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ABSTRACT

This study presents a comprehensive approach for crack depth estimation utilizing advanced
image analysis techniques and a Convolutional Neural Network (CNN) model. The aim is to
enhance accuracy and reliability in predicting crack depths, particularly for sub-millimeter
cracks. The research addresses challenges arising from noise in images by employing a pre-
processing technique and augmentation methods. The proposed method's effectiveness is
showcased through its application to experimental crack data from diverse specimens. The
outcomes exhibit a Mean Relative Error (MRE) of around 6%, indicating a high level of precision.
These results affirm the potential of the methodology for real-world industrial applications.
Additionally, the study explores the integration of eddy current image processing with CNN for
Non-Destructive Evaluation (NDE) problems, offering a new approach for tiny surface-crack
detection and characterization.
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1. INTRODUCTION

In the aeronautical industry and other sectors that utilize laminated metal fuselage structures,
there is a constant concern about the potential damage caused by minor cracks arising under
challenging working conditions. To ensure aviation safety, early detection of such cracks in aircraft
fuselages is critical. Similarly, in various industrial sectors, the detection and measurement of
damages in metal parts during manufacturing, operation, and equipment maintenance are of utmost
importance. In the past, cracks were manually detected by experts who examined the defective
component visually and utilized specific tools to identify any deficiency in the components.
However, this method was ineffective due to labor extensive and prone to human error [1].
Researchers now mainly focus on automatic methods, which utilize technologies to identify
defects. Eddy current (EC) Non-Destructive Testing/Estimation (NDT/E) has emerged as a widely
applied method [2-5] for this purpose due to its high sensitivity, mobility, and capability to detect
defects on and below the surface without requiring complex surface preparation [6, 7].

Eddy current NDT/E has numerous advantages, making it versatile for qualitative and
guantitative assessment of defects in metal structures. It finds applications in different areas,
including evaluating surface corrosion in gas pipelines, inspecting aerospace structures,
maintaining steel plates in construction projects, and examining steel pipes used in various fields
[8-14].

Over time, researchers have made significant efforts to detect cracks in massive metal structures
using different methods. Some studies have reported positive outcomes in this area. For instance,
one study enhanced the reliability of eddy current testing by using a split-D reflection differential
probe, effectively working with surface roughness and measurement frequency noise [15]. Another
approach proposed a method to determine the length and depth of cracks in conductive metal plates
by analyzing changes in magnetic density at measuring points and utilizing finite element method
(FEM) modeling for depth estimation [16]. Additionally, a technique using traditional eddy current
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(TEC) and pulse eddy current (PEC) simultaneously was introduced to estimate multiple crack
chains in metal specimens [17].

Incorporating machine learning techniques has further improved crack inspection and
evaluation in metal parts [18-21]. Previous works primarily focus on feature selection and feature
extraction to improve estimation performance, in both the time domain and frequency domain [22—
25]. Statistical approaches have been used to select optimal data and features from eddy current
datasets affected by noise. Traditional image-based feature extraction techniques have been
applied for crack angular detection, and a combination of wavelet transform and Multilayer
Perceptron (MLP) network has been used to estimate crack depth with reduced error rates.

While research has focused on millimeter-sized cracks [11, 12, 15, 17, 19, 20], there is a lack
of studies addressing crack depths smaller than 1 mm. Our previous works [13, 14] examined a
problem of crack depth estimation in the range of 200 to 800 pm through processing S-scan EC
signals. The results achieved mean relative errors of approximately 10% by applying various noise
elimination techniques and carefully choosing manually extracted features. These features were
subsequently utilized to train either a simple polynomial forward model or a MLP for the purpose
of prediction.

With the same problem, this paper presents a comprehensive approach to crack depth
estimation. Instead of manually calculating hand-crafted features for training prediction models as
in previous studies, we proposed a Convolutional Neural Network (CNN) to automatically
extracted features from experimental images obtained from impedance maps acquired by EC
sensors. To enhance accuracy, a pre-processing procedure is employed to minimize the influence
of noise in input images for the crack depth estimation problem. Data augmentation techniques for
images are also applied with the aim of enhancing and diversifying small datasets, as well as
improving the performance and generalization ability of machine learning models. The following
sections provide a comprehensive breakdown of the proposed method in section 2, present the
outcomes and subsequent discussions of the proposed method in section 3, and conclude with final
remarks and future prospects in section 4.

