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A Study on Real-Time Weld Image Segmentation Based on
Transfer Learning for Detecting Abnormalities in Weld Bead Width
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Abstract This paper discusses the application of a transfer learning-based deep learning segmentation
model for welding bead image analysis. Traditional image processing methods are vulnerable to noise,
such as soot and spatter, and irregular light distribution during welding. This study presents a method
that overcomes these issues using a ResNet34 backbone through transfer learning, achieving superior
performance even with limited data, particularly in industrial environments with scarce data. This study
developed six custom UNet architectures using ResNet34, ResNet50, VGG16, VGG19, EfficientNet_BO,
and EfficientNet_B3 as backbones to evaluate the segmentation performance of each model. The
experimental results showed that the UNet + ResNet34 model recorded the lowest average loss value
(0.023) and the highest Dice coefficient (0.956), demonstrating superior segmentation performance
compared to the other models. This indicates that accurate detection of bead areas in images with
unclear welding bead boundaries is possible, even under complex conditions, proving its practical
applicability in real industrial settings. The research also involved collecting and releasing a dataset of
welding bead images from industrial sites, which were used to evaluate the transfer learning-based
segmentation model. This validated the practicality and applicability of the model and significantly
enhanced the accuracy and efficiency of welding bead inspections through the development of
optimization methods. This study presents new possibilities for solving complex problems in industrial
settings through the effective integration of deep learning technology and transfer learning, expecting
to make significant contributions to future research and technology development.
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Fig. 1. Various defect shapes encountered during the

185

inspection of weld bead quality
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Fig. 2. A segmentation mask result using traditional
image processing techniques for a clean weld
bead
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Fig. 3. An example of segmentation mask errors
using traditional image processing on weld
bead with heavy soot
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C(Convolution), B(BatchNormalization), R(ReLU)

C+B(Convolution + BatchNormalization), C+R(Convolution + RelLU)
C+B+R(Convolution + BatchNormalization + RelLU)
C+B+B+R(Convolution +BatchNormalization +BatchNormalization + ReLU)

Fig. 4. The custom UNet architecture with a ResNet34 backbone proposed in this paper for weld bead
segmentation
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Table 2. Dataset split

Dataset number of images ratio(%)
train dataset 836 60
validation dataset 279 20
test dataset 279 20
total 1,394 100

Table 3. Test UNet-based transfer learning model
(The batch size for all models was set to 8,
with the Adam optimizer and cross-entropy
loss function being used)

Average Best
Model Learning tra.in %nd model
(UNet + backbone) rate :?rl;iat;z;l file size
1-epoch(sec) (Mbyre)
UNet + VGG16 1.91E-04 28 352
UNet + VGG19 1.48E-04 29 414
UNet + ResNet34 5.25E-05 9 483
UNet + ResNet50 2.51E-05 32 3,974
UNet + EffiNet_bO 3.63E-05 111 1,163
UNet + EffiNet_b4 5.25E-05 369 2,392
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Table 4. Overview of the inference outcomes for
the best models evaluated on the test
dataset(279 images)

Model Dice Pixel F2
(UNet + backbone) | coefficient | accuracy Score
UNet + VGG16 0.969 0.986 0.961
UNet + VGG19 0.967 0.985 0.957
UNet + ResNet34 0.981 0.992 0.973
UNet + ResNet50 0.976 0.990 0.963
UNet + EffiNet_b0 0.964 0.984 0.953
UNet + EffiNet_b4 0.964 0.984 0.954

Table 5. Analysis of real-time inference efficiency
among the best models tested on the test
dataset(279 images)

Model Computation | frame weight file

(UNet + backbone) time(ms) per sec. | size(Mbyte)
UNet + VGG16 23.80 42.02 352
UNet + VGG19 23.58 42.40 414
UNet + ResNet34 16.99 58.86 483
UNet + ResNet50 29.71 33.66 3,974
UNet + EffiNet_b0 65.05 15.37 1,163
UNet + EffiNet_b4 110.75 9.03 2,392
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