  on the  arc  light  image  dataset,  and  the  trend in the  cumulative 

distribution plot, shown in Fig. 8, is similar to the plots obtained on the raw image dataset and 

weld pool and arc datasets.

The EfficientNet-B4-based model performed relatively well on the weld pool image dataset 

compared with the other CNN architecture-based models. In particular, in the two-layer case 

(Case 2 in Fig. 8(a)), c0.05 was approximately 2.1 to 2.7 times higher than that in the other CNN 

architecture  cases;  this training  result demonstrates the  characteristics of the efficient net 

architecture in achieving a high performance even with few training parameters. As shown in Fig. 

6(b),  the  optimization  results in the three-layer case indicate that  the  EfficientNet-B4-based 

model has relatively fewer parameters than the other image datasets. As in the two-layer case, the 

model based on EfficientNet-B4 exhibited a relatively higher performance in the three-layer case, 

evidenced by the relatively lower f0.15 value, whereas the c0.05 value showed little difference from 

the results of the other architecture-based models, as shown in Fig. 8(b).

Overall, the model performance on the raw image, weld pool, and arc light image datasets was 

good. Excluding the VGG-16-based model in the two-layer case, we find that the average MAE 

of the models on the raw image dataset was 0.0653 mm, which was approximately 36% lower 

than the average value of the model on the weld pool image dataset and 4.8% lower than that on

the weld pool and arc light image datasets. For the three-layer case, the average MAE for the raw 

image dataset was 0.0576 mm, which was 39% and 29% lower than those for the weld pool 
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image  dataset  and  weld  pool  and  arc light  image  datasets,  respectively,  with  a  uniform 

distribution for each architecture-based model. The raw image dataset produced a more uniform 

distribution of the performance metrics than the other two image datasets. 

From the results of Case 1 shown in Fig. 8(a), the c0.05 value of the EfficientNet-B4-based 

model was significantly lower, with a difference of approximately 0.13 when compared with the 

values of the other two architecture models. From the training results of the CNN architecture 

with FCLs based on two hidden layers on the raw image dataset, it can be concluded that the 

EfficientNet-B4-based model significantly underperformed the ResNet-50-based and DenseNet-

121-based models. The visual difference between the cumulative frequency graphs was relatively 

negligible in Case 1: the raw image dataset in Fig. 7(b); however, the ResNet-50-based model 

was found to have a slightly higher performance for cumulative frequency of errors with a 

magnitude greater than 0.05 mm. Similar to the cumulative frequency graphs, the MAE values of 

the ResNet-50-based model were 17.3% and 12.3% lower than those of the other two model 

architectures, respectively.



Fig. 7 Mean absolute error and R2 value of the trained models: (a) in the two-layer case, (b) in 

the three-layer case



Fig. 8 Cumulative frequency of the error between the actual and predicted penetration depths on 

the test dataset: (a) in the two-layer case, (b) in the three-layer case
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5.3 Performance evaluation

To compare the performances of the prediction models built on various image datasets, models, 

and FCL structures, several performance metrics and cumulative frequency graphs were used. 

However, it is difficult to evaluate the performance of the proposed models consistently by 

comparing each performance metric alone. Therefore, in this study, a method was devised to 

evaluate the performance by considering all the quantitative performance metrics simultaneously, 

as  shown  in  Eq.  (3). Using Eq.  (3),  we  can derive the  performance  determinant d for the 

quantitative penetration prediction. R, c, f, and M in Eq. (3) refer to the four performance metrics 

used in Figs. 7 and 8: R is the R2 value, c is c0.05, f is f0.15, and M is the mean absolute error of the 

prediction model results. Each variable was normalized between 0 and 1 to make the scale of the 

variables consistent. Table 8 presents the range of variables for normalization. 

In  Eq.  (3), K1–K4 are the priority  coefficients.  When  evaluating  the  performance  of  the 

proposed  model,  each  performance  metric  was  prioritized  according  to  its  importance.  The 

priority coefficients are the gain values that determine the weight of each metric variable based 

on its priority. K1 and K2 were set to positive gains, because the higher R and c, the better the 

model performance. Conversely, K3 and K4 were set to a negative gain because the lower M and f, 

the better the performance of the model.

