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Abstract—A deep neural network is expected to be a useful tool to improve the accuracy of defect
detection in Non-Destructive Testing (NDT). In this article, a deep neural network-based technique
to improve the defect detection accuracy of an advanced NDT using imaging the distribution of time-
varying magnetic f lux density (hereinafter, magnetic image) was investigated. Although deep neural
networks require training on large amounts of data to achieve high performance, it is not easy to obtain
large amounts of useful training data from many magnetic image-based NDT sites. So, we explored a
way to improve the defect detection accuracy even with a limited amount of training data by mapping
the widely scattered defect information into a specific region.@In this article, a deep neural network
for magnetic image-based NDT was trained using transformed images in which the alternating current
(AC) components of the magnetic image signal were preserved and the direct current (DC) offset val-
ues were matched to a single reference value. Here, the defect information is mainly contained in the
AC components. Experiments demonstrated that the deep neural network trained using transformed
images significantly improved defect detection accuracy compared to the conventional deep neural
network trained on images without transformation.
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1. INTRODUCTION
Defect detection through non-destructive testing (NDT) in nuclear power plants is an important part

of accident prevention and safety improvement. For example, pipelines, a major component of nuclear
power plants, require periodic NDT to verify integrity as they are more likely to cause crack defects as the
years of operation increase. In general, the defect inspection process requires a lot of time and cost
because it is difficult to accurately analyze a large amount of measured data. Although advanced NDT,
such as ultrasonic testing (UT), eddy current testing (ECT), penetration testing (PT), etc., are being used,
image-based visual inspection is still widely used [1, 2].

The image-based inspection has the advantage that it can provide additional information closer to the
target. An advanced NDT capable of automatic inspection using imaging the distribution of time-varying
magnetic f lux density (hereinafter, magnetic image-based NDT) is expected as a promising technology
that can complement the shortcomings of the existing PT and magnetic particle testing (MPT) technolo-
gies, such as contamination caused by the chemical use and the risk of radiation exposure due to long mea-
surement time. Several magnetic field imaging-based NDT techniques have been studied and applied to
defect inspection in nuclear power plants, aviation, and railways [3, 4]. Several types of sensors have been
developed for magnetic field imaging-based NDT and used for NDT [5–8].

Despite advances in various NDT technologies, the human senses are still an important and irreplace-
able field. However, defect detection based on expert experience and intuition can increase errors, can be
inconsistent, biased and subjective. Since neural network-based artificial intelligence (AI), which has
recently been significantly improved its performance, is an intelligent discrimination technology similar
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to human recognition, it is expected to be a useful tool that can replace discrimination based on human
senses [9].

Machine learning (ML)-based neural networks, an old model, were used for large-volume data anal-
ysis, and applied to health diagnosis of structures using ECT [10, 11]. However, with the advent of big
data, the simple structure of the ML-based neural network has limitations in precisely interpreting com-
plex signals. The ML-based neural networks mainly performed feature-based learning due to the limita-
tions of their learning capabilities [12–15]. In particular, the ML-based neural networks lack the ability to
process natural data in its raw form.

Deep neural networks, which have recently improved significantly in learning performance, are per-
forming well in large data analysis fields and vision fields [16–19]. For example, convolutional neural net-
work (CNN), a kind of hierarchical neural network, showed excellent performance in image recognition
[20] and natural language processing [21, 22], and especially showed excellent results in object detection
and classification [23–31].

In the field of non-destructive inspection, mainly CNN-based deep neural networks have been applied
to defect detection and delamination detection [32, 33], and also used to detect surface defects in rails
[34]. It was also used to identify injurious/non-injurious defects from the magnetic f lux leakage images
[35]. Here, the neural network learned by itself from the input image rather than the feature-based learn-
ing, and the defect health determination was also performed directly from the input image [36].

The ability of the neural network to extract features by itself and accurately detect a target is a strong
motivation for finding a way to obtain high inspection performance through automatic learning of large
data in noisy non-destructive inspection. Although the introduction of deep neural networks in magnetic
image-based NDT for rapid in-situ scanning inspection is essential, it has not yet been explored.

In this article, we explored a deep neural network technique to rapidly and accurately identify defects
from continuously acquired magnetic images using a linearly integrated GMR sensors array and its scan-
ning. For precise defect detection, the neural network must be trained on all kinds of alternating current
(AC) and direct current (DC) components representing all defects/intact in magnetic images. However,
it may not be easy to acquire a large amount of data that contains all defects/intact information. There-
fore, in this article, a neural network with accurate defect detection performance was implemented using
a limited training dataset rather than a large amount. In order for the neural network to effectively accom-
modate widely varying signal amplitudes, we created a limited training dataset consisting of transformed
images where difference zeros are linearly mapped to single reference value. We compared the results of
surface defect detection experiments on a pipe specimen using a neural network trained with these
mapped images and a neural network trained with conventional images.