2. PROPOSED METHOD

2.1. Data description

In this study, we evaluated our proposed method using the dataset examined in [13]. The dataset
consists of C-scan eddy current images, where each pixel/point represents a complex value of the
sensor at a corresponding position on the surface of various massive specimens. To collect the
data, two EC sensors were utilized: an absolute sensor operating at a frequency of 500 kHz and a
differential sensor operating at 400 kHz (figure 1).

Apsolute sensor Differential sensor
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Figure 1. lllustration of data acquisition for the problem of crack depth (d) estimation, using two
kinds of EC sensor.

The dataset comprises a total of 8 specimens subjected to mechanical fatigue to generate the
necessary data. These specimens were evenly divided into two groups based on the type of force
stimulation applied, resulting in the difference in shape of the cracks (figure 2).
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Figure 2. Two groups of specimens with different types of force applied: (a) group one and
(b) group two.

The first group includes four specimens labeled as M11, M12, M13, and M14, while the second
group consists of specimens M21, M22, M23, and M24. Each specimen in both groups underwent
three cycles of impact force, resulting in typical crack depths of 200, 400, and 800 um after each
cycle. After each cycle, the EC measurements were conducted to obtain two C-scan images,
representing the real and imaginary parts of the sensor’s impedance. As a result, each group
contains a total of 12 samples (four for each crack depth: 200 um, 400 pm, and 800 pm).

2.2. Data preprocessing

In order to leverage the capabilities of CNN architecture for extracting features from image
data, we decided to use the entire C-Scan image as input instead of manually extracting specific
features to construct the model. As a result, we proposed a preprocessing method for the module
image of the sensor. The complete process of preparing the module images is implemented

as follows.
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Figure 3. Preprocess module images - (1): original module image, (2): remove edge noise,
(3): remove high-frequency noise, (4) flatten points around background pixel,
(5) subtract everything to background pixel and take the absolute, (6): crop or padding to
the size of (40, 40).

The real part and the imaginary part of the C-Scan from the PEC sensor were initially used to
calculate the module, as we considered it contains essential information for estimating the crack
depth, as demonstrated in [13]. During this stage, we observed that some values of the module
images exceeded 255, the maximum value for a pixel in an RGB image. To address this,
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we subtracted a value of 60 from all images in the dataset to ensure the module images could be
preserved in the storage for training the model.

Next, we applied noise reduction methods to mitigate the impact of noise in the images on crack
depth estimation. Two types of denoising techniques were utilized at this stage. The first technique,
as adopted in [13], involved cutting out some rows and columns from the image outline to
eliminate the effects of edge noises (figure 3. step (1) to step (2)). After removing edge noise, we
implemented the second technique to eliminate high-frequency and background noises from the
module image to smooth out the module images. The 2D Fourier transform was used to filter out
high-frequency noises in the module images [26] (figure 3. Step (2) to step (3)). Regarding the
background noises, we determined the frequency of appearance for each pixel in the module image.
The pixel with the highest frequency was selected as the “background pixel”, and all pixels within
a range of £7 around the background pixel were flattened to the ground pixel value. To comply
with the CNN model’s requirement of the same input size for all images, we resized all module
images to a standardized size of (40, 40) by either cropping or padding them as necessary.
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Figure 4. Examples of image augmentation techniques used in training procedure.

In NDE, data acquisition procedures can be complex, leading to limited data availability.
Consequently, we adopted image augmentation techniques to increase the amount of training data
for the CNN maodel, thus preventing overfitting and enhancing generalization. As we considered
the pixel values in the module images to be the most significant feature related to crack depth, we
applied augmentation methods that do not alter pixel values, such as random rotation and random
shift. For random rotation, we set the rotation range to 45 degrees, considering that we also use
horizontal and vertical flips. To account for the small size of the original images, we opted for a
25% range for random zoom and random shift. This choice ensures that most of the crack remains
visible within the image frame. Figure 4 illustrates some examples of the images generated using
these image augmentation techniques.
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2.3. Models

CNN has emerged as a revolutionary network architecture, reshaping the landscape of Machine
Learning in the field of Computer Vision in recent years. Specifically designed for image-based
tasks, CNNs employ the mathematical operation of "convolution™ to replace conventional matrix
multiplication. This technique utilizes learnable filters known as kernels, which efficiently capture
crucial information from images. By leveraging shared-weight matrices, CNNs self-adapt and
extract essential features from the data, making them highly effective in various tasks. Typically,
these kernels are of small size (e.g., 3x3, 5x5), reducing model complexity and facilitating the
stacking of additional layers for enhanced learning capabilities. In essence, the CNN component
serves as a powerful feature extractor, outperforming traditional machine learning methods that
often rely on manually crafted features. This characteristic highlights the superiority of CNNs in
tackling complex computer vision challenges.