The R2 value was the lowest priority of the four performance metrics because the variable was 

generally high in all the models and had low discrimination for the model performance. However, 

the other three metrics may be considered important, and the determinant d may vary according 

to the priority assignment. Therefore, in this study, the performance of the model was evaluated 

by comparing the deterministic constants for different cases according to the priorities of the 

performance metrics, as listed in Table 9. The priority gain K4 for R was fixed at 0.1 as the fourth

priority, and six cases were formed depending on the priorities of M, c, and f.

� = �1� + �2� + �3� + �4� (3) 
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Fig.  9  shows the graphs  of  the  deterministic  constants  according  to  the  cases  set  by  the 

priorities in Table 9. In selecting models for calculating d, the training results performed on the 

arc light image dataset and the VGG-16 architecture were excluded. On the raw image dataset, 

all the models were selected because the deviation in the MAEs was generally not large, and the 

visual difference in the cumulative distribution of the errors was not significant. On the weld 

pool image dataset, the remaining models, except for the EfficientNet-B4-based model, were 

excluded  because  of  their  generally  poor  performance.  The  weld  pool  and  arc  light  image 

datasets showed some differences in the model selection depending on the number of hidden 

layers  in  the  FCLs. For  the  two-layer  case,  the  EfficientNet-B4-based  model  was  excluded 

because of its high MAE and f0.15 when compared to the All models were selected for the raw 

image dataset case results of other models. In the three-layer case, the EfficientNet-B4-based 

model was excluded to consider the relatively high MAE of the remaining models. The excluded 

models had a difference in the MAE of more than 0.02 mm from the highest-performing model 

with the lowest MAE.

The determinants obtained using Eq. (3) were normalized from 0 to 1 depending on the range 

of determinants in each priority case, and the determinants were compared within each case 

because the range of normalization varies by the priority case. In all the cases, the ResNet-50-

based model on the raw image dataset had the highest relative rank and included FCLs with three 

hidden layers, as shown in Fig. 9 1-a. The 1-a model was 1 regardless of the priority case, and it 

performed best in all cases. In all the cases, the lowest-performing model was the EfficientNet-

B4-based model, which included FCLs with two hidden layers for the weld pool and arc-light 

image datasets, as shown in Fig. 9 3-c. The 3-c model had a normalized determinant of zero in 

all the cases. The 3-c model had a c0.05 of 0.643, which was the highest compared with the 

performance  of  all the models.  However,  owing  to the extremely  high f0.15 and  MAE,  the 

determinant was calculated as the lowest value among the model performances.

The model trained on the raw image dataset did not show significant variations between the 
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determinants,  even  when  the  performance  metrics  were  prioritized  differently.  Among  the 

models trained on the weld pool image dataset, only the EfficientNet-B4-based models were 

selected, as shown in Fig. 2-c. The determinant of Case 2-c was relatively low compared with the 

determinants of the other models due to the relatively high value of f0.15, and errors significantly 

greater than 0.15 mm also contributed to the low determinant. In particular, the determinant was 

worse in Cases 2 and 4, where MAE and f0.15 were prioritized. On the weld pool and arc light 

image  datasets,  the  DenseNet-121-based  model  with  two  hidden  layers  exhibited a high 

performance, which is close to the determinant of the 1-a model with the highest performance.

As a result of the model training and optimization, the raw image, weld pool, and arc length 

datasets produced a higher performance than the weld pool image dataset using only one object. 

In other words, the weld pool and welding arc played major roles in predicting the penetration 

using the welding images. The raw image, weld pool, and arc-light datasets produced some 

differences in the performance depending on the CNN architecture. In the two-layer case, the 

ResNet-50- and DenseNet-121-based models outperformed the EfficientNet-B4-based model, 

whereas in the three-layer case, the other models performed similarly, except for the ResNet-50-

based model, which had the highest performance.