2. EXPERIMENTAL SETUP OF MAGNETIC IMAGE-BASED NDT,
AND DATA PREPROCESSING

The magnetic image-based NDT system installed in the laboratory is shown in Fig. 1a, and the layout
diagram of the defects in the carbon-steel (SA106) pipe specimen and the specifications of the surface
defects are shown in Figs. 1b and 1c, respectively. Here, the unit is mm, “∅” is the diameter, “L” is the
length, “w” is the width, and “d” is the depth. One-dimensional (1D) magnetic signal is acquired using
a linearly integrated 23 Giant Magneto-resistive (GMR) sensors (hereinafter, LIGiS) on the induced cur-
rent of 30 kHz. At each scanning step, each 1D magnetic signal is sequentially acquired and accumulated
by automatically scanning the test probe containing the LIGiS at a speed of 60 mm/s. Here, the spatial
resolution of the magnetic signal is 0.1 mm × 1.2 mm in the circumferential and axial directions, respec-
tively.

The two-dimensional (2D) magnetic signal obtained while rotating the pipe 360 deg is shown in
Fig. 2a, and the differential magnetic signal after pre-processing for noise removal in Fig. 2a is shown in
Fig. 2b. As shown in Fig. 2, 10 201 points (array size X × Y: 10 201 × 23) were measured for one 360 deg
measurement of a pipe with a circumference of about 1.020 mm. As shown in Fig. 2b, the differential mag-
netic signal shows observable defect information for circular defects (a', b', c', d') and vertical defects (e', f).
However, it can be seen that the 7th and 8th defects (g', h'), which are defects inclined at 45 deg left and
right, have weak signals that are difficult to observe. As shown in Fig. 2a, the signal contains strong low-
frequency noise caused by environmental f luctuations such as f luctuations in the measurement conditions
and fluctuations in the surface roughness of the specimen at each inspection location, so the noise must
be reduced through pre-processing. Since the deep neural network extracts and recognizes defect infor-
mation from the signal by itself, it is necessary to perform neural network training while maintaining the
defect information contained in the signal as much as possible. For this purpose, a concise preprocessing
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for noise removal was adopted. First, low-frequency noise components with large variability were
removed by using the widely used differential data processing. Then, the high-frequency noise compo-
nents were reduced by using a wavelet noise removal filter (db10, level-4).

In this study, a digital signal for creating a magnetic image for neural network training is generated by
extracting signal data while moving the window (f#, size 256 × 23) in the X-axis direction from the pre-
processed differential magnetic signal (size 10200 × 23). Here, the dotted rectangle f1 indicates a window
for extracting a magnetic signal corresponding to the 1st training magnetic image, and f1600 indicates a
window for extracting a magnetic signal corresponding to the 1600th training magnetic image.

3. TRAINING OF DEEP NEURAL NETWORKS FOR MAGNETIC IMAGE-BASED NDT
In this article, as shown in Fig. 3, a magnetic image-based NDT was implemented using a CNN-based

deep neural network, specifically the deep residual learning model. The model showed excellent learning

Fig. 1. Experimental setup of magnetic image-based NDT to inspect defects: (a) experimental setup of magnetic image-
based NDT; (b) Specimen; (c) Specification of detects.
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performance in image classification [19]. Here, when an “Intact image” is input to the neural network
input channel, the neural network’s output learns so that the “Intact” output value becomes 1.0 and the
“Defect” output value becomes 0.0. When a “defect image” is input to the input channel, the neural net-
work is trained in such a way that the “Intact” output value becomes 0.0 and the “Defect” output value
becomes 1.0. Here, the sum of the “Intact” output value and the “Defect” output value is always 1.0.
Using input data selected in random order, the deep neural network was trained with batch size 100,
epoch 50 or 20.