Our model comprises two main parts. The base section consists of a fundamental CNN
architecture, featuring four convolution blocks in a sequential order: Convolution,
ReL U activation (to increase the training speed and reduce the phenomenon of vanishing gradient),
and MaxPooling (figure 5). Each block is responsible for extracting critical features from the
preprocessed images. The second part of our model constitutes a fully connected neural network
with two layers. The entire model architecture is depicted in figure 5, showcasing the synergy of
the base CNN and the fully connected neural network, which culminate in an effective and accurate
approach for crack detection and depth estimation.

Data 1 H
Input i Convolution L o0 e Convolution
images ntation block /, block /,

Convolutional
Activation
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Figure 5. Data flow of the network and the architecture of CNN model.

We trained this base CNN separately on two types of cracked specimens. To optimize the
model’s performance, we employed a random search to tune the hyperparameters of the network
within specific search boundaries. The hyperparameters include the number of convolution blocks
(ranging from 2 to 5), the number of kernels in each layer (selected from [64, 128, 256]), the
number of nodes in the dense layer (chosen from [64, 128]), and the learning rate of the Adam
optimizer (ranging from 1e-5 to 1e-3). Our final model has (64, 128, 256, 256) kernels of size
(3x3) for each convolution block, while the fully connected network has 256 nodes for the first
layer and one node for the second layer, responsible for outputting the crack’s depth value in the
given image.

In our model’s training process, K-fold cross-validation is implemented to ensure the
robustness of the proposed method due to the limited availability of data. K-fold cross-validation
offers several notable advantages in this context. It minimizes the dependence on a single train test
split, thereby reducing the likelihood of results being skewed by a specific random split of data.
Additionally, it provides a more comprehensive assessment of the model’s generalization
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capability, as it evaluates performance across various data permutations. By systematically rotating
through the folds, the method ensures that each data point is eventually used for both training and
validation, maximizing the utilization of the available information. These advantages collectively
enhance the dependability and credibility of the network’s outcomes in addressing challenges
associated with limited datasets. By using K-fold cross validation, the dataset is divided into four
folds for each type of fatigue, determined by the number of samples in each category. For every
fold, a new model with the same architecture is trained using data from the remaining three folds,
and then evaluated on the specific fold in question. The training procedure iterates through all
folds, and the overall performance is computed as the average across all folds.

The development of our model's code was carried out using the Keras library [27] in the Python
programming language. The pre-processing procedures, on the other hand, were undertaken using
the Numpy [28] and Scipy [29] packages.

3. RESULTS AND DISCUSSION

We evaluate our methods using the following metrics: Mean Square Error (MSE), Relative
Error (RE) and Mean Relative Error (MRE). Let p, and p; are the estimation results and actual
values of the crack depth of sample i (i=1, 2, ..., N) where N is the number of samples, the used
evaluation metrics are calculated as equations (1-3):

e Mean Square Error:

18,
MSE:_Z(pi - pi)2 (1)
N =
e Relative Error:
RE, =‘u *100% )
P

e Mean Relative Error:
N
MRE = %Z RE, (3)
i=1

Our CNN model was trained separately for each type of crack data. The results, encompassing
predicted values for individual samples, as well as their corresponding Relative Error, Mean
Square Error, and the Mean Relative Error for each cross validation fold, have been tabulated
below. Table 1 reports the results for the first type of data (samples M11, M12, M13, and M14),
while table 2 presents the results for the second type of data (samples M21, M22, M23, and M24).

The MSE values of the CNN model over 4 testing folds exhibit a range from 165.64 to 2494
for the two models trained with distinct crack type data.

Concerning the first crack type data, most samples display predictions featuring low Relative
Error values, predominantly under 10%. A couple of exceptions exist, notably involving instances
of smaller crack depth, such as sample M13 (with RE values of 10.58% and 13.87%) and the
minutest crack within sample M14 (12.86%). Nevertheless, the MRE values across all four cross-
validation folds stand at 5.22%, 3.48%, 10.09%, and 7.37%, respectively. These MRE values are
deemed acceptable within the context of industrial applications.