Generally, the performance differences were insignificant, except for Models 3-b and 4-a, 

which had relatively higher performances, and Models 2-c, 3-c, and 5-c, which had significantly 

lower performances. The number of hidden layers and the resulting increase in the nodes of 

FCLs did not significantly affect the prediction performance of the model. However, the numbers 

of hidden layers and nodes affected the performance of the CNN architecture. The performance

of the ResNet-50-based model increased when using three hidden layers rather than when using

two hidden layers, whereas the performance of the DesNet-121-based model decreased in the 

three-layer case. As shown in Fig. 7(a), the DenseNet-121 architecture required fewer parameters 

than  the  ResNet-50  architecture.  In  the  two-layer  case,  the  DenseNet-121-based  model  was 

considered  to  have a  higher training  efficiency  than  the  ResNet-50-based  model when  the 
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learning is done on the weld pool and arc-length image dataset with fewer effective pixels than 

when it is done on the raw image dataset. Conversely, in the three-layer case, it was estimated 

that the performance of the ResNet-50-based model was relatively higher owing to the increase 

in the nonlinearity  caused  by  the large number  of  parameters.  However,  because  the 

segmentation process was essential for inputting the weld pool and arc light images, it can be 

concluded that a ResNet-50-based model, including FCLs with three hidden layers, using raw 

image as input produced a higher efficiency in terms of the computation time for in-process 

prediction modeling. 

Fig. 9 Cumulative frequency of the error between the actual and predicted penetration depths on 

the test dataset: (a) Cumulative frequency of the errors in the two-layer case, and (b) Cumulative 

frequency of the errors in the three-layer case.
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Table 9 Cases of determinant calculations according to the priority of performance metrics
Normalization Priority factors
Min Max Variables Sign Case 1 Case 2 Case 3 Case 4 Case 5 Case 6

M 0.1 0 K1 - 0.4 0.4 0.2 0.3 0.2 0.3
c 0.8 0 K2 + 0.2 0.3 0.4 0.4 0.3 0.2
f 0.3 0 K3 - 0.3 0.2 0.3 0.2 0.4 0.4
R 1.0 0.99 K4 + 0.1 0.1 0.1 0.1 0.1 0.1

6. Conclusions

In this study, a deep learning approach and weld pool image-based prediction method that can 

effectively predict the penetration depth were developed for the in-process quality estimation of 

automatic  welding.  Three  factors  were  considered  for model optimization:  the  input  image, 

feature extraction characteristics, and FCL structure. An optimization process for these factors 

was established and performed, and through this process, the most optimized welding image-

based penetration prediction model was established.

The input image of the prediction model, that is, the topside weld pool image, includes various 

objects in the image; thus, the input image could be optimized by analyzing the effect of each 

object on the penetration prediction. The topside weld pool images were reconstructed into four 

image datasets based on the objects. The configured datasets included raw, weld pool, arc light, 

weld pool, and arc light images. The datasets were constructed using a previously proposed 

semantic segmentation method to extract the weld pool and arc light objects from the raw image.

Feature extraction characteristics for the penetration prediction using weld pool images were 

analyzed and compared using CNN architectures such as VGG-16, ResNet-50, DenseNet-121,

and EfficientNet-B4architectures, which were mainly used for object detection and classification. 

The  CNN  architecture was constructed  using FCLs. The FCLs  outputted a  quantitative  and 

continuous  penetration  depth  from  feature  vectors,  where  the  input  image was transformed 

through the convolutional layers of the CNN architecture. The quantitative penetration depth 

output was strongly influenced by the FCL structure.
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In this study, a model built by including these three factors was optimized. To optimize the 

FCLs, the network structure, in terms of the depth of the hidden layer and the number of nodes in 

each  hidden  layer, was  optimized  to  a  structure  suitable  for  the  input  image  and  CNN 

architecture  through  hyperparameter  tuning  using the Bayesian  optimization  algorithm. The 

prediction models optimized for the image datasets and CNN architectures were compared and 

evaluated through a quantitative comparison of the performance metrics for the test dataset.