An example of training images extracted from the differential magnetic signal that have been pre-pro-
cessed for noise removal is shown in Fig. 4. In order to increase the usability of 2D spatial information in
the process of recognizing defect information in a ResNet50 neural network, an image composed of
256 × 46 pixels magnified by 2 times the Y-axis of the data composed of 256 × 23 pixels was used as the
neural network training image. Here, image magnification was performed using the cubic B-spline inter-
polation. A few intact images are shown in Fig. 4a, and the defect images are shown in Fig. 4b. As shown
in the defect images indicated by the dotted rectangles (g', h') at the bottom of Fig. 4b, it can be seen that
some defect images are difficult to visually distinguish. The deep neural network was trained on two types
(MM#, MX#) of data images generated by the following two methods and compared their performance.

4.1. Training of Min-Max Normalization Images (MM#)
The first training magnetic images were created using a commonly used min-max normalization based

on the minimum and maximum values of the data signal (MM#). An image was created using the equa-

Fig. 3. Training of deep neural networks for magnetic image-based NDT.
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tion (1) for the differential magnetic signal having the size of 10 200 × 23 measured one round of the spec-
imen pipe.

(1)

Here, “V” is the amplitude value of the differential magnetic f lux density signal, “P” is a pixel value
normalized to an 8-bit image, “255” is the maximum value of an 8-bit image pixel, and “max” and “min”
represent the maximum and minimum values. The “max” and “min” are the values in the full-region dif-
ferential magnetic signal. As shown in the dotted rectangle (f#) in Fig. 2b, the training image is created

from the extracted data by covering the window (size 256 × 23) including the previous data based on the
current point.

4.2. Training of Transformed Images Matched with Single DC Offset Value (MX#)
The second training images were created by matching the DC offset values to a single reference value

so that the zero value of the differential magnetic signal was linearly mapped to the midpoint of the
dynamic range of the image pixel value (MX#). In this article, the neural network was trained by inputting

the images generated using Eq. (2).

(2)

Here, “k0” is a coefficient value to adjust the amplitude for linear mapping of the differential magnetic

signal to image data, and “d0” is a DC offset setting value of the mapped image, all set by the user.

The image used in the defect inspection process is created in the same way as the image generation used
in the neural network training process. For example, the “k0” and “d0” values used in the neural network

training process must be reused to generate an input image in the defect inspection process using the
trained neural network. In this experiment, k0 = 233.36 and d0 = 127.50 were used. In the linear mapping

process from differential magnetic signal to image, pixel values that exceed the dynamic range of the image
were limited. That is, pixel value above 255 was set to 255, and value below 0 was set to 0 in an 8-bit image.

Hereinafter, a neural network trained with MM images is referred to as an MM neural network and
a neural network trained with MX images is referred to as an MX neural network. A deep neural network
is generally implemented as a more robust neural network by training more additional data increased
by data augmentation. In this article, additional training data was generated by the following data augmen-
tation on the basic training images.

 Data augmentation
Although the acquired magnetic signal is mixed with noise, the noise is still weak in a laboratory envi-

ronment. Stronger noise is added to increase the training robustness of the neural network for defect
detection and to compare in detail the defect detection performance between neural networks according
to the image generation methods. Random noise with amplitudes of 10, 20, 30, and 40% of the dynamic
range of the image pixel values is added. Then, additional training images were generated using data aug-
mentation methods such as left and right reversal, vertical reversal, intensity reversal, tilting, and masking
nine rows of random positions. The number of images generated by the data augmentation methods from
the initial 1950 training images was about 70000.

4. EXPERIMENTS

In the defect inspection process using a trained neural network for NDT, an inspection image is gen-
erated using the same equation used for training the neural network. Therefore, the MM neural network
uses Eq. (1), and the MX neural network uses Eq. (2). An inspection image acquired for each scan position
is an image generated from 1D signals obtained at 255 previous inspection points and a 1D signal acquired
at the current inspection point. The inspection image is input to a trained neural network, and defect
inspection on the input image can be performed in real time by the neural network.

Figure 5 shows examples of graphs of average intensity values of images at each inspection position of
the specimen according to the image generation methods (MM#, MX#). Here, the average value is dis-

played because it is close to the DC offset value in the differential image. Figure 6 shows the image (i) at
the position indicated by the number in parentheses in Fig. 5 and the image (i') with 20% random noise
added as a comparison pair. The intensity profiles indicated by the dotted lines in the defect images
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(MM1-(2), MM1-(2')) at the 450 mm position and the intact images at the 500 mm position (MM2-(8),

MM2-(8')) are shown in (9) and (10), respectively.

As shown in Fig. 5, the mean difference value d1 between the first measurement graph and the second

measurement graph generated by the MM method is usually higher than the mean difference value d2

obtained by the MX method. For example, in 10 measurement experiments, the standard deviation d1 was

about 6.62, and the standard deviation d2 was about 0.03. Therefore, the MM neural network, which must

also recognize all d1 variables during training, requires more training data than the MX neural network

that does not need to.