The second crack type data similarly yields promising outcomes, with only two instances
exhibiting RE values exceeding 10% (sample M21 with a crack depth of 400 um at 10.17% RE,
and sample M24 with a crack depth of 400 um at 20.94% RE). Importantly, all MRE values across
the four folds within this crack type's results remain below 10%.
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Table 1. Result of CNN model on first crack type data.

Fold | Real values (um) | Predicted values (um) MSE RE (%) | MRE (%)
200 183.05 8.47
Fold 1
(M11) 400 370.57 385.04 7.36 5.22
750 748.67 0.18
Fold 2 150 155.28 3.52
(M12) 350 369.52 165.64 5.58 3.48
700 709.38 1.34 6.5
Fold 3 200 178.84 10.58
(M13) 350 301.46 149151 | 13.87 | 10.09
700 740.87 5.84
Fold 4 150 130.71 12.86
(M14) 300 285.02 494.42 4.99 7.37
700 670.22 4.25

Furthermore, it's worth noting that the MRE values for both crack types, encompassing all four
folds, hover around 6%, indicative of the consistency and reliability of the model's predictions.
Especially, for cracks with a standard depth of 800 um, the MRE calculated on both samples set
is approximately 2.77%. The empirical findings from our testing affirm the efficacy of our method,
even for cracks with diminutive depths. This robust performance underscores the considerable
potential for practical application within industrial settings.

Table 2. Result of CNN model on second crack type data.

Fold | Original values (um) | Predicted values (um) | MSE | RE (%) | MRE (%)
Fold 1 200 183.23 8.38
v 400 359.34 1010.68 | 10.17 | 7.35
(M21)
950 916.87 3.49
200 204.64 2.32
Fold 2
(M22) 400 426.34 242.20 6.58 3.09
900 896.64 0.37 6.12
Fold 3 200 196.19 1.91 '
v 400 375.60 1089.09 6.10 431
(M23)
1050 998.45 491
200 187.09 6.46
Fold 4
400 316.24 2494.36 20.94 | 9.74
(M24)
950 932.66 1.82

4. CONCLUSIONS

This study has presented a comprehensive framework for crack depth estimation using
advanced image analysis techniques and a CNN model. By effectively addressing the challenges
posed by noise in the images, our proposed approach demonstrates its robustness in crack depth
prediction across various crack types, including instances with small depths. Our method yielded
a remarkably low mean relative error of approximately 6% across the four testing folds for both
crack data types. The achieved results showcase a high level of accuracy and reliability,
highlighting the potential of our methodology for real-world industrial applications.

The overall results demonstrate that techniques from the Computer Vision field can be applied to
NDE and yield improved outcomes. In future studies, we intend to expand our focus beyond mere
crack depth estimation. Our research endeavors will encompass the comprehensive detection of not
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only crack depth but also its spatial position and geometric attributes. To facilitate this, we will curate
purpose-specific datasets and leverage the strengths of advanced computer vision techniques.
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TOM TAT

U'éc lwong dd sau vét nirt voi mang no ron tich chip va phan tich hinh anh
st dung dir li€éu dong di€n xoay

Nghién ciru nay trinh bay mot phwong phép woc lwong d sdu vét mirt, bang cach két hop
cac ky thudt phan tich hinh anh va mé hinh Mang No-ron Tich chdp (CNN). Muc tiéu cua
nghién cuu la cdi thién do chinh xac va mirc do tin cdy trong viéc du doan do sau cac vét nirt
nhé, déc biét doi véi cdc vét it c6 dé sdu dudi 1 milimet. Nghién cieu da s dung loat cac ky
thudt tién xir Iy va tang cuong dir lieu nham giam dnh hwong ciia nhieNu trong dit liéu do.
Phirong phap dé xudt da duwoc thir nghiém va danh gid trén div liéu thuc té. Két qud cho thay,
sai s6 twong doi (Mean Relative Error - MRE) dat khodng 6%, thé hién tinh hiéu qua va tiém
néng vmg dung 1ot ciia phiong phdp dé xudt trong thue té cong nghiép. Thém nita, viéc dp
dung ky thudt xit Iy hinh anh, két hop siv dung mang no ron tich chdp cho bai toan Danh gid
Khong Pha Hiy (NDE), mo ra mgt cach tiép cdn mdi cho bai todn phdt hién va ddc tinh hoa
cdc vét nitt cuee nho trén bé mdt, sir dung phwong phdp dong dién xody truyén thong.

Tiwr khoa: Panh gia khong pha hiy; K¥ thuat dong dién xody; Mang no ron tich chap; Tang cuong dir liéu.
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