In terms of the input image, the raw image, weld pool, and arc light image datasets showed 

relatively low MAEs compared with the weld pool image and arc light image datasets. It is 

difficult to accurately predict the penetration depth using only one object. In particular, the 

prediction accuracy of an arc light object, in which the difference in the image characteristics 

depending on the welding conditions was not large, was extremely low.

Owing to the hyperparameter tuning of the FCL structure, the number of weighting parameters 

of the optimized structure was relatively low for the weld pool image dataset. As the number of 

effective pixels in the image was relatively small, it was concluded that the number of required 

weight parameters was relatively small. 

In the optimization of the CNN architecture, the ResNet-50- and DenseNet-121-based models 

performed well on raw, weld pool, and arc light image datasets, and the EfficientNet-based 

models showed a relatively high performance on the weld pool image datasets. The parameters 

of the optimized FCLs for the weld pool image dataset were relatively few compared with those 

for the other image datasets, indicating the characteristics of the EfficientNet architecture with a 

relatively high performance when few weight parameters were used.

To evaluate the performance of the optimized model, four performance metrics were used:

MAE, R2, c0.05, and f0.15. However, it is difficult to evaluate the performance of an optimized 

model simply by comparing each performance metric individually. Therefore, an equation for a 

determinant that can evaluate the performance  considering all the metrics was devised, and 
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through the determinant, the performance of all the prediction models was compared and verified 

as a collective and quantitative metric. Six cases were set according to the priority of each metric, 

and for each case, the determinant of the model was normalized between 0 and 1 for relative 

comparison.

In  all the  cases,  the  ResNet-50-based  model  with FCLs,  including  three  hidden  layers, 

exhibited the highest performance on the raw image dataset. The ResNet-50-based model with an 

MAE  of  0.0516  mm  and f0.15 of  0.042 showed the  lowest performance among  all the 

optimization cases. c0.05 of the model was 0.571, which was relatively lower than that of the 

EfficientNet-B4  architecture model trained on the weld  pool  and  arc  light  image datasets. 

However, the EfficientNet-B4 model had an average determinant of 0.354 for all cases because 

of the very high f0.15 values of 0.143 and 0.286 for the two- and three-layer cases, respectively. 

This was approximately 43% lower than the average determinant of the ResNet-50-based model. 

The model with the second-best performance was the DenseNet-121-based model with FCLs,

which included two hidden layers.

After  the  prediction  model was  optimized, the  ResNet-50-based  model  with three  hidden 

layers trained on the raw image dataset and the DenseNet-121-based model with two hidden 

layers trained on the weld pool and arc-light image datasets showed the highest performance.

The determinants of each model were 1 and 0.95, respectively, and c0.05 values on the test dataset 

were 0.571 and 0.529, respectively, meaning that the ratio of errors with a magnitude less than 

0.05 mm exceeded half. In addition, the f0.15 values were 0.0429 and 0.0286, respectively, and 

the  ratios  of  high  errors  that had  the  greatest  effect  on  prediction  accuracy  was  very  low. 

However, the DenseNet-121-based model with two hidden layers trained on the weld pool and 

arc light image dataset also required a segmentation process to extract the weld pool and arc light 

object, requiring additional  computation time to predict  the penetration depth.  Therefore, to 

develop an in-process prediction method, an end-to-end model based on the ResNet-50-based 

model  with  FCLs, including  three  hidden  layers, can  be  considered  the highest-performing 
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prediction model, which does not require preprocessing steps, such as segmentation.

This study provides an efficient method for in-process weld-quality estimation with a high 

accuracy  by  optimizing  the  input  weld  pool  image,  CNN  architecture, and  FCL  structure. 

Through these proposed methods, weld penetration can be accurately and efficiently predicted 

using only the weld pool image. In addition, an accurate prediction of the penetration depth can 

be applied to real-time weld quality control to ensure a sound weld back bead. We also believe 

that  the  penetration  depth can be  automatically  controlled  based  on  real-time  quantitative 

feedback.
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