The results of detection experiments for untrained defect patterns are shown in Fig. 7. Here, (1) is a case
in which a neural network that has trained all eight defects is used, (2) is a case in which defect b' is not
trained, (3) is a case in which defect c' is not trained, and (4) is a case where defects c' and f are not trained.
In experiment (1), the training data consists of 1950 basic image data and 13 550 augmented image data
acquired by rotating the specimen once. The training data in experiments (2) to (4) is the data obtained by
excluding the defective parts that does not want to train from the training data of the experiment (1). Here,
after acquiring the training data through scanning, the test data was acquired through subsequent scanning
to maintain a similar DC offset value. No additional noise was added in the experiments.

In Fig. 7, “POS”, indicated by black bars within the circular dotted line (i'), represents the defect loca-
tions (a', b', c', d', e', f', g', h'). “AI” is the probability value that the neural network determines to be defec-
tive. For the differential magnetic signal (size 10200 × 23) measured while rotating the specimen 360 deg,
the window (size 256 × 23) for extracting a test input image was moved along the X-axis at fixed 50-step
interval. Therefore, 195 input test images were extracted for one round scanning of the specimen. Here,
as shown in (j'), it is a correct decision if about 5 to 7 consecutive defects are determined for one defect
with a probability value of 1.0 depending on the defect size in the circumferential direction.

As shown in the experimental results, it can be seen that the detection experiment (4) in which defects
c' and f' were not trained had lower overall detection accuracy compared to the experiment (1) in which
all defect patterns were trained. In particular, as shown in the dotted circle, the MM neural network (2)
partially failed to detect the untrained pattern defect b', and showed an error in recognizing that some
intact regions were defective. These errors are considered a state in which the number of defect patterns
that can be trained is so small that it is difficult to recognize untrained defect patterns by training a small
number of other defect patterns instead. Therefore, in this article, in order to compare the detailed defect
detection performance between neural networks, the neural networks were trained for all defect patterns
in experiments. Then, by adding noise to the newly measured test data, the defect detection performance
between neural networks (MM, MX) was compared according to the degree of deterioration.

In the first defect detection comparison experiment between neural networks according to the image
generation methods, the neural networks were trained by using about 25 000 training images extracted
from the magnetic signal data independently measured 13 times at different times. Here, no augmentation

Fig. 5. Comparison of f luctuations in average intensity values according to image generation methods.
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data was added. When the same specimen is independently measured at different times, each measure-
ment signal has amplitude f luctuations and signal pattern f luctuations due to slight changes in the mea-
surement location and surface condition with each scanning measurement. Here again, the test images
were also extracted at fixed 50-step interval, so 195 test images used for one round test correspond to one
test data group. For neural network training, the Adam-optimizer was used, the batch size was 100, the
epoch was 50, and randomly selected training data were used.

Fig. 6. Comparison of images according to image generation methods.
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Fig. 7. Comparison of test results for untrained defects using neural networks.
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Figure 8 shows the results of a defect inspection experiment by inputting four test data groups that were
not used as training data. Here, the average value of the intact/defective discrimination accuracy of the
MX neural network was about 99.87%, and the average accuracy of the MM neural network was about
97.68%. The test results of the MX neural network for the 3rd test data group are shown in Fig. 8a, and the
test results of the MM neural network are shown in Fig. 8b. Here, the symbols are as in Fig. 7. As shown
in Fig. 8a, the MX neural network correctly identified all 8 defects (a', b', c', d', e', f', g', h') and intact parts.
On the other hand, as shown in Fig. 8b, the MM neural network detected g' defects with slightly lower
accuracy, and barely detected h' defects with very low probability. Experimental results showed that the
MX neural network detected surface defects more accurately than the MM neural network.

In the 2D magnetic signal generated by accumulating the 1D magnetic signal acquired by scanning the
test probe, defect information is mostly included in the AC components rather than the DC components.
The MX neural network extracts defect information from AC components, and the MM neural network
extracts defect information from both AC and DC components. Obtaining large amounts of training data
that includes all AC and DC components for defects is not easy for many inspection fields. In particular,
in signals with differential data processing as the inevitable default preprocessing, most of the defect infor-
mation is contained in the AC components. Therefore, as shown in the experimental results of the MX
neural network, training the neural network by matching the DC values of the images to a single reference
value will greatly contribute to improving the accuracy and stability of the neural network’s defect
detection.

In order to confirm the defect detection performance of neural networks from the training of a limited
amount of data, we trained neural networks only on data obtained from a single test and compared their
performance. From basic training data composed of about 1950 images extracted from one circumference
measurement, the neural networks were trained using about 70000 training images generated by using the
data augmentation.

The defect inspection results using test data similar to neural network training data are shown in Fig. 9.
The neural network training data were image data extracted while moving the window at random step
intervals ranging from 3 to 7, and the test data used for defect inspection were image data extracted while
moving the window at a fixed 50 step interval. Therefore, about 20% of the data used for defect inspection
were images that have been used for training, and about 80% are similar images that have not been used
for training.

Detailed graphs of some of the results of Fig. 9 are shown in Fig. 10. The graphs show the probability
values that the neural network determines as defective at each test location when the additive noise ratio
is 15, 20, and 30%. Here, (i') is the same as the description in Fig. 8. As shown in Fig. 10, the MX neural
network and the MM neural network accurately discriminated intact and defective up to 20% of addi-

Fig. 8. Comparison of test results according to learning methods of neural networks.
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tional noise. However, in the 30% additional noise indicated by the dotted circle at the bottom of Fig. 10,
the MM neural network completely missed the h' defect, whereas the MX neural network did detect some.

The test results for another data group acquired at different times not used for neural network training
are shown in Fig. 11. In this experiment, one data group with reduced amplitude between the maximum
and minimum values compared to the neural network training data was selected. Here the reduced ampli-
tude was approximately 10.24%. Therefore, in the MM neural network, the magnitude of change in the
AC/DC components representing the defect information of the input test images is relatively small com-
pared to the magnitude of change in the AC/DC components of the images used for training. On the other
hand, in the MX neural network, the DC values are the same and only the magnitude of change in the AC
components is relatively small.

As shown in the experimental results in Fig. 11, it can be seen that the MX neural network makes overall
more accurate discrimination than the MM neural network. Therefore, in a training environment with
limited amount of data, the MX neural network which extracts defect information from the AC compo-
nents containing most of the defect information is more stable and accurate than the MM neural network
that extracts the defect information from both the DC and AC components. Of course, the greater the
amount of useful training data, the better the defect detection performance of deep neural networks.

Fig. 9. Comparison of test results of neural networks according to added noise ratios.
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An experiment was performed to confirm the change in the defect detection performance of the neural
network according to the amplitude change of AC and DC components in the same image. The defect
detection results for the images in which the AC and DC amplitudes are reduced by multiplying the input
images of Fig. 9 by constant ratio values (×0.9, ×0.8, ×0.7, ×0.6) are shown in Fig. 12. Here, “F” means
“fail” in which the defect/intact determination has failed. As can be seen from the experimental results,
the MX neural network reliably detected defects even with the amplitude variation in the AC component
up to about 30%. On the other hand, it can be seen that the defect detection performance of the MM neu-
ral network is greatly degraded even with an amplitude variation of 10%. For example, as shown in the
experimental results of Fig. 12, the MX neural network reliably detects all eight defects even with
a 20% amplitude reduction change. On the other hand, the MM neural network fails to detect two defects
(g', h') as shown in the dotted circle, and only reliably detected three defects (a', b', d') as defects.

The results of the defect detection experiment for the images obtained by multiplying the input images
of Fig. 11 by constant ratio values (×0.9, ×0.8, ×0.7, ×0.6) are shown in Fig. 13. As shown in the experi-
mental results, the MX neural network reliably detects all eights defects even with amplitude changes of

Fig. 11. Comparison of test results of neural networks according to added noise ratios.
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up to about 30% of the AC components, whereas the MM neural network could not discriminate defect
from intact even with amplitude changes of about 20%.

5. CONCLUSIONS

In this article, a technique for improving the defect detection accuracy of magnetic image-based NDT
using a deep neural network was explored. We improved the defect detection performance of the neural
network by using the transformed images that were linearly mapped with DC offset values of the images
to a single reference value. The transformed image is an image in which the AC components containing
most of the defect information are preserved.

The use of these transformed images has an advantage in that it can effectively achieve high defect
detection performance of the neural network even with not a large amount of training images in most
measurement environments where it is difficult to obtain a large amount of training images. As experi-
mental results, the deep neural network trained using the transformed images provided relatively more
accurate defect detection performance compared to the deep neural network trained using conventional
images without transformation. The deep neural network using transformed images is expected to be prac-
tical in magnetic image-based NDT.
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